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Abstract 
Type 2 diabetes mellitus (T2DM) is primarily due to a decreased response to insulin in the 

tissues of the body, which is defined as the insulin resistance (IR). Excess weight, obesity and 

morbid obesity are all risk factors for developing T2DM.  The usual characteristics of South 

Asians include low muscle mass, a high body fat percentage, abdominal obesity, insulin 

resistance, and hyperinsulinemia. Type 2 diabetes is among the most serious consequences of 

being overweight or obese. The risk factors for cardiovascular illnesses in obese people are 

insulin resistance (IR) and abnormal lipid profiles. To investigate the relationship among IR, 

obesity and lipid profile, this study was conducted on a total of 1500 Bangladeshi people at 

the time of their general health checkup in the North East Medical College Hospital. The 

Ethical Committee of North East Medical College Hospital approved this study. All the 

T2DM patients were defined according to the 1999 World Health Organization (WHO) 

criteria and randomly recruited from the outpatient department. The controls had a fasting 

plasma glucose concentration <5.1 mmol/L and HbA1C <6%, with no history of oral 

hypoglycemic or lipid lowering agents. We collected the medical history and demographic 

information of all the individuals.  Total study population was grouped according to age, 

gender, insulin, glycemic status and obesity. However, 728 patients were excluded due to 

other endocrine diseases. The remaining 772 patients were categorized as having IR > 2 and 

IR< 2 based on the homeostatic model assessment-estimated insulin resistance (HOMA-IR) 

index. Statistical analysis was used to examine and link the anthropometric and biochemical 

profiles with the IR>2 and IR<2 groups.  In comparison to the IR<2 group, the total 

cholesterol (TC), triglyceride (TG), low density lipoprotein (LDL), and serum insulin levels 

were considerably higher in all the IR>2 group. Obesity and dyslipidemia were found to be 

common IR components. According to a generalized linear model, IR was significantly 

impacted by TC:LDL and TG:HDL. In comparison to age groups I (20–40 years old) and III 

(61-80 years old), participants in the age group II (41–60 years old) showed considerably 

higher lipid profiles. These findings provide credence to the idea that lipoprotein ratios may 

serve as biomarkers for measuring IR. During this study period, novel corona virus affected 

different people in different regions worldwide. The COVID-19 patients with DM more 

likely exhibited severe inflammatory response.  In an effort to comprehend the connection 

between COVID-19 and diabetes mellitus and to assess the most affordable treatment option 

for the general population, the medical data of all suspected patients from 1 May 2020 to 15 

August 2020 in the Medical College and Hospital aforementioned were included in the study. 

A total of 250 suspected COVID-19 patients were considered for this study. Among them, 

211 patients were reviewed for laboratory data availability. Most of these patients had mild 



v 

symptoms and a good prognosis. All of the 211 patients were subjected to test for COVID-19 

confirmation by qRT-PCR. Among them, 98 patients were confirmed COVID-19 positive. 

Several blood biomarkers in T2DM and non-diabetic (NDM) COVID-19 positive patients 

were analyzed to rapidly predict COVID-19 progression and severity. In the serum of 

COVID-19 patients, substantial amounts of ferritin, C-reactive protein (CRP), D-dimer, ALT, 

and troponin I. In comparison to COVID-19 positive patients without diabetes, the COVID-

19 patients with T2DM had increased levels of HbA1C, serum ferritin, and CRP. Data in the 

present study support the notion that ferritin and HbA1c levels for DM patients, and ferritin, 

D-dimer, ALT for NDM patients could be biomarkers for progression and severity 

assessment of COVID-19. However, CRP and Troponin-I could be biomarkers only for poor 

prognosis of COVID-19. Insulin receptor is a big warehouse of diseases such as T2DM.  Any 

change or mutation in insulin receptor (INSR) may change disease pathogenesis.  

Single nucleotide polymorphisms (SNPs) may fall within coding sequences of genes (Non-

synonymous), non-coding regions of genes (synonymous), or in the intergenic regions 

between genes. Non-synonymous SNPs (nsSNPs) may have deleterious effect due to 

substitution of single amino acids in the protein sequence. The harmful nsSNPs in the INSR 

gene was analyzed based on various computational approaches. The computational analysis 

indicated that 13 of these mutations nsSNPs decreased protein stability and may have led to 

function loss. Two nsSNPs such as I448T and W1220L positions (rs1051691 and 

rs52800171, respectively) were predicted as "Highly Destabilizing”. Their inclusion in the 

INSR raises the risk of diseases caused by the INSR and altered transcriptional and cell cycle 

control. In order to search SNPs in the INSR in Bangladeshi subjects, genomic DNA were 

isolated from healthy individuals and T2DM patient for sequences analysis. Polymerase chain 

reaction was carried out with primers from different exons of the INSR. Sequence analysis 

showed that Bangladeshi diabetic patients included in the present study had two mutations in 

exon 11 of the INSR. However, no mutation was observed in the healthy individuals. The 3D 

model analysis using bioinformatics tools revealed that the both mutations in the exon 11 

may cause conformational change in the INSR. These alterations in the INSR could either 

slow or speed up the disease's course.  
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CHAPTER ONE 

Introduction 

1.1 Glucose Homeostasis 

Insulin, a hormone made up of 51 amino acids, plays a crucial function in glucose 

homeostasis. Hyperglycemia is a condition characterized by elevated glucose levels in the 

bloodstream. A healthy person’s plasma glucose level is kept between 70 and 165 mg/dl 

throughout the day by a number of physiological regulatory mechanisms. Below a certain 

level of plasma glucose, blood flow to the brain is restricted, which triggers the production of 

glucagon, adrenalin, and cortisol and raises the plasma glucose concentration. If plasma 

glucose concentration is over the optimum range, the hypothalamus acts on the cells to 

release insulin, and the normoglycemic condition is maintained by stimulating glucose 

transport, utilization and storage (de Lemos et al., 2012). Glucose is the main source of fuel 

for the cells in our body, and by facilitating glucose clearance into skeletal muscle and to a 

lesser extent in the liver and adipose tissues, insulin regulates glucose homeostasis. When 

insulin interacts to cell surface receptors, vesicles containing the glucose transporter (GLUT-

4) migrate to the plasma membrane and fuse through endocytosis, thereby facilitating the 

diffusion of glucose into the cell (Berger & Zdzieblo, 2020). High levels of glucose in the 

blood (hyperglycemia) due to hormonal and metabolic disorders cause many complications. 

Type 1 diabetes mellitus is caused by insufficient or non-existent production of insulin. Type 

2 diabetes is primarily due to a decreased response to insulin in the tissues of the body 

(Czech, 2017). Tyrosine kinase receptors, such as the insulin receptor (INSR), function by 

adding a phosphate group to specific tyrosine on specific proteins inside of a cell. A protein 

known as for insulin receptor substrate 1 (IRS-1) is one of the substrate proteins that the 

insulin receptor phosphorylates. Because of IRS-1 binding and phosphorylation, which 

results in an increase in high affinity glucose transporter type 4 (GLUT-4) molecules on the 

outer membrane of insulin-responsive tissues including muscle cells and adipose tissue, the 

absorption of glucose from the blood into these tissues rises. In other words, the GLUT-4 is 

transferred from the cell surface to the cellular vesicles, where it can enhance glucose 

transport into the cell (Fig.1.1).   
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Figure 1.1: Mechanism of glucose-stimulated insulin secretion.  Insulin binds to its 

receptor (1) starts numerous protein activation cascades (2), and cause translocation of 

GLUT-4 transporter to the plasma membrane for influx of glucose (3), glycogen synthesis 

(4), glycolysis (5) and fatty acid synthesis (6). The figure was adopted from Meiquer, (2006).  

1.2 Diabetes 

 

Hyperglycemia developed by hormonal and metabolic disorders cause many complications. 

Diabetes mellitus (DM) is one of the important complications generated by hyperglycemia. 

The terminology “Diabetes mellitus” refers to a group of metabolic diseases that are carried 

on by deficiencies in insulin production, activity, or both. Long-lasting high blood sugar 

levels and abnormalities in protein, fat, and carbohydrate metabolism due to deficiencies in 

insulin action, secretion, or both are characteristics of DM. The World Health Organization 

(WHO) published the first global report on diabetes in April 2016. To highlight the state of 

diabetes prevention and control in each WHO Member State, WHO created a series of 

diabetes country profiles to go along with this report shown in Table 1.1 (WHO, 2016). DM 

is a complicated disorder caused by a combination of lifestyle variables like excessive weight 

and lack of physical activity as well as genetic abnormalities including monogenic and 

polygenic mutations. Type 2 DM (T2DM) is brought on by relative insulin insufficiency or 

diminished biological effects of insulin. About 90–95% of all diabetic disorders worldwide 

are caused by non-insulin- 
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dependent diabetes mellitus (NIDDM), often known as type 2 diabetes. It is also among the 

most common kinds of diabetes. Either insufficient insulin release or inactive insulin causes 

this serious condition (Taguchi & White, 2008). It occurs at the age of 40.  Because T2DM is 

a worldwide issue, it should be given more priority to be addressed, and the health care 

delivery system should implement beneficial policies (Avogaro et al., 2011). Numerous 

problems, including macrovascular and microvascular abnormalities, are brought on by DM 

(Hudda et al., 2019). Furthermore, T2DM treated as a polygenic group of disorders is 

developed due to insulin resistance (IR), β-cell dysfunctions, or both, and the molecular basis 

of T2DM has been characterized (Berger & Zdzieblo, 2020). It is currently understood that 

T2DM patients have polygenic medical traits, which are brought on by hereditary factors 

(Miao et al., 2010).  

Table 1.1 Prevalence of Diabetes in Asian Countries (WHO 2016) 

Country Percentage of diabetic 
patients (Aged 20-79 

years) 

Bangladesh 8.3 

Chaina 9.8 
India 9.3 

Indonesia 6.5 
Korea 4.4 

Malaysia 17.9 
Nepal 3.7 

Pakistan 8.1 
Sri Lanka 8.0 
Thailand 7.1 
Vietnam 6.0 

                                                          Collected from WHO, 2016 

1.3 Types of Diabetes Mellitus 

Type 1 diabetes, also known as insulin-dependent diabetes, and type 2 diabetes, also known 

as non-insulin-dependent diabetes mellitus, are the two basic categories under which DM is 

categorized. The self-destruction of pancreatic β-cells, which results in a subsequent insulin 

deficit, is what makes Type 1 diabetes mellitus (T1DM) unique. IR and insulin insensitivity 

(IS) are the causes of T2DM. In certain circumstances, specific mutations result in genetic 

susceptibilities such hereditary impairments of pancreatic β-cell activity or anomalies in 

insulin action. Additionally, gestational diabetes, a kind of diabetic illness, primarily affects 

pregnant women (De Marinis et al., 2010).  
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1.3.1 Type 1 Diabetes Mellitus 

T1DM is a serious condition where blood glucose level is too high because body can't make 

insulin. Different factors, such as genetics and some viruses, may cause type 1 diabetes (IDF, 

2011). T1DM is an autoimmune or self-destructive condition. However, under this self-

destructive illness, body’s own tissues are destroyed by its native defense mechanism (Tao et 

al., 2015). Usually, T1DM also known as juvenile diabetes is developed in youth and 

teenagers (Busik et al., 2009). It is also called insulin-dependent diabetes mellitus (IDDM) 

(Tomic et al., 2022).  

 

1.3.2 Type 2 Diabetes Mellitus 

High blood glucose levels are a hallmark of T2DM and are caused by irregular insulin release 

from the pancreatic β-cell, IR in peripheral tissues, and accelerated glycogenolysis (Png et 

al., 2016). T2DM is far more prevalent than T1DM; it often develops after the age of 30, and 

usually between the ages of 50 and 60. T2DM proceeds gradually. As a result, the term 

"adult-onset diabetes" is frequently used to describe this illness. However, the number of 

persons with T2DM who are younger than 30 years old is rising daily (Samuel & Shulman, 

2012). T2DM is frequently correlated with obesity, inactivity, and poor eating habits. 

Important T2DM therapy options include diet and exercise modifications alone, oral 

medications, and even insulin injections (Imierska et al., 2020). Predisposition to T2DM may 

partly be due to mutations in the INSR (Pinzi & Rastelli, 2019). 

 

1.4 Important Causes of T2DM   

(i) Genetic Vulnerability  

Genetic predisposition is a significant factor in T2DM susceptibility. However, specific genes 

or gene combinations may increase or decrease a person's risk of contracting the disease. 

High rates of T2DM in twins, and significant racial disparities in the prevalence of diabetes, 

suggest the involvement of genes with this serious complication (Triolo et al., 2019). 

 

(ii) Sedentary Lifestyle 

Sedentary behavior and being overweight are strongly associated with T2DM. Insulin 

inactivity is brought on by obesity in grade 1. People with T2DM tend to be overweight more 

frequently. It could result from an imbalance between energy intake and inactivity. Only 

people who are centrally obese- those who have too much belly fat been at high risk for 

developing IR. A greater body mass index (BMI) is another sign of T2DM (Nagao et  
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al., 2015). Calorie restriction is linked to a longer lifespan in diabetic person (Napoleao, 

2021) 

(iii) Insulin Resistance 

IR develops in people having overweight or obese, lots of belly fat, and no frequent exercise 

(Lumeng et al., 2007). Additionally, IR happens due to lack of response of muscle, fat, and 

liver cells to insulin as they ought to, causing the pancreas to overproduce insulin as a means 

of regaining balance. A few of the reasons that cause IR include high glucocorticoid levels, 

elevated growth hormone, gestational diabetes mellitus (GDM), polycystic ovarian syndrome, 

INSR autoantibodies, and hemochromatosis (Mather et al., 2001). 

(iv) Fault in Insulin Release 

A modification to pancreatic β-cells' structure associated with hyperglycemia is thought to be 

the etiology of T2DM and IR. In response to IR, β-cells attempt to produce more insulin to 

tolerate glycemia. Increased insulin production is associated with larger islets and a higher 

proportion of β–cells (Azulay et al., 2022). The outcome is, β-cells impair insulin secretion. 

Additionally, intracellular triglyceride accumulation might result in β-cell dysfunction (Tang 

et al., 2009). 

 

(v)  Glucagon 

Blood sugar levels must be maintained by α-cell production of pancreatic glucagon. This 

hormone affects insulin in the opposite manner. Reduced blood sugar levels stimulate the 

secretion of α-cell (Liu et al., 2012). In diabetes situations, insulin release is inadequate at 

hyperglycemic condition and is not inhibited at higher glucose levels (Reed et al., 2020). 

 

(vi) Oxidative Stress 

The reactive oxygen species (ROS) such as superoxide, hydroperoxyl, and nitric oxide 

modify the cell membrane (Diz-Chaves et al., 2020). These ROS result in increased blood 

glucose and free fatty acid (FFA) levels, which aid in the development of T2DM and IR. 

Diabetes worsens as a result of rising ROS generation and declining antioxidant enzyme 

activity (Yaribeygi  et al., 2020). 

 

(vii)  Polycystic Ovary Syndrome (PCOS)  

IR and ovarian androgen production are clearly increased in association with PCOS. PCOS 

affects approximately 6–10% of all women and is a prevalent endocrine condition that affects 

women regularly (Xu & Qiao, 2022). 
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(viii)  Excessive Glucocorticoid Production 

The Cushing's syndrome, which results in excessive glucocorticoid hormone production, 

reduces various tissues' sensitivity to insulin's metabolic properties. Diabetes mellitus 

develops as a result of it (Hill et al., 2021).  

(ix)  Production of Unusual amount of Glucose in the Liver 

When glucagon levels rise, the liver produces too much glucose, which raises blood sugar 

levels (Chadt & Al-Hasani, 2020). 

(x)  Genetic Diseases 

T2DM is associated with genetic diseases such hemochromatosis and cystic fibrosis. Diabetes 

is brought on by cystic fibrosis, which also inhibits the pancreas and produces unusually thick 

mucus (Berger & Zdzieblo, 2020). Destruction of the pancreas or its removal pancreatic 

trauma, malignancy, and improper insulin production are all connected with the development 

of T2DM (Haeusler et al., 2018).  

(xi) Medications  

Medicines, such as nicotinic acid and various diuretic kinds, pharmaceuticals that prevent 

seizures, and antipsychotic medications, can decrease insulin function. Diabetes, β-cell 

dysfunction, and pancreatitis are all risks if that medication can increase. The impact of 

arsenic on the development of diabetes is identical (Di Pino & De Fronzo, 2019).  

(xii) Chemical Toxins 

Increased risk of diabetes is associated with a high intake of substances that contain nitrogen, 

such as nitrates and nitrites. Arsenic has also been researched for possible links to diabetes 

development (Sarmiento et al., 2019).  

(xiii) Lipid Breakdown  

Lipodystrophy is brought on by a reduction of fat content inside the body. Lipodystrophy is 

linked to T2DM and insulin inactivity (Trouwborst et al., 2018).  

 

(xiv) Role of SNPs on Diabetes Mellitus 

Insulin, insulin growth factor I, and insulin growth factor II activate the INSR, a tyrosine 

kinase-specific transmembrane receptor (Belfiore et al., 2017). Controlling glucose 

homeostasis, which can lead to a range of clinical consequences like diabetes and cancer, is a 

major metabolic function of the INSR (White & Kahn, 2021). The major function of the 

INSR, stimulating glucose uptake, is compromised by a reduction in insulin receptor 

signaling, a contributing factor to T2DM. The cells' failure to absorb glucose results in 

diabetes and all of hyperglycemia's negative effects. It has been established that the 
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presence of mutant receptors within the cell may negatively impact the function of the normal 

receptor (Albegali et al., 2019). An earlier study using INSRs transfected into cultured cells 

discovered that the function of native INSRs was diminished by kinase-deficient INSRs, 

which also acted as dominant-negative mutations (Marucci et al., 2009). Generally, the 

mutation of INSR results as a recessive form (Kasuga, 2019). The function and implications 

of the recessive mutation in the INSR were examined. The majority of human genetic 

variations, or almost 500,000 single-nucleotide polymorphisms (SNPs), are found in the 

exons of the genome (Sortica et al., 2015). Nonsynonymous SNPs (nsSNPs), a subclass of 

these SNPs, have the power to change the amino acid residues and increase the variety of 

activities of encoded proteins in the human population. It is clear that there are variances in 

the SNPs' chromosomal distribution. SNPs frequently appear in non-coding regions (Oo et 

al., 2013). SNP density can also be impacted by genetic recombination and mutation rate 

(Kasuga et al, 1982). Due to the fact that SNPs are often biallelic, one SNP can produce a 

Mendelian disease (Kahn & Folli, 1993). Some SNPs are crucial pharmacogenomic targets 

for drug discovery since they are also connected to the metabolism of a variety of 

medications (Blazquez et al., 2014). SNPs can act as a helpful genetic marker for genome-

wide association studies (Mei et al., 2016). The implications or negative effects of SNPs are 

frequently linked to how they alter the composition and biological activity of proteins. But 

only a very tiny number of researches have looked at the SNPs and their impact on INSR. 

 

1.5 Pathophysiology of T2DM  

T2DM is a chronic metabolic disease characterized by an abnormal increase in plasma 

glucose (Henry, 1998) shown in Figure 1.2. We now know that these diagnostic criteria 

shown in Figure 1.3 focus on only a small part of the disease process (Salber et al., 2008). 

The diagnosis criteria for diabetes outlined by the American Diabetes Association are as 

follows-(i) Fasting plasma glucose greater than 126 mg/dL, (ii) a random plasma glucose 

higher than 200 mg/dL in association with symptoms of diabetes, and/or (iii) a persistent 

elevation in plasma glucose following an oral glucose load (greater than 200 mg/dL two 

hours after glucose ingestion (WHO, 2017). HbA1c 6.5% may be considered as a cut-off for 

diabetes, HbA1c 5.9% is ideal for diagnosing prediabetes, and value 5.6% eliminates 

prediabetes/diabetes condition, according to research to evaluate the diagnostic accuracy  
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and best HbA1c cutoffs for diabetes and prediabetes among high-risk south Indians 

(Radhakrishna et al., 2018).  

 

Figure 1.2:  The natural history of type 2 diabetes Adopted from Henry, (1998).                                                                                                     

  

 

Figure 1.3: The diagnostic criteria of diabetes. It's usual to have blood sugar levels under 

140 mg/dL (7.8 mmol/L). After two hours, a result of blood sugar of greater than 200 mg/dL 

(11.1 mmol/L) indicates diabetes. Prediabetes is identified by a value between 140 and 199 

mg/dL (7.8 mmol/L and 11.0 mmol/L). Collected from Salber et al., (2008).   
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1.5.1 Mechanisms of Insulin Resistance  

Biology and medicine both focus on the mechanism of insulin action. IR, which plays a 

significant role in the development of atherosclerotic process, is a constellation of 

biochemical and physiological derangements of metabolic abnormalities, including (i) 

hyperinsulinemia, (ii) glucose intolerance, (iii) increased low density lipoprotein (LDL), (iv) 

decreased high density lipoprotein (HDL), and (v) hypertension. Depending on the 

pathophysiologic condition, there are probably multiple etiologies for the complicated 

metabolic abnormality known as IR (Haeusler, McGraw, & Accili, 2018). In summary, IR is 

a complicated trait that includes communication between several organs, such as the 

pancreas, liver, and muscle. Genetic flaws, fat-derived signal (ectopic lipid buildup), 

inactivity, obesity, and inflammation can all contribute to IR (Kalupahana et al., 2012; 

Samuel & Shulman, 2012). The main focus of research has been to investigate the role of 

insulin in the onset and progression of pathological conditions and chronic diseases, such as 

diabetes. It has been proposed that hereditary abnormalities in mitochondrial function with a 

reduced capacity to oxidize fatty acids are contributing factors in individuals impaired IS in 

T2DM patients (Semiz et al., 2013). Among its many roles as a pleiotropic hormone are the 

stimulation of nutrient uptake into cells, control of gene expression, alteration of enzyme 

activity, and maintenance of homeostasis in terms of energy (Rabiee et al., 2018). The 

phosphorylation and dephosphorylation of serine and/or threonine residues appears to control 

the enzymes involved in insulin's regulation of glucose metabolism (Scapin et al., 2018). 

Alterations in glycogen metabolism, which affect phosphoenol pyruvate carboxykinase, the 

rate-limiting enzyme in gluconeogenesis, can also affect glucose hemostasis (Tan et al., 

2015). In skeletal muscle, several mitochondrial enzymes activities decrease 20-40% in 

insulin-resistant individuals (Pinti et al., 2019). Recent developments in insulin research have 

allowed for the development of insulin-signaling activators and targeted therapeutics for 

various diseases. Genetic and environmental variables, especially those linked to obesity, 

affect IS. Hyperinsulinemia is brought on by increased IR, whether it might be hereditary or 

environmental (Inokuchi et al., 2008). As muscle's ability to use glucose declines, it is sent to 

the liver, where it is converted to fat and stored there. Insulin encourages the formation of fat 

in the liver during a favorable energy balance. If more calories are consumed, a person who 

has some degree of muscular IR will build liver fat more quickly than other people (Mather et 

al., 2001).  

 

 



10| P a g e   

Four things happen as the amount of liver fat increases: 1) hepatic IR, 2) an increase in 

hepatic glucose production because the liver is less sensitive to insulin's ability to suppress it, 

3) an increase in plasma glucose that worsens hyperinsulinemia, and 4) further hepatic fat 

deposition that is exacerbated by elevated plasma glucose and portal hyperinsulinaemia 

(Youngren, 2007). When the liver's fat content rises, more triacylglycerols (TGs), which 

accumulate in ectopic locations such pancreatic islets, are secreted into the blood. Ectopic fat 

reduces the amount of insulin that cells produce in response to consumed glucose, which 

causes plasma glucose to increase even more. These behaviors ultimately lead to the 

development of clinical diabetes by restricting insulin release from beta cells and promoting 

cell death (Potenza et al., 2009). In summary, IR is a complicated trait that includes 

communication between several organs, such as the liver, pancreas and muscle.  

 

Insulin receptor substrate (IRS) is activated by phosphorylation. IRS-2 is primarily found in 

the cytoplasm, while IRS-1 is a transmembrane protein. IRS-1 serves as an essential 

component of the insulin secretion processes in skeletal muscle. The growth of insulin-

producing cells in the liver and pancreas is regulated by IRS-2. Both IRS-1 and IRS-2 

undergo fast tyrosine phosphorylation in response to insulin stimulation. Despite the fact that 

IRS-2 is primarily found in the cytosol, most of this takes place in the intracellular membrane 

(IM) compartment (Belfiore et al., 2017). Tyrosine phosphorylation of IRS is necessary for 

insulin responsiveness, although IRS can either increase or decrease insulin activity 

depending on which serine is phosphorylated (Ormazabal et al., 2018). In order to activate 

the tyrosine kinase in the α-subunit of the receptor, insulin first must connect to the receptor's 

β-subunit. Additionally, this mechanism initiates the autophosphorylation of a number of 

tyrosine residues found in the β-subunit (Bhardwaj et al., 2011). The IRS protein cascades are 

the basic components of the peripheral response because they are recognized by other 

members of the signaling pathway for further downstream action. Finally, it results in the 

body absorbing and storing glucose as glycogen (Zheng et al., 2017). As a result, the 

pancreatic β-cell development and function, as well as signaling, are all influenced by the 

insulin receptor substrate family (Softic et al., 2017). Insulin prevents gluconeogenesis in the 

liver, hence IR in the liver results in increased hepatic glucose synthesis. By reducing 

hormone sensitive lipase activity, insulin signaling in adipocytes reduces lipolysis. This anti-

lipolytic impact also prevents free fatty acid efflux from adipocytes to the liver. Decreased IS 

in skeletal muscle and inhibition of hepatic glucose  
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synthesis are caused by an increase in free fatty acids in the blood (Berger & Z dzieblo, 

2020). A unique family of lipids produced by adipose tissue cannot be made when GLUT-4 

and lipogenesis in adipocytes are reduced. Insulin signaling promotes triacylglycerol 

production and inhibits lipolysis, which together increase lipid storage in adipocytes (Miao et 

al., 2020). Nitric oxide generation from endothelial cells is reduced by IR, and the release of 

pro-coagulant substances that trigger platelet aggregation is increased (Choi et al., 2010). In 

adipose tissue, insulin promotes glucose uptake via a GLUT-4 dependent mechanism. 

Adipose tissue utilizes glycolysis for energy purposes. Insulin promotes re-esterification of 

fatty acids into triglycerides and enhancing the pool of glucose-3-phosphate required for 

esterification. Due to its hydrophilic nature, glucose cannot freely diffuse into or out of a cell. 

To get across the cell membrane, it requires transporters (Wang et al., 2020). Anabolic 

peptide hormone insulin is secreted by the β-cells of the pancreas and is essential for 

controlling human metabolism as shown in Figure 1.4 (De Meyts, 2016). 

 Figure 1.4: Insulin increases or decreases a variety of intracellular metabolic pathways by 

acting through its receptor to influence several physiological processes in the organism. 

Adapted from De Meyts, (2016). 

 

1.5.2 Insulin Resistance, Obesity and Dyslipidemia 

Metabolic syndrome is a crucial factor for causing T2DM and obesity in South Asians (Png 

et al., 2016). The metabolic syndrome is regularly present in 20–25% of metropolitan South 

Asians (Kazeminia et al., 2020). Effectively implementing and strengthening  
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diagnostic standards is crucial for preventing the "epidemic" of obesity and the metabolic 

syndrome (Sramek et al., 2021). South Asians typically have poor muscle mass, a high 

percentage of body fat, abdominal obesity, IR, and hyperinsulinemia. Particularly, South 

Asians frequently have abdominal obesity, which is associated with higher overall IR and 

impaired endothelial function in this group (Bhardwaj et al., 2011). However, due to South 

Asian individuals' lower BMI threshold, awareness is growing to South Asian (Herman & 

Zimmet, 2012). Additional intermediate cut-off values of 23.0 kg/m
2
 and 27.5 kg/m

2
 

suggested for increased risk and greater risk, respectively, are proposed in this demographic 

group since South Asian individuals are more susceptible to obesity-related disorders (Nagao 

et al., 2013). The fundamental benefit of BMI is that it simply requires height and weight to 

calculate, and the same cut-off may be used for people of all ages and genders. BMI only 

assigns people to three categories: normal, overweight, or obese, which can be misleading, 

especially for athletes and bodybuilders who have high lean body mass. Similar to how 

women and older persons are more likely to have higher levels of body fat than males and 

younger people despite having the same BMI. However, population-level misclassifications 

are not prevalent as BMI correlates well with the population's direct assessment of body fat. 

Similar to males and young people, women and the elderly may have the same BMI but are 

likely to have greater body fat; therefore, it is still widely employed in research and at the 

community level (Henning, 2021).  

 

Table 1.2 Adult BMI classifications 

Classification BMI range (kg/m2) 

Underweight <18.5 

Normal-weight 18.5 to 24.9 

Overweight 25 to 29.9 
Obese ≥30 

Obese Class I 30-34.9 

Obese Class II 35-39.9 

Obese Class III ≥40 
       Collected from Henning, (2021) 

 

IR is characterized by insulin exerting a biological effect that is less than anticipated. This 

syndrome is caused by significant limitations in glycogenesis and, a lesser degree,  
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glycolysis during the insulin-stimulated glucose uptake (Petersen & Shulman, 2018). Obesity 

is the outcome of metabolic disruptions that induce tissue stress and malfunction as well as an 

upset in the energy balance that results in weight increase. Increased adiposity and inadequate 

physical activity are strong and independent predictors of IR. Obesity is a global epidemic 

and strongly linked to the development of T2DM. Increased body weight is also a strong 

independent predictor of IR in healthy adults (Radenkovic et al., 2011). A lack of knowledge 

can result in unhealthy eating habits, obesity, insufficient physical activity, and increased 

psychological stress (Veghari et al., 2013). Obesity greatly influences the lipoprotein 

composition and variables linked to endothelial dysfunction, inflammatory processes, and 

vascular injury (Yadav et al., 2017). These modifications might result in increased basal 

lipolysis in obese people and accompanying changes coupled with metabolic abnormalities 

that cause lipotoxicity and glucotoxicity contribute to insulin resistant state (Heilbronn et al., 

2005, Kahn  & Flier, 2000). The targets of circulating insulin, skeletal muscle cells and 

adipocytes, absorb glucose, bringing blood sugar levels back to normal. Precise role of 

carbohydrate, protein and lipid metabolism is described in Figure 1.5 (Rahman et al., 2021). 
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Figure 1.5: Significant physiological functions of insulin in the skeletal muscles, liver, 

and adipose tissue. In liver and skeletal muscle, insulin increases uptake of glucose and 

stimulates glycogenesis but decreases gluconeogenesis and lipolysis (1, 2). In adipose tissue, 

insulin stimulates lipogenesis and inhibits lipolysis (3) Adopted from Rahman et al., (2021). 

Patients with IR have a unique dyslipidemia that includes hypertriglyceridemia, high 

apolipoprotein B blood levels, tiny, dense LDL cholesterol, and low HDL cholesterol levels 

(Kaur et al., 2018). Ceramides are sphingolipids that are a crucial component of cell 

membranes. During times of elevated free fatty acids (FFA), their buildup in the liver and 

muscle may contribute to IR (Tan et al., 2015). Diacylglycerol (DAG), a lipid molecule 

consisting of two fatty acid chains, has been found to be elevated in several models of IR 

(Choi et al., 2007).   Glucotoxicity acts by increasing oxidative stress, formation of  
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advanced glycation end products (AGEs), and flux through the hexosamine biosynthetic 

pathway (Samuel & Shulman, 2012). Through oxidative phosphorylation, chronically 

elevated glucose levels boost glucose metabolism. This results in reactive oxygen species 

generation and mitochondrial dysfunction (ROS). Tetrahydrobiopterin levels within cells are 

decreased due to ROS, which also increases the production of superoxide by eNOS (Musicki 

et al., 2005). In skeletal muscle, glucosamine, a byproduct of the hexosamine biosynthetic 

pathway, reduces the absorption of glucose induced by insulin (Chang-Chen et al., 2008). 

Advanced glycation end products (AGEs) are produced as a result of the overactivation of the 

hexosamine biosynthesis pathway, which in turn promotes the creation of ROS (Gao et al., 

2021). Studies have shown that the lack of ROS-detoxifying enzymes in -cells limits their 

ability to protect themselves from excessive ROS generation. The production of ROS is 

known to eventually activate stress-induced pathways (Yaribeygi et al., 2020). When 

carbohydrates, lipids, and amino acids are oxidized, reactive carbonyl species (RCS) are 

created.  RCS, ROS and nitrogen species (RNS) are now understood to be crucial transducers 

in biological systems and to be increased in tissues with diabetes (Jezek, 2019). Increased 

oxidative stress reduces NO availability, impairs Akt and eNOS activation, and increases IR 

(Ghosh et al., 2017). Adipose tissue, the liver, the pancreas, and the vasculature are tissues 

where metabolic abnormalities cause immunological activation, and people frequently have 

elevated plasma markers of chronic low-grade inflammation (Van den Oever et al., 2010). 

Significant quantities of TNF-α prevent GLUT-4 from moving to the surface of skeletal 

muscle cells, preventing insulin-mediated food absorption. Additionally, pro-inflammatory 

mediators prevent the synthesis of adipokines that reduce inflammation and increase IS, 

including adiponectin (Yanai & Yoshida, 2019). Insulin-signaling activators are now being 

employed as preventative strategies against a variety of diseases as a result of recent 

developments in insulin research.  

1.5.3 Molecular Basis of Diabetes 

Predisposition to T2DM may partly be due to mutations in the insulin receptor (Pinzi & 

Rastelli, 2019). Patients with genetic types of severe IR have at least 25 point mutations in 

the insulin receptor gene (Oo et al., 2013). The insulin receptor has a modular structure 

encoded by a gene (located on chromosome 19) with 22 exons and 21 introns (De Meyts & 

Whittaker, 2002) shown in Figure 1.6. 
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Figure 1.6: Modular structure of the insulin receptor. Exon 11 is highlighted with brown 

color. Collected from De Meyts & Whittaker, (2002). 

By using patient genomic DNA as templates for PCR amplification of each of the 22 exons of 

the insulin receptor gene, several of these mutations have been discovered through direct 

sequencing of PCR products (Moller et al., 1990). IR is a complex variable that is impacted 

by inherited genetic variation, environmental risk factors, and lifestyle risk factors. While 

epigenetics takes into account extra modifications to the genome that can be passed on to 

daughter cells independently of changes in the DNA sequence, genetic variation only refers 

to changes in the DNA code (Maude et al., 2021). Single nucleotide polymorphism (SNPs) 

can act as a helpful genetic marker for genome-wide association studies. SNPs' repercussions 

or harmful effects are typically linked to how they affect the structure and function of 

proteins. Knowledge of in silico analysis of SNPs is crucial for comprehending the genetic 

basis of several complex hereditary human disorders (Mahmud et al., 2016). Absolute 

confirmation can be achieved using functional and DNA analysis, although certain mutations 

do not affect insulin binding, and DNA analysis is still unable to detect all suspected 

mutations. Although there is no direct link between genotype and phenotype, mutations in the 

insulin receptor's α-subunit are linked to a more severe phenotype than mutations in the β-
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subunit. Absolute confirmation can be achieved using functional and DNA analysis, but some 

mutations do not affect insulin binding, and DNA analysis is still unable  

to detect all suspected mutations (Oo et al., 2013). Dipeptidyl peptidase intravenous (IV) 

inhibition, in which an inhibitor of these enzymes blocks the hormone from degrading, 

increases insulin secretion, and lowers blood sugar levels, is one of the most efficient 

treatments for T2DM. Therefore, glucosidase enzymes play a role in controlling blood 

glucose levels by delaying the monosaccharide absorption and avoiding a meal's abrupt spike 

in blood sugar levels (Zabidi et al., 2021). The chemical makeup of chosen ligands, the 

locations of each receptor's active pocket regions, α-glucosidase, Dipeptidyl peptidase and 

insulin receptor are displayed in Figure 1.7. 
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Figure 1.7: Each targeted protein contains an active site. Structure of the α-glucosidase 

enzyme surface (A), showing the active site of the protein and the active pocket site (red). (B) 

The structure of the DPP (IV) enzyme surface, showing the active pocket site and the protein 

active site. (C) The structure of the insulin receptor (green) with the protein's active site and 

active pocket site. Adopted from Zabidi et al., (2021).  

1.5.4 Response of T2DM to COVID-19 

During this study period, novel corona virus affected different people in different regions 

worldwide. Severe inflammatory responses were more likely to be seen in the COVID-19 

individuals who had diabetes. Initial studies found increased severity of coronavirus  
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disease (COVID-19), in patients with diabetes mellitus. Along with raising the risk of 

developing serious illness, co-morbid conditions such as diabetes, hypertension, obesity, 

advanced age, cardiac, hepatic, and renal diseases, malignancy, co-infection, 

immunodeficiency, etc. also raise the risk of dying COVID-19 patients (Hakim et al., 2021). 

Infected people are predisposed to hyperglycemia, and when it interacts with other risk 

factors, it may modify inflammatory and immunological responses (Mehta et al., 2020). 

Diabetes predisposes patients to severe COVID-19, which could have fatal consequences as 

shown in Figure 1.8. Hyperglycemia conditions support viral proliferation and an increased 

demand for drugs, length of hospital stay, and death are all expected by poor glycemic 

control (Lim et al., 2021). COVID-19 patients with T2DM show severe inflammatory 

response and increase mortality (Malik et al., 2021). Several blood biomarkers such as serum 

ferritin and HbA1c levels may be routinely used for assessment of progression and severity of 

COVID-19 in T2DM patients (Malik et al., 2021).  

 

Figure 1.8: Potential pathogenic events in COVID-19 patients with T2DM. Inflammatory 

cytokines, toxic metabolites, increased production of reactive oxygen species; increased 

natural killer cell activity together with COVID-19 infection increased vascular permeability 

contributes to hyperglycemia, endothelial damage and all-cause mortality. Adapted from Lim 

et al., (2021). 
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1.6 Literature Review   

The most prevalent endocrine illness, diabetes mellitus, causes hyperglycemia due to the 

inadequate synthesis or action of insulin. In a variety of tissues, including the heart, skeletal 

muscle, liver and adipose tissue, insulin stimulates the utilization of metabolic substrates 

under physiological conditions. Normal glucose tolerance is maintained when there is IR or 

excessive insulin levels due to a number of physiological changes. When there is IR, the 

pancreas tries to make up for it by secreting sufficient insulin, which leads to 

hyperinsulinemia (Reaven, 2012). IR is characterized by insulin exerting a biological effect 

that is less than anticipated (Petersen & Shulman, 2018). By using the GLUT-4 receptors, 

skeletal muscle and adipocytes respectively contribute for 60–70% and 10%, respectively of 

the glucose uptake induced by insulin. Furthermore, 30% of the glucose released by insulin is 

metabolized by the liver, and IR impairs glucose output and fatty acid metabolism, which 

causes the liver to secrete more triglycerides and VLDL (Czech, 2017). The endothelial 

balance is maintained by vasodilators like prostaglandin or NO and vasoconstrictors like 

(e.g., Ang II or ET-1) (Guptha et al., 2014). Adipose tissue is one of the most significant 

tissues contributing to obesity due to its primary functions of lipogenesis (the storage of fat) 

and lipolysis (the mobilization of the stored fat) (Janus et al., 2016). FFA concentrations are 

usually associated with overeating and obesity (Lee et al., 2018). 

Vascular homeostasis is maintained by the endothelium, a multipurpose paracrine, autocrine, 

and endocrine organ. The endothelial balance is maintained by vasodilators like prostaglandin 

or NO and vasoconstrictors like (e.g., Ang II or ET-1) (Tallapragada et al., 2015). NO also 

has a protective role for the endothelium by lowering the expression of cell adhesion 

molecules, increasing platelet aggregation, generating pro-inflammatory cytokines, and 

limiting the growth of vascular smooth muscle cells (Muniyappa et al., 2020). Selective 

impairment of PI3K-dependent signaling pathways and decreased vascular and metabolic 

effects of insulin are crucial aspects of IR at the cellular level, which can lead to 

hyperglycemia, dyslipidemia and inflammation (Tallapragada et al., 2015). The adhesion 

molecules of endothelial cells encourage interaction with monocytes, which mature into 

macrophages and consume lipoproteins to form foam cells that secrete IL-6 and TNF (Lair et 

al., 2020). Immune cells are activated by TNF-α and IL-6 to form atherosclerotic plaque, 

which impairs insulin signaling (Czech, 2017). Impaired PI3K  
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signaling results in diminished endothelial NO synthase activity, pronounced FFA-evoked 

oxidative stress, and decreased NO bioavailability (Chen et al., 2019). Therefore, relative 

vasoconstriction and IR are caused by a specific impairment of PI3K signaling 

(Krishnamoorthy et al., 2020). The phosphorylation of IRS tyrosine activates second 

messenger phosphotydylinositol-3,4,5-triphosphate (PIP3) (Sakurai et al., 2021). PIP3 aids in 

the movement of inactive Akt kinase to the cell membrane, where phosphoinoside-dependent 

kinase-1 turns it on (PDK-1) (Miao et al., 2010). Akt affects angiogenesis, NO generation, 

and glucose metabolism in addition to cell survival, growth, and proliferation (Manna & Jain, 

2015). However, glucotoxicity and lipotoxicity generate inflammation that contribute 

vascular damage and lead to endothelial dysfunction (Maude et al., 2021). Akt activation in 

endothelial cells can lead to a decrease in angiogenesis, a reduction in reendothelialization, 

and unfavorable tumor vasculature growth and survival (Kaur et al., 2018). Chronic 

inflammation is frequently present in association with obesity and IR, and is primarily 

induced by the metabolic tissue stress brought on by weight increase and abnormal adipose 

tissue (Bremer & Jialal, 2013). Hyperglycemia and IR promote increased synthesis of 

glycosylation end products (AGEs), pro-inflammatory cytokines, oxidative stress, and other 

inflammatory mediators in addition to enhancing the production of adhesion molecules that 

control tissue inflammation. Diabetes patients who experience this inflammatory process 

have an increased risk of infection and poor outcomes (Bohn et al., 2020). Diabetes is a 

chronic inflammatory condition characterized by multiple metabolic and vascular 

abnormalities that can affect our response to pathogens. The development of systemic 

inflammation is the outcome of several physiological changes brought on by obesity 

(Henning, 2021). There are several hypothesized mechanisms by which virally induced 

inflammation heightens IR (Zheng et al., 2020). The liver and skeletal muscles, which are the 

two main insulin-responsive organs in charge of the majority of insulin-mediated glucose 

uptake, can be negatively impacted by this significant burden of inflammatory cells. When a 

cytokine storm is present, individuals with viral infection such as severe COVID-19 exhibit 

muscle weakness and elevated liver enzyme activity, which may indicate multiple organ 

failure (Fan et al., 2020). Other inflammatory markers such as D-dimer, ferritin, and CRP are 

elevated in COVID-19 individuals (Grobler et al., 2020; Deng et al., 2021) which may 

increase the risk of microvascular and macrovascular problems resulting when persons with 

DM have low-grade vascular inflammation (Lim et al., 2021). A rising role for HDL in 

regulating immune function has  

 



22| P a g e   

been revealed by research. In particular, T cells are the primary target of viral action 

(Paliogiannis et al., 2020). Through the respiratory mucosa, virus particles enter the body. 

From there, they spread to other cells, unleash a cytokine storm, and set off a chain reaction 

of immune responses (Sanyaolu et al., 2020). Serological testing can be used to detect 

antibodies immunoglobulin G (IgG), immunoglobulin M (IgM), and immunoglobulin A 

(IgA), which are specific for SARS-CoV-2 antigens (Cao, 2020). The current study included 

a thorough analysis of the connection between illness severity and clinical and biochemical 

signs. Compared to patients with mild to moderate illness, most critically ill patients were 

older and had more comorbid conditions. In order to lower mortality and increase recovery 

rates, it is vital to identify severely ill patients even earlier.  

Over the past several years, numerous experts have conducted various investigations to 

determine the genes that cause T2DM (O’Beirne et al., 2018; Ross et al., 2007; Kashyap et 

al., 2005). Insulin was the first peptide hormone to be analyzed in receptor binding studies. 

Most of the binding data may be explained by molecular models of ligand binding to 

receptors, which have recently been proposed. The exact regions of the receptor that directly 

contact hormones are not yet defined and are still under investigation (Copps & White, 2012). 

The two general experimental approaches are being employed to define ligand-receptor 

contact regions, affinity labeling and mutagenesis (Neff et al., 2020). Mutations of INSR 

impair insulin responses by reducing the number of INSR on the surface of target cells, or by 

reducing the receptor’s ability to bind insulin (Chadt & Al-Hasani, 2020). The associations of 

SNPs in insulin secretion and/or T2DM had been examined in many studies (Steinthorsdottir 

et al., 2007; Kadowaki et al., 1990 Andersen et al., 1992). It should be mentioned that there 

are diverse association outcomes in the same population as well as distinct association results 

in different ethnic groups (Wu et al., 2008). INSR is a big warehouse of diseases, e.g. DM 

which is one of the dangerous one for human beings. Any change or mutation in INSR may 

change disease pathogenesis. SNPs consist of a single change in the DNA code. Human DNA 

variations can impact how individuals respond to drugs, chemicals, vaccinations, viruses, and 

other agents as well as how they develop diseases. Despite not being in protein-coding 

regions, SNPs can nevertheless affect gene splicing, transcription factor binding, or the 

sequence of non-coding RNA. The detrimental non-synonymous (nsSNPs) in the INSR gene 

were examined using a variety of computational methods (D'Alessandris et al., 2004). 

PROVEAN was  
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used to start the analysis of the INSR, and then PolyPhen and I-Mutant servers were used to 

look into the impacts of 57 nsSNPs that were retrieved from the SNP database (dbSNP). The 

INSR protein structure and function were shown to be adversely affected by a total of 18 

SNPs, which were then further examined. According to the computational investigation, 13 

of these nsSNP mutations reduced protein stability and may have resulted in functional loss 

(Longo et al., 2002).  Two nsSNPs such as I448T and W1220L (positions rs1051691 and 

rs52800171, respectively) were predicted as "Highly Destabilizing” (Mahmud et al., 2016). 

Their inclusion in the INSR raises the risk of diseases caused by the INSR and altered 

transcriptional and cell cycle control. Human populations vary, therefore, an SNP allele that 

is prevalent in one region or ethnic group might be substantially rarer in another. 

1.7 Purpose of the study ` 

The study presented herein attempts to better understand the mechanisms by which IR and 

some biomarkers contribute to metabolic disease progression. It is specifically important in 

identifying and assessing diabetes risk in the local population. Therefore, the present study 

was done with the following purposes.   

i. To measure insulin sensitivity, lipid status, obesity in different age groups of 

Bangladeshi population 

ii. To correlate insulin sensitivity with obese, non-obese and dyslipidemia subjects of 

different age groups 

iii. To find out blood biomarkers for severity assessment of COVID-19 in diabetic 

subjects  

iv. To determine the deleterious non-synonymous single nucleotide polymorphisms 

(nsSNPs) and their impact on the structural integrity of the INSR protein available in 

the database 

v. To determine nsSNPs in the INSR of Bangladeshi diabetic subjects and compare them 

with those in the INSR available in the database  

vi. Assessment of the impact of nsSNPs on the three-dimensional structural models of 

INSR in Bangladeshi diabetic subjects 
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CHAPTER TWO 

 

Relationship among Obesity, Blood Lipids and Insulin Resistance in Bangladeshi Adults 

Summary 

Insulin resistance (IR) and abnormal lipid profiles are cardiovascular disease risk factors for 

obese people. The current study was conducted on a total of 1500 Bangladeshi people at the 

time of their general health checkup in the hospital to clarify the association between changes 

in insulin resistance, body weight, and lipid profile. After other endocrine conditions were 

ruled out, the remaining 772 people were classified as having IR≥2 and IR<2 estimated 

insulin resistance based on the homeostatic model evaluation (HOMA-IR) score. Participants 

free of endocrine disorders were further grouped according to age, gender, and obesity. 

Statistics were used to assess and link the anthropometric and biochemical profiles with the 

IR≥2 and IR< 2 groups as well as other subject groupings. All anthropometric data showed 

considerable changes, with a few exceptions. In the IR≥2 group compared to the IR<2 group, 

blood levels of low-density lipoprotein (LDL), total cholesterol (TC), triglycerides (TG), and 

insulin were all considerably higher. It was discovered that dyslipidemia and obesity were 

frequent IR components. Obesity and dyslipidemia were shown to be common IR 

components. IR was significantly impacted by TC: LDL and TG: HDL, according to the 

generalized linear model. Compared to groups I and III, which include those aged 20 to 40, 

participants in the age range II (41–60 years old) showed considerably higher lipid profiles 

(61-80 years old). The findings presented herein support the notion that lipoprotein ratios 

might be the reliable biomarkers to evaluate IR. Obesity and dyslipidemia were found to be 

common IR components.   

2.1 Introduction 

Insulin is an anabolic hormone that regulates blood sugar levels by acting on different target 

tissues, including the liver, skeletal muscle, and adipose tissues (Petersen & Shulman, 2018). 

Target cells are affected by insulin via activating the particular receptor. When glucose binds 

to the insulin receptor protein, the receptor's tyrosine kinase activity is increased, leading to 

the phosphorylation of several target proteins and facilitating the transport of blood glucose 

through the plasma membrane (Haeusler et al., 2018). One of the main substrates of the 

insulin receptor is the adaptor protein IRS-1, which acts as a  
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platform for the signaling complex. (Beg et al., 2017). A pathophysiological condition known 

as insulin resistance occurs when cells do not respond to insulin as they should and a 

particular amount of insulin has less of an effect than is expected. It is characterized by high 

blood glucose levels and increased hepatic synthesis of atherogenic lipids, can make target 

tissues less sensitive to the effects of insulin. Other theories contend that it is a genetic and 

molecular issue that results from impaired insulin communication and glucose transport into 

cells (Martin et al., 2015). Insulin resistance is a defining feature of obesity, the metabolic 

syndrome, and cardiovascular illnesses and contributes to the pathogenesis of T2DM (Shao et 

al., 2018). In South Asians, metabolic syndrome is a major factor in the development of type 

2 diabetes mellitus (T2DM) and obesity (Ma et al., 2015). Approximately 20-25% of this 

metabolic syndrome is in metropolitan South Asians. South Asians in cities have evidence of 

this metabolic syndrome (Bhardwaj et al., 2011). Effectively implementing and strengthening 

diagnostic standards is crucial for preventing the "epidemic" of obesity and the metabolic 

syndrome (Awad et al., 2021). The two conditions of dyslipidemia and insulin resistance are 

closely related. Greater intracellular hydrolysis of triglycerides (TGs) and release of fatty 

acids into the circulation are induced by insulin resistance at the level of the fat cell-initiating 

insult. Because of the molecular or environmental causes of insulin resistance in adipose 

tissues, there is a reduction in the absorption of free fatty acids (FFA) by fat cells or an 

increase in the release of FFA from fat cells. Lack of or too much fat causes the liver's fatty 

acid stability to increase, which in turn causes more very low-density lipoprotein (VLDL) 

released (Trouwborst et al., 2018). There are various subtypes of low-density lipoprotein 

(LDL) particles exist. There are two types of tiny LDL, and the differences between them 

include increased endothelial transport, decreased receptor binding, increased oxidation 

susceptibility, and increased arterial proteoglycan binding (Chait & den Hartigh, 2020). 

Compared to other populations, South Asians have higher amounts of LDL cholesterol, and 

the size of LDL particles is often smaller. Smaller LDL particles are more atherogenic than 

larger ones due to their higher sensitivity to oxidation. South Asians have lower age- and sex-

adjusted HDL levels, which may indicate decreased reverse cholesterol transfer (Kawamoto 

et al., 2011). Contrary to other conventional risk factors, South Asians consistently have 

greater rates of diabetes mellitus than many other groups. In actuality, by 2025, Indians will 

have a greater risk of acquiring T2DM (Bilen et al., 2016). South Asians typically have poor 

muscle mass, high body fat percentage, abdominal obesity, insulin resistance, and 
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 hyperinsulinemia. Particularly, South Asians frequently have abdominal obesity, which is 

associated with higher overall insulin resistance and impaired endothelial function in this 

group (Guptha et al., 2014). Hence, South Asian individuals' body mass index (BMI) 

thresholds are lower, awareness is growing (Yadav et al., 2013). One may believe that 

screening procedures for children from South Asia should be modified in accordance with 

worldwide recommendations (Guptha et al., 2014). However, there aren't many research that 

have been conducted on Bangladeshi participants to find out how insulin resistance is related 

to blood lipid profiles, obesity, and obesity, or to find any biomarkers for measuring insulin 

resistance. The current study's objective was to examine the relationship between insulin 

resistance, blood lipids, and obesity in Bangladeshi adults between the ages of 20 and 80. 

According to this study, dyslipidemia and obesity being the most typical causes of insulin 

resistance.  

2.2 Materials and Methods 

2.2.1 Population Analysis, Grouping, and Sample Gathering  

After getting approval from the North East Medical College Hospital Management, to make 

sure they would be present for the research process, patients between the ages of 20 and 80 

were contacted. 1500 individuals who underwent yearly health examinations from July 2013 

to June 2014 provided their histories. Excluded from the analysis were subjects with 

endocrine disorders, substantial kidney or liver disease, heart disease, cerebrovascular 

disease, and those using medication for diabetes mellitus or dyslipidemia. Ultimately, we 

were able to choose 772 individuals who had their anthropometric measurements taken and 

blood samples were collected from these patients for biochemical analysis. Patients were 

categorized as IR≥2 and IR<2 estimated insulin resistance based on the homeostatic model 

evaluation (HOMA-IR) score after other endocrine diseases were ruled out. Age, gender, and 

obesity were used to further group the endocrine disease-free participants. Statistics were 

used to examine the biochemical parameters and anthropometric characteristics and link them 

with the IR≥2 and IR<2 both groups and other subjects clustering. All anthropometric data 

showed considerable changes, with a few exceptions. The grouping of the subjects regarded 

as a component of the study is shown in Figure 2.1. Before being questioned and physically 

inspected by a professional team, each subject signed a written  
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permission. The North East Medical College's ethical review committees in Sylhet, 

Bangladesh, gave its approval to the procedure. 

Figure 2.1: Grouping of population of interest for the research  

2.2.2 Anthropometric Analyses  

An objective survey was used to gather data on demographics, financial situations (education, 

income), lifestyle (smoking, physical exercise, and food habits), medication usage, personal 

and family history, and risk factors (hypertension, T2DM, dyslipidemia). Height was 

calculated to the closest 0.1 cm using a stadiometer set on the wall. Weight was measured to 

the closest 0.1 kg using calibrated scales. The body weight was adjusted by the height to 

determine the BMI. The auscultatory method was used to measure blood pressure (Wang et 

al., 2022). Obesity was classified according to the criteria of WHO based on the BMI value 

(Bhardwaj et al., 2011).  

 

2.2.2.1 Anthropometric Measurements 

Following the prescribed process, height was determined using metric scale and weight was 

measured using a calibrated weight machine. The participants' Body Mass Indexes (BMI) 

were computed using the formula below 

 

 

𝐁𝐌𝐈 = 𝑾𝒆𝒊𝒈𝒉𝒕 (𝒌𝒈)/ 𝑯𝒆𝒊𝒈𝒉𝒕 (𝒎)𝟐 
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2.2.2.2 Measurement of Blood Pressure  

Blood pressure of the subject was measured using standard procedure. The calf was placed at 

the level of the heart and the subject was asked to sit and the reading was taken. Another 

reading was taken after ten minutes of relaxation. The systolic blood pressure (SBP) and 

diastolic blood pressure (DBP) were recorded according to WHO-HIS (Joseph et al., 2011). 

2.2.3 Biochemical Analyses  

Standard techniques were used to measure biochemical considerations (including fasting 

glucose, lipid profile, and insulin). Biochemical assays were performed by a clinical 

chemistry analyzer (Siemens, Germany) using commercial kits supplied by BIO-RAD 

laboratories. Radioimmunoassay was used to measure the serum insulin level using a 

commercial kit (BI-INSULIN IRMA; BIO-RAD, Marnes1a Coquette, France). The ratios of 

lipid TC/HDL, LDL/HDL & TG/HDL were calculated as described previously (Laws & 

Reaven, 1992; Orsi et al., 2021). 

2.2.4 Insulin Sensitivity Analyses 

Insulin resistance was measured by a homeostasis model assessment (HOMA-IR) index 

(Fasting plasma glucose [mmol/L] X fasting plasma Insulin [µU/mL]/22.5), as described 

previously (Hill et al., 2013). The subjects considering for study based on the optimal cut 

point for IR for Venezuelan population is 2.00 (Bermdez et al., 2014; Zhang et al., 2021).   

2.2.4.1 Homoeostasis Model Assessment (HOMA) 

Over the past three decades, Homoeostasis model assessment (HOMA) has been frequently 

employed as an estimation of insulin sensitivity in cross-sectional, longitudinal and 

prospective research (Lin et al., 2021). It is based on straight forward fasting measurements 

of both insulin and glucose and is one of the most commonly used substitute measures of 

insulin sensitivity (Laws & Reaven, 1992). 

HOMA= [fasting insulin (µU/mL)] × [fasting glucose (mmol/L)] / 22.5  

The denominator effectively standardizes insulin and glucose to a normal fasting level 

[insulin 5µU/mL; glucose 4.5 mmol/L] 
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2.2.5 Body Mass Index (BMI) 

Height was calculated to the closest 0.1 cm using a stadiometer set on the wall and body 

weight was calculated to the closest 0.1 kg using a calibrated scale. BMI was calculated using 

the following formula- 

𝐁𝐌𝐈 = 𝑾𝒆𝒊𝒈𝒉𝒕 (𝒌𝒈)/ 𝑯𝒆𝒊𝒈𝒉𝒕 (𝒎)𝟐 

Based on the BMI, obesity was categorized according to the guidelines of WHO (Hudda et 

al., 2019). South Asians have low body mass, high levels of body fat, abdominal obesity, and 

hyperinsulinemia which are associated with higher overall insulin resistance and impaired 

endothelial function in this group (Nagao et al., 2013).  

 

2.2.6 Blood Analyses 

Biochemical variables (including fasting glucose, insulin and lipid profile) were measured by 

standard methods. 

 

2.2.6.1 Estimation of Serum Glucose  

Serum glucose was measured by the enzyme-dependent colorimetric (GOD-PAP) technique 

using a commercial kit (Randox Laboratories, UK) (Barham and Trinder, 1972). The tool was 

calibrated before estimation. Serum and reagents were placed in different cups. These were 

inserted sequentially into the AUTOLAB analyzer (Analyzer Medical system, Rome, Italy). 

AUTOLAB analyzer was operated by the manufacturer's instructions and glucose level was 

calculated using the software provided by the manufacturer. 

 

2.2.6.2 Estimation of Glycosylated Hemoglobin (HbA1c)  

Serum HbA1c was calculated using BIO-RAD Kit as described elsewhere (Mayer and 

Freedman, 1983). The Bio-Rad VARIANT Hemoglobin A1c software used ion-exchange 

high performance liquid chromatography (HPLC) methods to separate HbA1c automatically 

and precisely. HbA1c was separated by the D-10 hemoglobin A1c program chromatography 

using a cation exchange cartridge. Separation was designed to reduce interference from 

carbamylated hemoglobin, labile A1C, and hemoglobin variations. Elution buffers and wash 

solution were kept to reach room temperature (15–30°C) before  
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starting the test. Each chromatogram printout includes a chart that details all of the peaks 

discovered along with their relative percent and retention times. Samples were diluted with 

hemolysis reagent and then incubated for a minimum of 30 minutes between 18-28°C. An 

integrated integrator was embedded into each study's raw data reduction process. The auto-

analyzer ran the samples. The calibration response factor for HbA1c was automatically 

determined after calibrator analysis. Each sample gave a chromatogram and a sample report. 

The A1c peak was obscured. An exponentially modified Gaussian (EMG) technique was 

used to compute the A1c peak area, which was then subtracted from the carbamylated and 

labile A1c peak regions. 

2.2.6.3 Estimation of Lipid Profile  

2.2.6.3.1 Estimation of Total Cholesterol 

AUTOLAB analyzer (Analyzer Medical System, Rome, Italy) was used to quantify total 

cholesterol. After oxidation and enzymatic hydrolysis, the cholesterol was identified. In a 

different unit of the analyzer, serum and reagents were collected. The manufacturer's formula 

and installed software package were used to determine the total cholesterol of the sample.  

 2.2.6.3.2 Estimation of Triglycerides   

Serum triglycerides were measured using commercial kit (Randox Laboratories, UK) in an 

AUTOLAB analyzer (Analyzer Medical System, Rome, Italy) by the enzyme dependent 

colorimetric (GPO-PAP) technique as described previously (Trinder, 1969). Triglyceride 

concentration was computed according to the manufacturer's instructions. 

2.2.6.3.3 Estimation of High-Density Lipoprotein (HDL)-Cholesterol 

The HDL-Cholesterol levels in blood samples were calculated using the software CHOD-

PAP and the testing tools (Randox Laboratories, UK). Chylomicrons, Very Low-Density 

Lipoproteins (VLDL), and High-Density Lipoprotein cholesterol (HDL) were measured from 

serum samples using manufacturer’s instructions. 
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2.2.6.3.4 Estimation of Low-Density-Lipoprotein (LDL)-Cholesterol  

LDL-C level was calculated using the Friedewald formula (Friedewald et al., 1972) for low-

density lipoprotein (LDL)-cholesterol. 

2.2.6.4 Estimation of Serum Insulin 

Quantitative measurement of serum insulin was carried out by Microparticle Enzyme 

Immuno Assay (MEIA) in AxSYM System auto analyzer (David et al., 1998), Commercial 

AxSYM insulin estimated kit was used to estimate serum insulin and AxSYM auto analyzer 

was operated following the manufacturer’s instructions. 

2.2.8 Statistical Analyses 

Statistical analyses were performed and the results were expressed as a mean ± standard 

deviation (SD). P-value <0.05 was considered statistically significant. All variables were 

checked for normality and Pearson's correlation coefficients were used to identify significant 

association between anthropometric and biochemical parameters. Correlation co-efficient was 

performed to examine correlation between various parameters. To identify which set of 

variables best explained the variation, we examined several combinations of these variables 

in regression models. Predictors for blood insulin and TG were identified by multiple linear 

regression analysis. The differences between arithmetic means were assessed using t-test 

(when two groups were compared) or one-way analyses of variance (when three groups were 

compared). Complete data analysis was performed using statistical software R 

(https://cran.rstudio.com/bin//windows/base/old/3.1.2/).  

 

2.3 Results 

2.3.1 Anthropometric and Biochemical Events Associate with Insulin Resistance  

In the first phase of our investigation, 1500 individuals were enrolled. We examined 772 

participants for our evaluations after excluding patients with other endocrine disorders 

(thyroid disorder, pancreatic disease), as they only had the target conditions of obesity and 

DM. These patients were classified as insulin sensitivity and insulin resistance; male and 

female; obese and non-obese subjects. The characteristics of the participants were mentioned 

in Table 2.1.  
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Table 2.1: Subject characteristics subdivided by insulin status  

Variable Insulin Status 

IR>2 IR<2 t-value p-value 

Age 52.60±14.44 54.09±15.51 1.29156 0.197 

Height 158.74±6.34 159.34±6.53 1.21853 0.223 

Weight 62.43±7.11 63.36±7.03 1.73076 0.084 

BMI 26.04±2.57 26.22±2.56 0.92032 0.357 

SBP 124.62±12.39 123.30±12.04 -1.43 0.0003 

DBP 64.84±8.24 64.41±8.09 -0.6999 0 

TC 193.80±57.07 174.66±50.31 -4.7572 0 

HDL 34.89±10.10 40.16±10.81 6.52477 0 

LDL 122.72±46.64 108.93±43.17 -4.0731 0.000053 

TG 214.39±136.36 154.77±97.03 -6.9762 0 

Non-HDL 158.90±54.73 134.51±48.88 -6.2762 0 

TC: HDL 5.90±2.15 4.60±1.69 -9.1611 0 

LDL: HDL 3.71±1.51 2.89±1.39 -7.4935 0 

TG: HDL 7.14±6.94 4.33±3.58 -7.3821 0 

FBS 7.45±2.94 5.21±0.84 -15.893 0 

IR 4.49±2.81 1.53±0.28 -23.378 0 
 

The mean ages of insulin resistance groups were 52.60±14.44 and insulin sensitive groups 

were 54.09±15.51 years. Mean BMI (kg/m
2
) was 26.04±2.57 and 26.22±2.56 in insulin 

resistance and insulin sensitive groups respectively. The systolic and diastolic blood pressures 

were 124.62±12.39 & 123.30±12.04 and 64.84±8.24 & 64.41±8.09 in insulin resistance and 

insulin sensitive groups respectively.  Significant differences in age, BMI, systolic and 

diastolic blood pressure were present in both groups. On groups of people with insulin 

resistance (IR≥2) and insulin sensitivity (IR<2), we assessed the influence of several factors. 

In comparison to the insulin responsive group, both insulin secretion and sensitivity were 

considerably decreased in the insulin resistance group. In this study, the HOMA-IR and 

fasting insulin were used as markers of insulin resistance and risk of upcoming metabolic 

events. Fasting insulin and the HOMA-IR were utilized in this investigation as indicators of 

insulin resistance and risk of upcoming metabolic events. Table 2.1 displayed the 

anthropometric and biochemical characteristics of the insulin  
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sensitivity and resistance groups. All anthropometric data revealed significant differences. 

The age difference between insulin sensitivity and insulin resistance groups, however, was 

not considerably different (54.09±15.51, 52.60±14.44). The blood pressure in the insulin 

resistance group was considerably greater than the insulin sensitive group. The level of p-

value <0.05 indicated significant in all cases. Lipid profile of insulin resistance subjects were 

TC (193.80±57.07), TG (214.39±136.36), LDL (122.72±46.64)   & HDL (34.89± 10.10) and 

insulin sensitive subjects were TC (174.66±50.31), TG (154.77±97.03), LDL (108.93±43.17), 

HDL (40.16±10.81) respectively. IR≥2 group members had substantially higher total 

cholesterol, TG, low density lipoprotein (LDL), and fasting serum insulin than IR<2 

individuals. We observed substantial changes in LDL, HDL, and TG when evaluating the 

consequences of insulin resistance and lipid status. Similar investigation, however, only 

found a substantial impact of TG: HDL in the lipid ratio. Low plasma HDL cholesterol 

indicates that the quantity and/or size of HDL particles have decreased. Low HDL may have 

a significant effect on immunity since it performs a number of anti-inflammatory and 

immune-regulatory actions (Mora, 2013). The TG between the obese and non-obese groups 

showed a significant difference among the all examined biochemical markers shown in 

(Table 2.2). 

Table 2.2: Subjects' characteristics by obesity category 

Variable Obesity 

Obese Non-obese t-value p-value 

Age 54.71±14.161 49.36±15.634 -4.4801 0 

Height 158.56±6.112 159.84±6.958 2.42604 0.0157 

Weight 64.98±6.063 57.60±6.597 -14.582 0 

BMI 27.34±1.972 23.25±1.099 -36.624 0 

SBP 125.07±10.798 122.13±14.963 -2.7038 0.0072 

DBP 65.24±7.983 63.43±8.490 -2.7703 0.0059 

TC 190.18±55.025 180.60±56.235 -2.1793 0.0298 

HDL 37.12±10.711 35.75±10.404 -1.6572 0.0982 

LDL 118.78±44.576 116.26±48.916 -0.6731 0.5013 

TG 200.03±136.845 179.83±100.921 -2.2738 0.0233 

Non-HDL 153.06±53.707 144.85±54.234 -1.9278 0.0545 

 

 

 

 



34| P a g e   

TC: HDL 5.49±2.085 5.36±2.129 -0.7454 0.4564 

LDL: HDL 3.42±1.492 3.45±1.587 0.26479 0.7913 

TG: HDL 6.32±6.363 5.85±5.631 -1.0142 0.311 

FBS 6.60±2.318 6.88±3.305 1.17681 0.2401 

IR 3.46±2.689 3.53±2.687 0.31192 0.7552 
 

2.3.2 Lipid Phenotypes in Insulin Resistance 

By improving subject sorting and enabling evaluation based on biochemical and 

anthropometric factors, cluster analyses remove bias seen in preset variables and cut-off 

points. Multiple logistic regressions were carried out to examine the relative importance of 

different variables in affecting blood lipid levels or insulin sensitivity. Regression analyses 

were carried out for all subjects' lipid parameters and lipid ratio with IR (Table 2.3).  

Table 2.3: Analysis of multiple regression of lipid status and lipid ratio with the total 

number of individuals with insulin resistance 

Parameters Lipid status Lipid Ratio 

Estimate Std. 
Error 

Z 
value 

P value Estimate Std. 
Error 

Z 
value 

P value 

Intercept 2.33886 1.16841 2 0.045* 0.45116 1.11673 0.4 0.6862 

Gender -0.255 0.17086 -1.49 0.136 -0.254 0.16629 -1.53 0.1266 

Age 0.00582 0.00584 1 0.32 0.00412 0.00579 0.71 0.4763 

BMI -0.0491 0.03249 -1.51 0.131 -0.0536 0.03241 -1.65 0.0981 

Sys -0.0051 0.00719 -0.71 0.476 -0.0043 0.00704 -0.61 0.5411 

HDL -0.0486 0.00849 -5.73 1.0e-
08*** 

0.20015 0.14276 1.4 0.1609 

LDL 0.00932 0.00204 4.57 5.0e-
06*** 

0.14705 0.15207 0.97 0.3336 

TG 0.0044 0.00094 4.7 2.6e-
06*** 

0.10035 0.03554 2.82 0.0048** 

*Level of significance <0.05 

**Level of significance <0.01  

***Level of significance <0.001 

We found significant differences on LDL, HDL & TG. However, similar analysis done for 

the lipid ratio showed only significant effect of TG: HDL. We fitted logistic regression  
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model of diabetic (FBS>7) and non-diabetic (FBS<7) subjects on TC: HDL, LDL: HDL, TG: 

HDL. The results revealed significant effect on TC: LDL and TG: HDL shown in Table 2.4.  

Table 2.4: Generalized linear model for persons with diabetes (FBS>7) and without 

diabetes (FBS<7)  

Parameter Estimate Std. Error Z value p-value 

TC: LDL 0.533 0.227 2.35 0.01860* 

LDL: HDL 0.591 1.090 0.54 0.58746 

TG: HDL 1.763 0.480 3.67 0.00024*** 

*Level of significance <0.05 

***Level of significance <0.001 

2.3.3 Combination of Dyslipidemia and Insulin Resistance in Participants of Different 

Ages  

To study three age groups with their metabolic health status, patients were divided into three 

age categories (20-40, 41-60 and 61-80 years). ANOVA was performed to investigate the 

mean levels of IR for different age groups. A high p-value (0.564) indicated that there was no 

significant difference in mean IR levels for different age groups. We also performed ANOVA 

test for mean level of BMI among three age groups of the total population. As we found 

significant difference (p-value<0.0001) in BMI of three age groups, Tukey's multiple 

comparison was reported in Table 2.5. Considerable differences between age group 41-60 

years (Group I) to 20-40 years (Group II) and 61-80 years (Group III) were observed; 

however, no significant difference was found between Group II to Group III. Age group 

related insulin resistance was investigated. The prevalence of insulin resistance significantly 

varied among the age groups. Changes in age related insulin resistance were shown in Fig. 

2.2. Among the three age groups, Group II subjects had significantly higher insulin 

resistance. Group II was more significantly raised by metabolic factors than others. To 

correlate the age group related insulin resistance to dyslipidemia, we investigated lipid 

profiles in all the three age groups.  
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Table 2.5: Multiple comparisons using Tukey's analysis of the mean BMI with respect 

to several age groups  

Age Group Difference Lower Upper p-value 

(41-60) & (20-40) 0.8687635 0.3348111 1.4027158 0.0004223 

(61-80) & (20-40) 1.0100284 0.4190067 1.6010501 0.0001943 

(61-80) & (41-60) 0.1412650 -0.3731842 0.6557141 0.7953485 
 

Lipoprotein abnormalities are caused by compensatory hyperinsulinemia and insulin 

resistance, both of which are primarily brought on by central obesity. Obesity results in 

increased fasting and postprandial triglyceride-rich lipoproteins, reduced HDL, and increased 

small dense LDL particles, which together make up the three main components of 

dyslipidemia. Age-related insulin resistance modifications were reported in (Figure 2.2). 

Among the three age groups (Group 1: 20-40) years; (Group 2: 41-60) years; (Group 3: 61-

80) years; risk factors were comparatively elevated in Group 2 than in the other groups.  

 

Figure 2.2: Percentage of insulin resistance based on age group 

The subjects in Group II displayed the highest levels of insulin resistance among the three 

age groups. We looked at the lipid profiles in all three age groups to associate the age-related 

insulin resistance to dyslipidemia. According to the data, group II insulin resistant 

participants' lipid profiles were significantly greater than those of the other ages (Figure 2.3).  
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Figure 2.3: Lipid profiles of insulin-resistant individuals of three different age groups 

For any level of dyslipidemia most subjects have a higher lipid profile of the middle age 

group (Figure 2.3). Since other variables like excessive adiposity and dyslipidemia have an 

impact on and are linked to insulin sensitivity. In this work, we used regular biochemical and 

anthropometric measurements to construct an estimate of insulin sensitivity. We found that, 

in both the male and female groups, obese people had considerably lower HDL-C and higher 

TG levels than non-obese people in terms of their lipid profiles. In a spearman correlation 

study, we discovered a positive association between weight and BMI and blood sugar, 

insulin, and HOMA.  

Significant positive correlations were observed for insulin and HOMA with glucose and TGs 

and significant negative correlations were observed between HOMA and glucose as well as 

HOMA and insulin were not unexpected because HOMA values were derived from insulin 

and glucose concentration. 

2.4 Discussion  

This study shows that subjects with insulin resistance are associated with a change in lipid 

phenotype expression. Recent research identified that a genetic component influences the 

severity of insulin resistance besides the traditional environmental influences such as BMI 

(Zhu et al., 2020). In the present study, we demonstrate that subjects with hyper TG were 

more insulin resistant. This could be related to the increased BMI frequently reported in 

hyper TG subjects (Fan et al., 2019).  Studies reviewed that subjects with dyslipidemia are 

more insulin resistant, even after-correlation with age, sex and BMI. It has been verified  
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that cut-off values of BMI should be lower for South Asians than the current worldwide 

value.  According to concept of genetic origin, insulin resistant is associated with an increase 

LDL particle number and triglyceride and reduction in HDL cholesterol in South Asian 

population. Increased BMI indicated subjects with hypertriglyceridemia and after correction 

for BMI, subjects with hypertriglyceridemia are more insulin resistance compare to the 

hypercholesterolemia. This finding suggests that several metabolic pathways proceed toward 

abnormal lipid parameters. Scientists resume that insulin resistance or obesity do not entirely 

account for the higher lipid ratio and also not for the increased prevalence of dyslipidemia. 

Insulin resistance is strongly associated with measures of obesity, such as BMI. Indeed, 

insulin resistance is linked by factors other than obesity, as defined by elevated BMI. 

Circulating IL-6 concentrations increased with obesity predicted to develop type T2DM 

(Borg et al., 2021).  Further studies should be undertaken to investigate the systematic 

differences between insulin-resistant individuals with high BMI. Insulin resistance was 

hypothesized to play a major role in dyslipidemia in T2DM. Studies have shown a link 

between dyslipidemia is the most prevalent component of metabolic syndrome but exact basis 

of this link is not clear (Silva et al., 2020).  It was reported that elevated triglycerides, and 

LDL cholesterol, and low levels of HDL cholesterol were present in obese adults (Ding et al., 

2016).  However, in some studies, similar lipid profiles have been reported in obese and non-

obese adults with T2DM, in obese normoglycemic adults, and in non-obese adults with 

impaired glucose tolerance (Pereira et al., 2015). The present study shows that subjects with 

obese are more insulin resistant compared with controls. Obesity is a cause of insulin 

resistance, but is also strongly associated with hypertension, dyslipidemia and glucose 

intolerance. The people with the highest ratio of triglycerides to HDL had 16 times risk of 

heart attack those with the lowest ratio of triglycerides to HDL (Lee et al., 2016). Since this 

study also revealed the confirmation of abnormal lipid profile and insulin resistance in the 

obese adults, which, if not controlled may develop a cardiovascular disease, T2DM and other 

disorders in later life (Hartogh et al., 2022).  Hence it confirms the hypothesis that 

overweight and obese adults have higher fasting plasma glucose, fasting insulin level and 

abnormal lipid profile relative to their leaner person. In summary, the routine biochemical 

analyses performed to date have been unable to provide explanation for the insulin status 

observed in insulin resistance subjects (Fruman et al., 2017). So, insulin resistance and 

obesity do not perform unique role for the altered lipid parameters. Many physiological 

concept and genetic  
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determinants also reported previously (Smetanina et al., 2021; Pearson et al., 2016). We hope 

that within the next decade, scientific questions need to be addressed for us to have a more 

complete understanding of the relationship among obesity, blood lipids and obesity in 

Bangladeshi adults (Guptha et al., 2014). According to studies, more people who have 

dyslipidemia are insulin resistant, even after adjusting for age, sex, and BMI. Insulin 

resistance and obesity were more prevalent in those with higher BMIs. Numerous studies 

have found that BMI substantially correlates with body fat percentage and is mostly 

independent of height, enabling meaningful comparisons of groups that are short and tall 

(Vikram et al, 2008). Body composition and fat free mass are also connected to BMI. Asian 

populations have higher body fat percentages and higher rates of disease (diabetes, 

hypertension, dyslipidemia) and mortality with lower BMI (Misra & Shrivastava, 2013).  

It has been established that the cut-off values for BMI for South Asians needs to be less than 

the existing global norm (Misra & Shrivastava, 2013). According to the genetic origin theory, 

in the South Asian population, insulin resistance is linked to higher triglyceride and LDL 

particle counts as well as a decrease in HDL cholesterol. After accounting for BMI, 

participants with hypertriglyceridemia had higher levels of insulin resistance than those with 

hypercholesterolemia, which was indicated by elevated BMI. This result implies that a 

number of metabolic pathways lead to aberrant lipid values. South Asians have a higher 

genetic risk of developing diabetes, although research on metabolic syndrome and insulin 

resistance has been lacking. Within our analysis, we addressed two restrictions. 

Anthropometry is not enough to assess health, but the use of statistical techniques enables the 

accurate information to be filtered out. This study demonstrated a substantial positive link 

between serum lipoprotein ratios and insulin resistance, suggesting the potential use of these 

ratios as straight forward, trustworthy, and affordable biomarkers to measure insulin 

resistance. 
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CHAPTER THREE 

Blood Biochemical Parameters for Assessment of COVID-19 in Diabetic and Non-

Diabetic Subjects 

 Summary 

The COVID-19, the ongoing pandemic, is caused by a novel coronavirus named severe acute 

respiratory syndrome-coronavirus-2 (SARS-CoV-2). On March 11, 2020, the World Health 

Organization (WHO) declared COVID-19 as a pandemic (WHO 2020). In an effort to 

comprehend the connection between COVID-19 and diabetes mellitus and to assess the most 

affordable treatment option for the general population, the medical data of all suspected 

patients from 1 May 2020 to 15 August 2020 in the North East Medical College and Hospital 

aforementioned were included in the study. The purpose of this study is to identify blood 

biomarkers for COVID-19 in type 2 diabetics (DM) and non-diabetics (NDM) individuals 

with the potential to be used to rapidly predict COVID-19 progression and severity. Among 

211 hospitalized patients suspected of COVID-19, 98 were confirmed COVID-19 by rRT-

PCR. Male people and those with DM were more sensitive to COVID-19, as evidenced by 

the 58 DM and 40 NDM patients in the COVID-19 positive group having a total of 9 deaths, 

7 of whom were male and 6 of whom were DM. Serum ferritin, CRP, D-dimer, ALT, 

troponin I, and Hb1Ac were among the blood biomarkers that were considerably (p< 0.05) 

higher in COVID-19 individuals. DM COVID-19 patients had considerably higher ferritin 

and HbA1c levels than NDM patients (p<0.05). According to the results of the current 

investigation, ferritin, D-dimer, and ALT levels for patients with NDM and DM, respectively, 

may be routinely utilized as COVID-19 severity and progression biomarkers. Only the poor 

prognosis of COVID-19 could be detected by CRP and Troponin-I. 

3.1 Introduction  

The severe acute respiratory syndrome-Coronavirus-2 (SARS-CoV), which is the source of 

the ongoing pandemic known as COVID-19, is a novel coronavirus (Mallah et al., 2021). The 

World Health Organization (WHO) declared COVID-19 a pandemic on March 11, 2020 

(WHO 2020a). SARS-CoV-2 has been identified as a -coronavirus that, in accordance with 

research by (Kim et al., 2020, Zhou et al., 2020a, Zhou et al., 2020b).  
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Severe Acute Respiratory Syndrome (SARS) in 2002–2003 (Xu et al., 2020) and Middle East 

Respiratory Syndrome (MERS) in 2012 (Rabi et al., 2020) were both brought on by MERS-

CoV (Jiang et al., 2020a; Jiang et al., 2020b), respectively. In addition to raising the risk of 

developing a serious illness, comorbidities including diabetes, hypertension, obesity, older 

age (more than 60 years), malignancy, co-infection, immunodeficiency, etc. also raise the risk 

of dying (Ramasamy & Subbian, 2021). When a person meets a surface of an object that is 

contaminated with SARS-CoV-2 and then touches their nose, mouth, or eyes, the virus can 

spread (WHO 2020b).  Patients with COVID-19 are categorized as (i) mild, (ii) intermediate, 

(iii) severe, and (iv) critical according on these clinical criteria (Jin et al., 2020). Patients who 

are seriously ill or in need of acute care must be admitted to intensive care unit (ICU). 

Comorbidities of patients with COVID-19, such as inflammation, viral myocarditis, 

myocardial injury and damage, cytopathic effects on kidney tissues, and acute respiratory 

distress syndrome (ARDS) may be the underlying mechanisms of comorbidity (Lim et al., 

2021) shown in Figure 3.1. The gold standard for certifying COVID-19 patients that have 

been suspected is real-time reverse-transcription polymerase chain reaction (rRT-PCR) 

(Dhama et al., 2020). However, the rRT-PCR cannot be regularly utilized for the evaluation 

of the progression and severity, for treatment monitoring, or for the detection of 

complications related to inherent comorbidities in COVID-19 patients.  Because of the cost of 

the test, it is challenging to every potential patient with this molecular test in time in 

developing nations like Bangladesh. Serological tests can establish the presence of antibodies 

known as immunoglobulin G (IgG), immunoglobulin M (IgM), and immunoglobulin A 

(IgA), which are specific for SARS-CoV-2 antigens. Serological testing is necessary to 

determine prior SARS-CoV-2 exposure, the prevalence of infection in a region, suspected 

patients with mild to moderate illness, potential convalescent plasma donors, and the 

efficiency of plasma treatment (Bhardwaj et al., 2011; Carter et al., 2020; Casadevall & 

Pirofski, 2020). In order to adopt the proper supportive care and intervention and 

consequently reduce morbidity and mortality, early assumption and identification of risk 

factors for severe or critical patients may be highly beneficial. Due to the numerous 

restrictions mentioned above, especially in developing countries, all suspected individuals 

cannot access the facility for rRT-PCR testing for confirmation of SARS-CoV-2 exposure. 

Therefore, blood biochemical profiles during an emergency may be presumptive and beyond 

initial diagnosis for assessing the severity of the disease, identifying comorbidities, choosing 

the most appropriate  
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therapeutic alternatives, and evaluating the effectiveness of the treatments. The link between 

blood biochemical indicators and assumption, progression, severity evaluation, and therapy 

monitoring in COVID-19 patients hasn't been well studied, nevertheless (Bohn et al., 2020). 

In the current study, a number of blood biochemical parameters were examined in order to 

discover biomarkers for the early diagnosis of type 2 diabetes mellitus (DM) and non-

diabetes mellitus (NDM) in COVID-19 patients and to predict comorbidities (Zu et al., 

2020). 

 

 Figure 3.1: Reasons of diabetes with COVID-19 patients. Adapted from Apicella, (2020). 

This cross-sectional study was done on suspicious COVID-19 patients who were enrolled 

between May 1 and August 15, 2020 at the North East Medical College Hospital COVID 

center, one of the specialists COVID Hospitals in the north-eastern region of Bangladesh. 

The following exclusion criteria used when patients were admitted to the COVID center: (1) 

missing data on clinical findings; (2) missing data on laboratory characteristics; (3) secondary 

diabetes; and (4) type 1 diabetes. In the research, suspected COVID-19 individuals with first 

clinical symptoms such as a sore throat with breathing difficulty, cough, fever, headache, 

muscle aches, etc. The population was split into groups for the research, as indicated in 

Figure 3.2. All of the chosen patients were split into two groups  
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DM and NDM and had their SARS-CoV-2 infection levels determined by rRT-PCR. All test 

results, whether positive or negative for COVID-19, were promptly submitted to the national 

database for COVID-19 patients in Bangladesh in accordance with national criteria 

established by the government. From the computerized medical records of all the suspected 

patients, demographic information, medical and exposure history, signs and symptoms, 

laboratory results, and chest X-rays were retrieved. The accuracy of many bloods 

biochemical parameters was analyzed in all circumstances using the area under the ROC 

curve (AUC). The North East Medical College Ethical Committee gave its approval to both 

the study's protocols and findings. 

3.2 Materials and Methods 

This cross-sectional study was performed on suspected COVID-19 patients who were 

enrolled at the North East Medical College Hospital COVID center, one of the specialized 

COVID Hospitals, in the north-eastern region of Bangladesh, between May 1 and August 15, 

2020. 

3.2.1 Considerations for Choosing Diabetic Patients  

The diabetic patients were chosen based on the following criteria: (1) patients with DM as a 

high-risk group; (2) records that could provide information on the condition of the diabetes; 

and (3) data that could provide information on the age and sex of patients who had 

complications from their diabetes. 

3.2.2 Exclusion Criteria  

Evidence of hepatic failure, renal dysfunction, or any other type of systemic problem, 

autoimmune disorder, pregnant mothers, recent cardiovascular disease history, and cancer 

3.2.3 Questionnaire  

The patient's appointment was planned before the research got underway. Following blood 

collection, baseline characteristics such as anthropometry and clinical exams were completed. 

All research participants' information- including age, gender, medical history, academic 

background, medication information and history of other chronic illnesses, were collected by 

questionnaire.  
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3.2.4 Collecting and Storing of Blood Samples  

Nasopharyngeal swab samples collected from suspected COVID-19 patients were used to 

detect the SARS-CoV-2 by rRT-PCR. Blood samples were collected from each participant 

for analysis of serum electrolytes, lipid profiles, blood sugar, HbA1c, Troponin-I, alanine 

aminotransferase (ALT), creatinine, C-reactive protein (CRP), ferritin, and D-dimer by using 

an automated biochemistry analyzer (Siemens, USA).  

3.2.5 Anthropometric Measurements 

Height, weight and body mass index (BMI) of the subjects were measured as described in 

chapter two, section 2.2.2.1. 

3.2.6 Measurement of Blood Pressure  

 Blood pressure of the individuals was measured as described in chapter two, section 2.2.2.2. 

 3.2.7 Biochemical Analysis 

Samples from nasopharyngeal swabs taken from suspected COVID-19 patients were used to 

detect the SARS-CoV-2 by using rRT-PCR. Automated biochemistry analyzer (SIEMENS, 

USA) was used to measure suspected individual’s serum electrolytes, lipid profiles, blood 

sugar, HbA1c, Troponin-I, alanine aminotransferase (ALT), creatinine, C-reactive protein 

(CRP), ferritin, and D-dimer. 

3.2.7.1 Estimation of Serum Glucose, HbA1c & Cholesterol 

Please see the section 2.2.6.1-3 of chapter two for details. 

3.2.7.2 Estimation of Serum Creatinine 

Serum creatinine was estimated using commercial kit (SIEMENS Loboratories, USA) in a 

clinical chemistry analyzer (DIMENSION, USA). Creatinine concentration was computed 

according to the manufacturer’s instructions. 
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3.2.7.3 Estimation of Serum ALT 

DIMENSION (clinical chemistry analyzer, USA) was used to quantify serum ALT by the 

enzyme dependent colorimetric technique using commercial kit (SIEMENS Laboratories, 

USA) Alanine aminotransferase activity were measured from serum samples using 

manufacturer’s instructions.  

3.2.7.4 Measurement of Troponin I 

An immunometric approach was employed with the Troponin I calibrators on the VITROS 

immunodiagnostic system. Serum Troponin I of individual was measured using VITROS 

immunodiagnostic system (Ortho Clinical Diagnostics, US) following the manufacturer’s 

instructions. 

3.2.7.5 Estimation of Serum Ferritin Level  

Serum ferritin was measured by ELISA (enzyme-linked Immunosorbent assay) method using 

Biogen Germany Gmbh ELISA kit. Analyzer was operated by the manufacturer’s instructions 

and serum ferritin was calculated using the software provided by the manufacturer. 

3.2.7.6 Quantitative determination of serum CRP by nephelometer 

CRP test was measured by using commercial kit (SIEMENS, USA) employs in a clinical 

chemistry analyzer (DIMENSION Laboratories, USA). The instrument automatically 

calculated the results in mg/L using calculation scheme illustrated in DIMENSION 

Operator’s Guide. 

3.2.7.7 Estimation of D-dimer Level 

D-dimer was measured by Immunofluorescence Assay (DIMENSION Loboratories, USA) 

using D-dimer Fast Test Kit: Getein 1100. The auto-analyzer count down the reaction time 

and the result printed automatically.  

3.3 Statistical Analysis 

Exploratory data analyses in the form of boxplots and other 2D and 3D plots were performed 

on all the variables, and then some statistical test procedures were applied to selected 

variables. However, only the interesting results are presented in the article.  
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Differences in the levels of blood biochemical parameters between COVID-19 positive and 

negative patients with DM and NDM were performed using Student’s t-test (McDonald, 

2008). Principal Component Analysis (PCA) is a powerful dimension reduction technique, 

which can also provide a way to separate individuals in a lower dimension (Jolliffe, 2002). 

PCA was conducted on the variable’s ferritin, D-dimer, CRP, and Troponin-I and thereafter a 

scatterplot of first two principal components was constructed to separate in COVID-19 

positive and COVID-19 negative patients. 

3.4 Results and Discussion 

3.4.1 Baseline Data  

For this study, a total of 250 suspected COVID-19 patients were taken into account. 211 of 

them had their availability of laboratory data examined. A favourable prognosis and minor 

symptoms were common among these individuals. 211 patients underwent rRT-PCR testing 

for COVID-19 confirmation. 98 of them had confirmed COVID-19 positive results. The most 

prominent signs and symptoms in the confirmed COVID-19 patients were fever, cough, and 

tightness in the chest, tiredness, and shortness of breath. We observed higher numbers of 

COVID-19 males (n = 60, 61.22%) compared to females (n = 38, 38.78%). Males made up 7 

(77.78%) of the 9 (9.18%) deaths in this research with confirmed COVID-19, while females 

made up 2 (22.22%). This outcome is in line with previous studies (Chen et al., 2020). 

Variation in the genes of sex chromosomes and sex hormones may be the cause of the sex-

biased variation in susceptibility to SARS-CoV-2 infection (Simon 2010; Chen et al., 2020). 

Estrogen boosts more potent humoral and cell-mediated immunity whereas testosterone 

inhibits innate immunity (Kovats, 2015; Klein and Flanagan, 2016). Once more, there are 

around 45.02 (n = 95) and 59.18 (n = 58) DM patients in the total, COVID-19 positive, and 

COVID-19 negative groups. Those of the NDM patients in the comparable groups are 54.98 

(n = 116), 40.82 (n = 40), and 67.26 (n = 76), respectively and 32.74 (n = 37) (Figure 3.2). 
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Figure 3.2: Schematic work flow of the study 

DM patients made up 6 (66.67%) and NDM patients made up 3 (33.33%) of the 9 deaths with 

confirmed COVID-19. These findings suggest that SARS-CoV-2 is more contagious among 

DM patients. Numerous studies have revealed that when DM was present as a separate 

comorbidity, individuals with COVID-19 had greater rates of morbidity and mortality (Guan 

et al., 2020; Kumar et al., 2020; Sanyaolu et al., 2020; Wu et al., 2020). The age of the 

patients ranged from 20 to 80 years with the average age of 54.63 for males and 51.07 for 

females. Table 3.1 shows that there are no noticeable variations in the mean values of age, 

height, weight, BMI, systolic blood pressure, and diastolic blood pressure between COVID-

19 positive and COVID-19 negative people.  
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Table 3.1: Baseline parameters of patients with and without COVID-19 (mean values of 

several factors) 

Variable COVID‐19Negative 

 

COVID‐19Positive p-value 

Age(yrs), (IQR) 52.28 (27-80) 54.54(26-81) 2.58e-1 

Male 74 61 - 

Female 40 38 - 

Height (cm) 160.39 159.05 1.78e-1 

Weight (Kg) 64.83 64.26 6.25e-1 

BMI 26.02 26.07 9.14e-1 

Sys BP 126.27 125.61 7.36e-1 

Dias BP 64.69 64.27 7.56e-1 

 

3.4.2 Blood Biochemical Parameters in COVID-19 Positive and Negative Patients 

The biochemical parameters of the COVID-19 positive and negative patients are shown in 

Table 3.2. In the COVID-19 positive patients, the levels of ALT, HbA1c, D-dimer, CRP, and 

ferritin were considerably higher (p<0.05) than normal values. Between COVID-19 positive 

and negative patients Troponin-I was 1.47 and 0.489 respectively.  There was a nearly 

significant difference in the level of Troponin-I (p 0.0555). Other indicators, such as blood 

sugar, lipid profile, serum electrolytes, and serum creatinine, did not change significantly 

between the two groups. According to these findings, COVID-19 patients' ALT, serum 

ferritin, D-dimer, CRP, and Troponin-I levels may be key aspects of disease progression and 

severity. HbA1c levels were 7.08 and 6.42 in COVID-19 positive and negative individuals, 

respectively, with a p value of 0.00959 indicating that there would be notable differences 

between the two groups (Table 3.2). Particularly in cases of severe hyperferritinemia, ferritin 

plays a significant role in immunological dysregulation by directly suppressing the immune 

system and promoting inflammation, which causes a cytokine storm (Abbaspour et al., 2014; 

Son et al., 2019). The severity of the disease is dependent on the presence of cytokine storm 

syndrome, which is a component of fatal outcomes of COVID-19 (Zhou et al., 2020a). 

According to the findings of this study,  
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patients who screened positive for COVID-19 had considerably higher ferritin levels than 

those who tested negative (Table 3.2).  

Table 3.2: COVID-19 negative and COVID-19 positive patients' biochemical findings  

Variable COVID-19 Negative COVID-19 Positive p-value 

TC (mg/dL) 183.92 176.41 2.79e-01 

HDL (mg/dL) 36.56 34.72 1.96e-01 

LDL (mg/dL) 118.14 113.42 4.26e-01 

TG (mg/dL) 199.69 189.87 5.50e-01 

ALT (U/L) 41.88 88.39 7.45e-04 

Na+ (mmol/L) 140.27 139.70 5.19e-01 

K+(mmol/L) 4.07 4.13 5.52e-01 

Cl-(mmol/L) 101.57 100.94 3.79e-01 

HCO3 (mmol/L) 24.05 24.01 9.32e-01 

S. creatinine(mg/dL) 1.70 1.70 9.88e-01 

FBS (mmol/L) 7.25 7.67 3.23e-01 

HbA1C (%) 6.42 7.08 9.59e-03 

D-dimer (µg/mL) 1.24 2.76 5.61e-06 

Ferritin (ng/mL) 342.13 1031.83 2.86e-23 

C-Reactive Protein (mg/L) 59.70 89.27 4.85e02 

Troponin I (ng/mL) 0.489 1.47 5.55e-02 

 

Viral and/or bacterial infections result in a rise in ferritin, a marker of infection linked to the 

immune response and inflammation (Knutson, 2017; Lalueza et al., 2020). The elevated 

ferritin level seen in 86 (87.76%) COVID-19 patients; males 51 (59.30%) and females 35 

(40.70%)-; indicates that serum ferritin may be a potential biomarker for COVID-19 severity 

and progression of the disease. Some other studies also reported that elevated levels of 

ferritin might be associated with a composite poor outcome (Huang et al., 2020; Vargas-

Vargas and Cortés-Rojo, 2020). D-dimer is generated when plasmin breaks down fibrin to 

destroy clots created by venous thromboembolism (VTE). It serves as a proximate predictor 

of thrombin generation and active coagulation during  
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endovascular thrombotic processes (Linkins and Takach Lapner, 2017). Elevated D-dimer 

levels in COVID-19 patients may therefore be beneficial in quickly identifying those who 

have a severe illness, pulmonary problems, and a high risk of VTE (Paliogiannis et al., 2020). 

In the present study, it was found that the levels of D-dimer were positively correlated with 

the COVID-19 patients (Table 3.2). About 50% of the suspected COVID-19 patients had D-

dimer increases (≥0.5 µg/mL). One of the possible risk factors for death in adult patients with 

COVID-19 was hospitalized patients with normal D-dimers (1µg/mL) (Zhang et al., 2020). It 

has been reported that about 50% of the COVID-19 patients with poor prognosis had 

increased D-dimer levels (Guan et al., 2020; Tang et al., 2020). In the current investigation, 

individuals with COVID-19 who had increased D-dimer levels were found in 70 (71.43%) of 

them (41 men, 58.57% women). Only 9 patients passed away, although D-dimer is 

hypothesized to be associated with a poor outcome (Chen et al. 2020; Huang et al. 2020; 

Zhou et al. 2020a). The cause of elevated D-dimer levels is multifactorial and its cutoff value 

has not yet been established in patients with COVID-19. Diverse factors contribute to 

increased D-dimer levels, and the threshold value for COVID-19 patients has not yet been 

defined. As a result, the elevated D-dimer level found in a significant proportion of COVID-

19 patients (71.43%). The elevated level of D-dimer observed in large numbers of COVID-19 

patients (71.43%) indicates that D-dimer test might be useful for COVID-19 assessment and 

understand the requirement of hospitalization rather than severity of clinical presentation 

(Thachil et al. 2020).  As a biomarker for inflammation, cardiovascular disease, and 

infection, CRP is an acute phase inflammatory protein produced by the liver (Sproston and 

Ashworth, 2018). It is reported that the elevated CRP level is associated with the severity of 

COVID-19 (Huang et al., 2020). In this study, COVID-19 positive patients had considerably 

higher CRP levels than COVID-19 negative patients (Table 3.2). The mean CRP in COVID-

19 negative patients is significantly higher than the threshold limit, nevertheless. However, in 

the current investigation, 91 and 60, respectively, of COVID-19 positive and COVID-19 

negative individuals had CRP levels higher than the threshold limit. This finding suggests 

that the threshold value for COVID-19 patient assessment, monitoring of the disease's 

progression, and prognostication should be defined. Because several studies utilized various 

cutoff values, there are discrepancies in the amounts of increased CRP related with the 

progression and severity of COVID-19 (Ryoo et al., 2019; Huang et al., 2020; Koozi et al., 

2020; Liu et al., 2020) reported that the CRP levels increased in 91% of COVID-19  
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patients on hospitalization and the proportion of patients with increased CRP was 

significantly higher in severe group than in mild group. Therefore, by setting an optimum 

cutoff value, the serum CRP level might be used to determine the course and severity of the 

COVID-19 patients. Elevation of this marker in COVID-19 has been proposed to be an 

essential biomarker of disease progression and prognosis in myocardial damage (Shah et al., 

2020). Results of the current investigation indicated a rather high but marginally insignificant 

level (p< 0.0555) of Troponin-I in patients with COVID-19 than in patients without COVID-

19 (Table 3.2). The higher values of the Troponin-I level would be connected with the 

severity of COVID-19 and the greater trend of the level suggests that it may be a predictor of 

clinical outcomes. However, only 22 (22.4%) of the COVID-19 patients-14 males (63.64%) 

and 8 females (36.36%)-had increased Troponin-I levels, mostly in the dead. This finding 

suggests that the Troponin-I may only be a reliable predictor of COVID-19 severity or poor 

prognosis. In individuals with severe COVID-19, higher levels of cardiac Troponin-I have 

been suggested (Lippi et al., 2020). SARS-CoV-2 and SAR-CoV-1 both produce similar 

clinical symptoms. As the SARS-CoV-1 was found in the liver and induced fatty liver 

degeneration and central lobular necrosis (Farcas et al., 2005), it is reasonable to believe that 

SARS-CoV-2 may infect liver. The ALT test was conducted as part of the liver function test. 

Results revealed that in compared to COVID-19 negative individuals, the level of ALT was 

considerably higher in COVID-19 patients (Table 3.2). However, ALT levels above the upper 

limit of the normal range were found in 42 (42.86%) of the COVID-19 patients, indicating 

that their liver function damage may have been caused by SARS-CoV-2 infection or by 

symptomatic and supportive antiviral and antipyretic treatments, which may have adverse 

effects including liver damage (Fan et al., 2020). This result is in agreement with other 

studies (Cai et al., 2020; Chen et al., 2020; Fan et al., 2020). Hospitalized COVID-19 

patients who passed away had ALT levels that were 2 to 15 times higher than the upper limit 

of the normal range. However, 17 (15.05%) of the COVID-19 negative individuals had ALT 

levels that were somewhat higher than the upper limit of the normal range. The medications 

mentioned earlier may have impaired the liver function in these people. 
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 3.4.3 Effects of DM on COVID-19 Positive Patients  

When compared to COVID-19 individuals without diabetes, it was shown that patients with 

DM had substantially higher levels of HbA1c, FBS, and serum ferritin (Table 3.2). Only the 

DM patients with positive COVID-19 results and those with negative COVID-19 results had 

their biochemical markers further examined (Table 3.3).  

Table 3.3: Biochemical parameters of patients with DM and Non-DM 

Variables Diabetic Non-Diabetic p-value 

TC (mg/dL) 177.93 182.54 5.10e-01 

HDL (mg/dL) 34.33 36.84 6.95e-02 

LDL (mg/dL) 117.93 114.37 5.54e-01 

TG (mg/dL) 191.87 197.88 7.11e-01 

ALT (U/L) 68.73 58.78 4.37e-01 

Na+ (mmol/L) 140.74 139.40 1.27e-01 

K+(mmol/L) 4.06 4.14 4.13e-01 

Cl-(mmol/L) 101.80 100.87 1.97e-01 

HCO3 (mmol/L) 23.48 24.49 4.86e-02 

S. creatinine(mg/dL) 1.87 1.56 1.15e-01 

FBS (mmol/L) 9.46 5.79 3.72e-16 

HbA1C (%) 8.29 5.44 4.05e-32 

D-dimer (µg/mL) 2.14 1.78 2.82e-01 

Ferritin (ng/mL) 748.80 585.82 3.20e-02 

C-Reactive Protein (mg/L) 78.00 69.44 5.45e-01 

Troponin I (ng/mL) 1.00 0.88 7.96e-01 

 

The findings demonstrated that DM COVID-19 positive patients had substantially higher 

serum ferritin, D-dimer, and ALT levels than DM COVID-19 negative patients. This 

information suggests that DM may have made the immunological dysregulation that caused 

the cytokine storm worse (Abbaspour et al., 2014), the risk of VTE (Linkins and Lapner, 

2017; Paliogiannis et al., 2020) and liver function damage (Cai et al., 2020; Chen et al., 

2020; Fan et al., 2020). Serum ferritin, D-dimer, and ALT levels in NDM patients with 

COVID-19 positive and COVID-19 negative were considerably higher, according to  
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analysis of the blood parameters in these patients exclusively. Individuals with COVID-19 

compared to those with NDM patients who did not have COVID-19 (Table 3.3). FBS levels 

are often greater in DM patients with uncontrolled disease. In actuality, HbA1c represents the 

average blood sugar levels over the previous three months, and a higher HbA1c level 

suggests inadequate glycemic management. In comparison to the NDM COVID-19 group, 

the mean HbA1c value was considerably higher in the DM COVID-19 group (Table 3.3). 

However, neither COVID-19 positive nor COVID-19 negative DM patients' levels of HbA1c 

or FBS showed a noticeable difference (Table 3.3). As a result, (Tables 3.2 and 3.3) findings 

support the idea that COVID-19 patients with diabetes do not have aggravated diabetes, but 

rather that the multiple pathophysiological events caused by DM may be related to the 

progression and severity of COVID-19. This may be a plausible explanation for why 

COVID-19 patients with DM had a higher possibility of developing serious complications. 

Despite some differences, all of the patients who died from COVID-19 with DM had levels 

of ferritin, D-dimer, CRP, and ALT that were many times higher than normal (Table 3.2), 

indicating that numerous pathophysiological processes were likely involved in their demise. 

According to a study using meta-analysis, DM in COVID-19 patients twice the morbidity and 

severity of the condition compared to NDM (Cariou et al., 2020; Pal & Bhadada, 2020; 

Kumar et al., 2020). Poor results in COVID-19 have been connected to common diabetes 

demographics and comorbidities such older age, male sex, cardiovascular disease, 

hypertension, and obesity (Zheng et al., 2020). However, it is still unclear if DM directly 

affects COVID-19 patients' morbidity and mortality, or whether the cardiovascular and renal 

comorbidities that are frequently linked to DM are the main variables at play. Results from 

the current study (Tables 3.2 and 3.3) point to the possibility of routinely using serum ferritin, 

D-dimer, and ALT levels as biomarkers for COVID-19 progression and severity evaluation in 

DM patients and NDM patients, respectively. Although there was no discernible difference in 

CRP and Troponin-I levels, both exhibited a greater trend in COVID-19 positive patients, 

whether they had diabetes or not (Tables 3.2 and 3.3). This pattern could reflect to the 

COVID-19 patients' elevated risk of heart failure. Data in (Table 3.2 and 3.3) reveal that these 

biomarkers ought to be investigated for COVID-19 severity estimation.  
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3.4.4 Explorative Data Analysis 

The boxplots demonstrate that patients with COVID-19 positivity had higher median ferritin 

levels than COVID-19 negative individuals. But the graph shows no appreciable variation in 

ferritin levels between DM and NDM people (Figure 3.3).  
 

 

Figure 3.3: Ferritin boxplots in DM and NDM patients with positive and negative COVID-

19 findings  

We used a simple 3D plot Figure 3.4(a) of these variables and colored the dots according to 

COVID-19 positive and negative since serum ferritin, D-dimer, and CRP may play major 

roles in screening COVID-19 positive and negative people. It is noted that none of the points 

can be fully distinguished by the aforementioned three factors. On the variables ferritin, D-

dimer, CRP, and Troponin-I, we conducted principal component analysis (PCA) as an 

extension of categorization. The PCA analysis also revealed that not all of the variables' 

points can be entirely separated Figure 3.4(b). 
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Figure 3.4 (a): 3D plot of Ferritin, D-dimer and CRP as these variables might play role in  

detecting COVID and non-COVID  

 

 

 

 

 

 

 

 

 

       

 

 

 

 

 

 

 

 

Figure 3.4 (b): Use principal component analysis of variables Ferritin, CRP and d-dimer for 

partitioning the groups 
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CHAPTER FOUR 

In Silico Analysis of Damaging Single-Nucleotide Polymorphisms and Their Structural 

and Functional Impact on the Insulin Receptor 

Summary 

The SNPs in the coding region of a protein may confer structural modification and 

destabilization for alteration of functions. The SNPs in the INSR are considered as a cause 

disease namely Donohue syndrome or Leprechaunism, Rabson-Mendenhall syndrome, and 

type A insulin resistance. Therefore, the deleterious nsSNPs in INSR have been analyzed 

based on different bioinformatics tools. Initially, the effects of 57 nsSNPs retrieved from 

database of SNP (dbSNP) were analyzed with PROVEAN followed by PolyPhen and I-

Mutant servers. Eighteen mutants predicted to confer damaging effects on the INSR protein 

structure and function were further analyzed. The computational analysis predicted 13 

nsSNPs conferring decreased protein stability loss of function. Two SNPs generating I448T 

and W1220L were labeled as "Highly Destabilizing" among all the SNPs, suggesting that 

these polymorphisms should be taken into consideration as a potential target for further 

research. The single amino acid substitution on the structure of a protein or the interaction 

between proteins might be significant. 

4.1 Introduction 

It is estimated that about 270 million adults worldwide have T2DM, and this figure is 

anticipated to be 416.5 by 2030 (Crafa et al., 2021). In different individuals and groups, a 

single-gene mutation or SNP does not always result in the same results. A single nucleotide 

A, T, C, or G in the genome (or other shared sequence) that differs between individuals of a 

biological species or paired chromosomes is known as a single nucleotide polymorphism. 

This variation in DNA sequence occurs frequently within a population (e.g., 1%). SNPs can 

act as a helpful genetic marker for genome-wide association studies. SNPs' repercussions or 

harmful effects are typically linked to how they affect the structure and function of proteins. 

The genetic makeup of an individual, a family, or a population as a whole may have an 

impact on this variance directly or indirectly and may interact with a variety of environmental 

circumstances (Staiger et al., 2009). In the course of genome-wide association studies 

(GWAS), more than 70 SNPs comprising more than 40 genomic  
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regions have been identified, and each one contributes just marginally to a person's chance of 

acquiring T2DM (Kharroubi & Darwish, 2015). Age, lifestyle changes, decreased physical 

activity, high-calorie meals, and ethnicity, income, and socioeconomic status are all risk 

factors for diabetes (Abuhendi et al., 2019). The risk of having diabetes may also be 

increased by hereditary factors. The exons of the genome are home to roughly 500,000 SNPs, 

which make up the majority of human genetic variations. These SNPs, particularly 

nonsynonymous SNPs (nsSNPs), can alter the amino acid residues and increase the 

functional variety of encoded proteins in the human population (Musambil & Siddiqui, 2019). 

It is clear that SNPs are not distributed evenly across the chromosomes. Instead of coding 

sections, SNPs typically exist in non-coding regions (Barreiro et al., 2008). It is currently 

very difficult to identify the functional SNPs in a disease-related gene using laboratory 

techniques. Due to recent advancements in the "in-silico" technique and procedures, research 

inquiries can now be conducted without the need for extensive lab work. Because genetic 

differences are important risk factors associated with diabetes susceptibility, the SNPs in the 

INSR retrieved from database of SNP (dbSNP) were analyzed. The main goal of this study is 

to investigate the SNP genetic variations in the human INSR gene and their potential effects 

on the protein structure and activity using bioinformatics and computational techniques. The 

SNPs and their effects on INSR, however, have only been the subject of a relatively small 

number of researches (Thomas et al., 2011). 

In the present study, it has been focused to investigate the SNPs in the human INSR gene and 

their possible effects on structure and functions of INSR using bioinformatics tools. The 

deleterious nsSNPs in the INSR have been predicted. The impact of the deleterious nsSNPs 

has been investigated after construction three dimensional (3D) models. These SNPs may 

have an impact on the structural integrity of human INSR protein and be involved in several 

genetic diseases.    

4.2 Materials and Methods 

4.2.1 Datasets 

The data of human INSR gene was collected from Online Mendelian Inheritance in Man 

(OMIM) and Entrez Gene on National Center for Biotechnology Information (NCBI) web 

sites.  
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The SNPs information (protein accession number and SNP ID) of the INSR gene was 

retrieved from the NCBI dbSNP (http://www.ncbi.nlm.nih.gov/snp/). 

4.2.2 Analysis of Protein Variation Effects 

A predictor based on protein sequences calculates the impact of protein sequence variation on 

function. The impact of single amino acid mutations on protein stability and protein binding 

effectiveness can be predicted using a variety of web servers. The following programs were 

utilized in this study: PROVEAN (http://provean.jcvi.org/index.php), I-Mutant 3.0 

(http://gpcr2.biocomp.unibo.it/cgi/predictors/I-Mutant3.0/I-Mutant3.0.cgi), and PolyPhen 

(http://genetics.bwh.harvard.edu/pph2/). Protein sequences from BLAST hits that shared 

more than 75% of their global sequence identity were grouped together in PROVEAN, and 

the top clusters were used to create a supporting sequence collection. The final PROVEAN 

score was calculated using a delta alignment scoring system, which summed the scores of 

each supporting sequence both within and between clusters. If the final score falls below a 

predetermined threshold (the default is 2.5), a protein variant is described as "deleterious," 

and if the score rises over the threshold, it is projected to be "neutral" (Choi et al., 2012). 

Using precise empirical principles, PolyPhen version 2 forecasts the impact of amino acid 

substitution on the composition and behavior of proteins. The input choices for PolyPhen 

include protein sequence, database ID/accession number, amino acid position, and 

information on amino acid variants (Ramensky et al., 2002). The tool calculates the score 

difference across variations and estimates the position-specific independent count (PSIC) 

score for each variant. Support Vector Machine (SVM) algorithm is the foundation of I-

Mutant 2.0 and I-Mutant 3.0, which estimate the stability of the protein due to single amino 

acid mutations. By using the protein sequence or structure, it can forecast changes in protein 

stability. When prediction is based on protein sequence, its overall accuracy is 77%. As 

regression estimators, I-Mutant 2.0 and I-Mutant 3.0 forecast the DDG values as well as the 

stability change's sign. Additionally, I-Mutant 3.0 divides mutations into the following three 

groups: neutral mutation (0.5 DDG 0.5), large drop (0.5), and significant gain (>0.5) 

(Abagyan et al., 1994; Schymkowitz et al., 2005). 
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4.2.3 3D Modeling and Analysis of Protein Structure 

The INSR-related proteins were discovered using the EMBL-EBI website tool PDBsum 

(http://www.ebi.ac.uk/pdbsum/). PDBsum offers a quick look at each macromolecular 

structure that has been deposited in the Protein Data Bank (PDB). To generate a list of the 

closest matches, it runs a FASTA search against each sequence in the PDB (de Beer et al., 

2014). Using characteristics of their local structural surroundings, potential binding 

interactions, and evolutionary conservation, LS-SNP/PDB (Ryan et al., 2009) annotates all 

human SNPs that result in an amino acid change in a protein structure in PDB (Deshpande et 

al., 2005). A highly conserved surface patch or a charged surface patch with a nsSNP 

suggests potential biological significance. With the aid of these annotations, users can swiftly 

examine a large number of nsSNPs of interest and give priority to those that are most likely 

to affect the regular protein activities. To study human nsSNPs into protein homology 

models, the LS-SNP website is very helpful (Karchin et al., 2005). The mutant models of 

each of the chosen PDB entries for the relevant amino acid substitutions were created using 

PYMOL. To modify amino acids, PYMOL enables browsing through a library of rotamers. 

The natural amino acid was switched out with a different one using a "Mutagenesis Wizard." 

The "best" rotamer of the new amino acid can be used to replace the native amino acid with 

the help of the mutation tool. For each model, ".pdb" files were saved. 

4.2.4 Structure Validation and Energy Minimization 

For assessing the caliber and validation of the improved 3D structural models, the Structural 

Analysis and Verification Server (SAVES) was built. The PROCHECK, PROVE, and 

ERRAT software applications are integrated into SAVES to examine the overall quality of 

the 3D models produced by the PYMOL mutagenesis tool. Using KoBaMIN, a knowledge-

based potential refinement for proteins methodology, structure refinement was done 

(Rodrigues et al., 2002). 

4.2.5 Protein Stability Validation for Mutant Structure 

To examine and forecast the effects of single-point mutations on protein stability and protein-

protein and protein-nucleic acid affinity, a method known as Mutation Cutoff  
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Scanning Matrix (mCSM) is used. To represent the surroundings of protein residues, the 

mCSM records distance patterns between atoms (Pires et al., 2014).  

4.2.6 Structural Analysis 

Chimera at the University of California, San Francisco (UCSF) allowed users to see the 

anticipated structures. It is a computationally complex tool for molecular model visualization, 

and it offers the user an interactive interface for studying the models and data associated with 

the models. It offers a platform for studying sequence alignments, producing homology 

models, performing molecular docking, visualizing different density models, and 

superimposing several models for comparison (Pettersen et al., 2004). The effect of the 

nonsynonymous alteration in terms of steric hindrance due to the changes in the side chains 

and charge of the amino acid was observed when the mutant and wild type structures were 

overlaid. The impact of the substituted amino acid's degree of hydrophobicity or 

hydrophilicity on the interacting intrachain and interchain molecules was then examined. The 

workflow of this chapter using different bioinformatics tools is shown in Figure 4.1. 
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Figure 4.1: A flow chart of bioinformatics tools 

4.3 Results and Discussion 

4.3.1 SNP Dataset from dbSNP 

Both validated and unvalidated polymorphisms can be found in the dbSNP. Despite this flaw, 

we chose to use the dbSNP because it is the largest SNP database and most of the nsSNPs of 

INSR have their allelic frequency documented there. Some previously reported SNPs in 

dbSNP have been found to be invalid in our data search due to improper sequencing and 

alignment. These incorrect SNPs have either vanished or combined with additional SNPs. 

The names of some INSR genes have been changed.  
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The outdated and useless SNPs were eliminated after a thorough cross-examination of the 

databases. The INSR gene has 4967 SNPs with data available at dbSNP. Only 57 of the 4967 

SNPs in the coding area were nsSNPs (Table 4.1). Only the nsSNPs in the coding area were 

taken into account in our analysis. 

Table 4.1: List of nsSNPs that were predicted to have functional significance by PROVEAN 

SNP_ID Mutation PROVEAN Result PROVEAN Score 

rs1799816 V1012M Neutral -2.418 

rs52836744 G58R Deleterious -6.762 

rs121913144 R1027*    -    - 

rs121913145 H236R Deleterious -5.616 

rs121913156 R1201Q Deleterious -3.701 

rs891087 D261E Neutral -0.116 

rs2162771 P830L Neutral -1.576 

rs13306449 Y1361C Deleterious -4.157 

rs35045353 G811S Neutral -2.401 

rs1051691 I448T Deleterious -3.774 

rs1051692 Y171H Neutral -1.304 

rs2229429 D546E Neutral -2.474 

rs7508518 A2G Neutral 0.465 

rs52800171 W1220L Deleterious -11.648 

rs55816055 S353P Deleterious -2.761 

rs56395521 L1065V Neutral -1.133 

rs72549237 V362I Neutral -0.211 

rs76077021 R889W Deleterious -4.254 

rs76673783 E664G Deleterious -5.068 

rs78433961 R796S Neutral -0.984 

rs78827745 M65K Deleterious -3.808 

rs79312957 R413C Deleterious -5.623 

rs113527718 S1297G Deleterious -2.539 

rs138528064 T320M Neutral -1.959 

rs140762552 T107M Deleterious -2.922 

rs140852238 E51K Deleterious -2.545 

rs141484557 G262S Deleterious -3.037 

rs142391704 A706D Neutral 0.622 

rs142910337 D75G Neutral 1.672 

rs143523271 S748L Neutral -0.793 

rs143919163 G192D Neutral -1.884 

rs144029037 V900I Neutral -0.698 

rs146588336 D946E Neutral -0.743 

rs147671523 E517G Deleterious -4.293 
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SNP_ID Mutation PROVEAN Result PROVEAN Score 

rs148838377 P755S Neutral -0.076 

rs149536206 H8598*  -   - 

rs150114699 L991I Neutral -1.71 

rs181150880 R410Q Neutral -2.011 

rs182552223 T858A Deleterious -2.612 

rs183360558 D893N Neutral -1.752 

rs185736681 R1053C Deleterious -5.933 

rs187282966 R889Q Neutral -1.492 

rs199580495 S1033F Deleterious -5.642 

rs199599404 M1319I Neutral -1.196 

rs199659271 C219R Deleterious -9.831 

rs200059069 K411Q Neutral -1.21 

rs200110540 V866I Neutral -0.134 

rs200199169 P271L Neutral -2.315 

rs200400127 A1340V Neutral -1.519 

rs200921389 G1048D Neutral -1.585 

rs201147780 K294R Neutral -0.904 

rs201466857 T858M Deleterious -3.384 

rs201506342 P1312T Deleterious -3.008 

rs201978448 A537V Deleterious -3.252 

rs201979105 S1221A Deleterious -2.698 

rs202160383 R1128H Neutral -2.063 

 

4.3.2 Effects of  nsSNPs on INSR Predicted by Bioinformatics Tools  

While other tools function similarly with the structure, the PROVEAN algorithm primarily 

uses the primary sequence for prediction. In contrast to other tools, PROVEAN has the 

advantage of being able to forecast a large number of replacements without the need for 

structures. Based on sequence homology, PROVEAN forecasts how the variant will affect the 

biological function of the protein. PROVEAN scores are categorized as "neutral" over a given 

threshold (here 2.5) and "deleterious" below it. To determine the PROVEAN score, a.txt file 

containing the "db SNP rsIDs" of each of the 57 nsSNPs was uploaded to the "dbSNP rsIDs" 

page. 24 of the 57 nsSNPs were predicted by PROVEAN to be harmful, and 33 to be neutral 

(Table 4.1). W1220L and C219R, two of the 24 harmful nsSNP mutations, had PROVEAN 

scores of -11.648 and -9.831, respectively, and were projected to be very detrimental. 

Through the use of BLAST, PolyPhen locates homologs of the input sequences and produces 

PSIC scores for each variation, estimating the difference between the variant  
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scores; the difference of 0.339 is harmful. The sequences are subjected to some empirical 

guidelines, and the accuracy is about 82% with an 8% probability of a false-positive 

prediction. Each of the 57 nsSNPs' matching amino acid changes and the protein accession 

number of INSR (P06213) were submitted separately. The results from the PolyPhen server 

are compiled in (Table 4.2). 

Table 4.2: Potential effect of amino acid substitution for nsSNPs in human INSR gene 

predicted by the PolyPhen algorithm 

SNP_ID Mutation Polyphen Result   Scor

e 

Sensitivity Specificity 

rs1799816 V1012M PROBABLY DAMAGING 0.992 0.7 0.97 

rs52836744 G58R PROBABLY DAMAGING 1 0 1 

rs121913144 R1027* -                                    - - - 

rs121913145 H236R PROBABLY DAMAGING 1 0 1 

rs121913156 R1201Q PROBABLY DAMAGING 1 0 1 

rs891087 D261E BENIGN 0 1 0 

rs2162771 P830L BENIGN 0 1 0 

rs13306449 Y1361C PROBABLY DAMAGING 1 0 1 

rs35045353 G811S BENIGN 0.441 0.89 0.9 

rs1051691 I448T PROBABLY DAMAGING 0.996 0.55 0.98 

rs1051692 Y171H BENIGN 0.024 0.95 0.81 

rs2229429 D546E BENIGN 0.032 0.95 0.82 

rs7508518 A2G BENIGN 0 1 0 

rs52800171 W1220L PROBABLY DAMAGING 1 0 1 

rs55816055 S353P POSSIBLY DAMAGING 0.528 0.88 0.9 

rs56395521 L1065V BENIGN 0 1 0 

rs72549237 V362I BENIGN 0.003 0.98 0.44 

rs76077021 R889W BENIGN 0.111 0.93 0.86 

rs76673783 E664G POSSIBLY DAMAGING 0.592 0.87 0.91 

rs78433961 R796S BENIGN 0.001 0.99 0.15 

rs78827745 M65K POSSIBLY DAMAGING 0.934 0.8 0.94 

rs79312957 R413C PROBABLY DAMAGING 0.999 0.14 0.99 

rs113527718 S1297G BENIGN 0.004 0.97 0.59 

rs138528064 T320M BENIGN 0.199 0.92 0.88 

rs140762552 T107M PROBABLY DAMAGING 1 0 1 

rs140852238 E51K BENIGN 0.003 0.98 0.44 

rs141484557 G262S POSSIBLY DAMAGING 0.939 0.8 0.94 

rs142391704 A706D BENIGN 0 1 0 

rs142910337 D75G BENIGN 0 1 0 

rs143523271 S748L BENIGN 0 1 0 
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SNP_ID Mutation Polyphen Result   Scor

e 

Sensitivity Specificity 

rs143919163 G192D BENIGN 0.005 0.97 0.74 

rs144029037 V900I BENIGN 0.048 0.94 0.83 

rs146588336 D946E     

rs147671523 E517G POSSIBLY DAMAGING 0.726 0.86 0.92 

rs148838377 P755S BENIGN 0 1 0 

rs149536206 H8598*                      -   -   -   - 

rs150114699 L991I BENIGN 0.442 0.89 0.9 

rs181150880 R410Q POSSIBLY DAMAGING 0.935 0.8 0.94 

rs182552223 T858A BENIGN 0.007 0.96 0.75 

rs183360558 D893N BENIGN 0 1 0 

rs185736681 R1053C BENIGN 0.223 0.91 0.88 

rs187282966 R889Q BENIGN 0.252 0.91 0.88 

rs199580495 S1033F PROBABLY DAMAGING 0.968 0.77 0.95 

rs199599404 M1319I BENIGN 0.007 0.96 0.75 

rs199659271 C219R PROBABLY DAMAGING 1 0 1 

rs200059069 K411Q POSSIBLY DAMAGING 0.75 0.85 0.92 

rs200110540 V866I BENIGN 0 1 0 

rs200199169 P271L BENIGN 0 1 0 

rs200400127 A1340V BENIGN 0.021 0.95 0.8 

rs200921389 G1048D BENIGN 0.009 0.96 0.77 

rs201147780 K294R BENIGN 0.008 0.96 0.76 

rs201466857 T858M PROBABLY DAMAGING 0.994 0.69 0.97 

rs201506342 P1312T POSSIBLY DAMAGING 0.616 0.87 0.91 

rs201978448 A537V BENIGN 0.143 0.92 0.86 

rs201979105 S1221A PROBABLY DAMAGING 0.997 0.41 0.98 

rs202160383 R1128H BENIGN 0.031 0.95 0.82 

 

 SNPs were categorized as benign and harmful based on a PSIC score differential. PolyPhen-

2 scores range from 0.000 (likely beneficial) to 0.999 (likely harmful). The PSIC values 

ranged from 1.51 to 3.41, and 21 out of the 57 nsSNPs were predicted to be "damaging." The 

SIFT (Sorting Intolerant from Tolerant) software identified 18 nsSNPs that were predicted by 

the PolyPhen service to be harmful. I-Mutant is a routine tool built on a neural network that is 

used to analyze changes in protein stability by taking into account single-site mutations. 

Additionally, I-Mutant offers the scores for free energy modifications that were computed 

using the FOLD-X energy-based web server. About 93% precision can be attained by 

combining the FOLD-X and I-Mutant calculations. A destabilization threshold for an SNP of 

about 1.5 Kcal/mol has been taken into consideration. I-Mutant determined 46 nsSNPs to be 

destabilized based on DDG values (Table 4.3).  
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Table 4.3: List of nsSNPs stability predicted by I-MUTANT 

SNP_ID Mutation Stability 

rs1799816 V1012M Decrease 

rs52836744 G58R Decrease 

rs121913144 R1027*      - 

rs121913145 H236R Decrease 

rs121913156 R1201Q Decrease 

rs891087 D261E Increase 

rs2162771 P830L Decrease 

rs13306449 Y1361C Increase 

rs35045353 G811S Decrease 

rs1051691 I448T Decrease 

rs1051692 Y171H Decrease 

rs2229429 D546E Increase 

rs7508518 A2G Decrease 

rs52800171 W1220L Decrease 

rs55816055 S353P Increase 

rs56395521 L1065V Decrease 

rs72549237 V362I Decrease 

rs76077021 R889W Decrease 

rs76673783 E664G Decrease 

rs78433961 R796S Decrease 

rs78827745 M65K Decrease 

rs79312957 R413C Decrease 

rs113527718 S1297G Decrease 

rs138528064 T320M Decrease 

rs140762552 T107M Decrease 

rs140852238 E51K Decrease 

rs141484557 G262S Decrease 

rs142391704 A706D Decrease 

rs142910337 D75G Decrease 

rs143523271 S748L Increase 

rs143919163 G192D Decrease 

rs144029037 V900I Decrease 

rs146588336 D946E Increase 

rs147671523 E517G Increase 

rs148838377 P755S Decrease 

rs149536206 H8598*      - 

rs150114699 L991I Decrease 

rs181150880 R410Q Decrease 

rs182552223 T858A Decrease 

rs183360558 D893N Decrease 

rs185736681 R1053C Decrease 

rs187282966 R889Q Decrease 

rs199580495 S1033F Increase 
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SNP_ID Mutation Stability 

rs199599404 M1319I Decrease 

rs199659271 C219R Decrease 

rs200059069 K411Q Increase 

rs200110540 V866I Decrease 

rs200199169 P271L Decrease 

rs200400127 A1340V Decrease 

rs200921389 G1048D Decrease 

rs201147780 K294R Increase 

rs201466857 T858M Decrease 

rs201506342 P1312T Decrease 

rs201978448 A537V Increase 

rs201979105 S1221A Decrease 

rs202160383 R1128H Decrease 

 

Finally, we chose 18 significant nsSNPs since I-Mutant analysis revealed lower structural 

stability and PROVEAN, PolyPhen, and SIFT tools predicted them to be harmful (Table 4.4). 

Table 4.4: Common amino acid change of deleterious nsSNPs in human INSR gene predicted 

by PROVEAN and PolyPhen algorithms. 

SNP_ID Mutation PROVEAN 

Result 

PROVEAN 

Score 

Polyphen Result   Score 

rs52836744 G58R Deleterious -6.762 PROBABLY DAMAGING 1 

rs121913145 H236R Deleterious -5.616 PROBABLY DAMAGING 1 

rs121913156 R1201Q Deleterious -3.701 PROBABLY DAMAGING 1 

rs13306449 Y1361C Deleterious -4.157 PROBABLY DAMAGING 1 

rs1051691 I448T Deleterious -3.774 PROBABLY DAMAGING 0.996 

rs52800171 W1220L Deleterious -11.648 PROBABLY DAMAGING 1 

rs55816055 S353P Deleterious -2.761 POSSIBLY DAMAGING 0.528 

rs76673783 E664G Deleterious -5.068 POSSIBLY DAMAGING 0.592 

rs78827745 M65K Deleterious -3.808 POSSIBLY DAMAGING 0.934 

rs79312957 R413C Deleterious -5.623 PROBABLY DAMAGING 0.999 

rs140762552 T107M Deleterious -2.922 PROBABLY DAMAGING 1 

rs141484557 G262S Deleterious -3.037 POSSIBLY DAMAGING 0.939 

rs147671523 E517G Deleterious -4.293 POSSIBLY DAMAGING 0.726 

rs199580495 S1033F Deleterious -5.642 PROBABLY DAMAGING 0.968 

rs199659271 C219R Deleterious -9.831 PROBABLY DAMAGING 1 

rs201466857 T858M Deleterious -3.384 PROBABLY DAMAGING 0.994 

rs201506342 P1312T Deleterious -3.008 POSSIBLY DAMAGING 0.616 

rs201979105 S1221A Deleterious -2.698 PROBABLY DAMAGING 0.997 
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4.3.3 Effects of nsSNPs on Protein Structure 

The PDBsum web-based tool from EMBL-EBI was used to search the INSR protein 

structures. The amino acid sequences of two related protein structures having PDB ID, 2HR7 

and 4IBM, were discovered to be 100% identical. Due to necessary maintenance, the single 

amino acid polymorphism (SAAP) database server (http://www.bioinf.org.uk/saap/db/) is not 

available. As a result, SAAP did not allow us to map the harmful nsSNPs into the protein 

structure. Through the LS-SNP/PDB service, the harmful nsSNPs were mapped to 

information on the protein structure. This source states that 4IBM had 4 nsSNPs, while 2HR7 

had 9 nsSNPs. The LS-SNP/PDB server additionally forecasts solvent accessibility and 

conservation ratio for specific protein structures in addition to SNP scanning. Table 4.5 

provides a summary of the mapping of mutant structures, their solvent accessibility, and their 

conservation ratios.  

Table 4.5: Mapping of nsSNPs in 2HR7 and 4IBM 3D structures 

PDB_ID_2HR7 Mutation PDB Residue 

Number 

Solvent Accessibility Conservation 

rs52836744 G58R 31 Intermediate 10% 5% 

rs121913145 H236R 209 Intermediate 23% 10% 

rs1051691 I448T 421 Buried 1% 1% 

rs55816055 S353P 326 Buried 5% 3% 

rs78827745 M65K 38 Buried 0% 8% 

rs79312957 R413C 386 Exposed 58% 3% 

rs140762552 T107M 80 Buried 2% 5% 

rs141484557 G262S 235 Exposed 46% 25% 

rs199659271 C219R 192 Buried 5% 11% 

 

PDB_ID_4IBM Mutation PDB Residue 

Number 

Solvent Accessibility Conservation 

rs121913156 R1201Q 1174 Intermediate 10% 0% 

rs52800171 W1220L 1193 Buried 1% 0% 

rs199580495 S1033F 1006 Intermediate 30% 0% 

rs201979105 S1221A 1194 Buried 5% 0% 
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Thirteen of the 18 nsSNPs that PROVEAN or PolyPhen predicted to be harmful were mapped 

to the natural structures of PDB ID 2HR7 and 4IBM. The PYMOL mutation tool was used to 

all the functional nsSNPs predicted by the PROVEAN and PolyPhen programs. For 

comparison with the native structures, a model for each functional nsSNP was created using 

the PYMOL mutagenesis tool and displayed using the UCSF Chimera tool (Figure 4.2, only 

mutants rs1051691 (I421T) and rs121913156 (R1174Q) are shown).  

 

Figure 4.2: A comparison of amino acid substitutions due to nsSNPs. Two mutant structures 

of deleterious nsSNPsrs1051691 (I421T) and rs121913156 (R1174Q) are compared to their 

native structures 2hr7 and 4ibm, respectively. Models were generated by using PYMOL and 

visualized by UCSF Chimera. 

Both the native structures (2HR7 and 4IBM) and the mutant-modeled structures are subjected 

to energy minimization. To save energy, the KoBaMIN web server employs a force field. 

Table 4.6 summarizes the total energy for all mutant and native models following reduction. 

The natural structures of 2HR7 and 4IBM have total energies of 22087.6969 kJ/mol and 

13041.4646 kJ/mol, respectively. Both the 2HR7 and 4IBM mutant models exhibit a change 

in total energy caused by mutation. RMSD is a measurement of  
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how far mutant structures deviate from their original forms. The higher difference between the 

two structures indicates the greater RMSD value. Functional activity is then impacted by 

structural alterations. Table 4.6 contains the RMSDs for all the mutant structures. 

Table 4.6: RMSD and total energy after energy minimization of native structures and their 

mutant 3D models 

Molecules RMSD (Å) Total energy after energy minimization 

(kJ/mol) 

2HR7 native-type structure 6.019 -22087.6969 

2HR7 mutant (rs52836744) 6.007 -21968.7347 

2HR7 mutant (rs121913145) 5.985 -21815.0585 

2HR7 mutant (rs1051691) 5.997 -22160.7304 

2HR7 mutant (rs55816055) 5.957 -21903.7516 

2HR7 mutant (rs78827745) 5.991 -21816.4353 

2HR7 mutant (rs79312957) 6.025 -21962.4576 

2HR7 mutant (rs140762552) 5.992 -21823.0448 

2HR7 mutant (rs141484557) 5.995 -22076.7362 

Molecules RMSD (Å) Total energy after energy minimization 

(kJ/mol) 

2HR7 mutant (rs199659271) 5.98 -21736.5417 

4IBM native-type structure 0.404 -13041.4646 

4IBM mutant (rs121913156) 0.436 -13091.3512 

4IBM mutant (rs52800171) 0.39 -12830.5659 

4IBM mutant (rs199580495) 0.402 -11940.1628 

4IBM mutant (rs201979105) 0.376 -13076.6808 
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 In comparison to native structures, which have RMSD values of 6.019 and 0.404, 

respectively, the mutants rs79312957 and rs121913156 have higher RMSD values of 6.025 

and 0.436, correspondingly. There is a possibility that these two nsSNPs alter the proteins' 

structural makeup. The PROVEAN and PolyPhen servers also demonstrated the 

deleteriousness of these two nsSNPs. The 3D model of chain A was overlaid with the 3D 

structures of the native INSR protein crystal structures of 2HR7 and 4IBM. The overlaid 

structures demonstrated that the mutations may have significantly altered the structure of the 

protein and, consequently, its function (Figure 4.3; only rs79312957 is shown).  

 

Figure 4.3: Superimposition of native and mutant structures. Native structure (2HR7) shows 

arginine at position 386 (a) and mutant modeled structure rs79312957 (R386C) shows 

cysteine residue at the corresponding position (b). (c) shows the superimposition of the native 

structure 

The mutants' substituted amino acid residues may have changed how the INSR conforms, how 

nearby amino acids network together, or how the substrate and receptor interact (Azad et al, 

2012; Azad et al., 2014). 
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4.3.4 Effects of nsSNP on Protein Stability 

The effects of the nsSNPs on protein stability were calculated using FOLD-X by the mCSM 

server, which determines the Gibbs free energy DDG using an empirical energy equation. The 

position and kind of a replaced residue are taken into account by the empirical energy terms. 

The   mCSM a structure-based prediction tool. To gather the most data on the impact of single 

amino acid substitutions, two different analysis protocols were used: (1) all nsSNPs were 

taken into consideration individually, and their impact on protein stability and interaction 

potential was determined; (2) nsSNPs were taken into consideration in accordance with allelic 

sequences. All of the structures were initially reduced in order to get the protein stability 

value. Then, using FOLD-X 3.0's Build Model function, the structures for each individual 

amino acid variant were created. Finally, utilizing the complex properties that were examined, 

it was possible to identify how each individual amino acid alteration affected the protein 

stability of INSR. When the DDG was greater than 0 or less than 0, the mutation was regarded 

as destabilizing or stabilizing, accordingly. In order to forecast the mutant structure's protein 

stability upon mutation, all the mutant structures ultimately produced by the PROVEAN, 

PolyPhen, and I-Mutant algorithms were eventually uploaded to the mCSM server. All 

structures were projected by the mCSM to be "Destabilizing," with two of them being "Highly 

Destabilizing" (Table 4.7). 

Table 4.7: Protein stability upon mutation 

 

 

 

 

Molecules Mutation PDB 

Residue 

Number 

RSA (%) Predicted 

ΔΔG 

Outcome 

2HR7 native-type structure      

2HR7 mutant (rs52836744) G58R 31 33.2 -1.11 Destabilizing 

2HR7 mutant (rs121913145) H236R 209  30.5 -0.248 Destabilizing 

2HR7 mutant (rs1051691) I448T 421 0 -2.403 Highly 

Destabilizing 

2HR7 mutant (rs55816055) S353P 326 15.5 -0.339 Destabilizing 

2HR7 mutant (rs78827745) M65K 38 0 -1.568 Destabilizing 

2HR7 mutant (rs79312957) R413C 386 70.2 -0.931 Destabilizing 

2HR7 mutant (rs140762552) T107M 80 2.3 -0.387 Destabilizing 

2HR7 mutant (rs141484557) G262S 235 70.3 -0.775 Destabilizing 

2HR7 mutant (rs199659271) C219R 192 3.2 -0.039 Destabilizing 

4IBM native-type structure      

4IBM mutant (rs121913156) R1201Q 1174 11.5 -1.347 Destabilizing 
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This study comes to the conclusion that 13 nsSNPs, particularly rs1051691 and rs52800171, 

impair protein stability, are intolerable, or may cause function loss. Their inclusion in the 

INSR raises the risk of diseases caused by the INSR and altered transcriptional and cell cycle 

control. As a result, it is more likely that they are involved in disease predisposition. 

Therefore, in order to gather comprehensive information on their consequences, these 

mutations should be prioritized for future investigation. The actual structures should be 

identified by X-ray crystallography or nuclear magnetic resonance spectroscopy in order to 

confirm the structures hypothesized in this study. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4IBM mutant (rs52800171) W1220L 1193 2.1 -3.223 Highly 

Destabilizing 

4IBM mutant (rs199580495) S1033F 1006 16.7 -0.888 Destabilizing 

4IBM mutant (rs201979105) S1221A 1194 9.5 -1.858 Destabilizing 
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CHAPTER FIVE 

Analysis of Single Nucleotide Polymorphism in Insulin Receptor in Diabetic Subjects 

Summary 

To investigate the impact of the SNPs in the human INSR gene, we analyzed the insulin 

receptor gene sequences and predicted the deleterious mutation in the insulin receptor using 

different bioinformatics tools. The findings showed that two mutations in I448T and W1220L 

located in exon 6 and 21 respectively were highly destabilizing. Their presence in the INSR 

increases the possibility of altered transcriptional and cell cycle regulation and INSR mediated 

diseases. To confirm the mutation, we isolated the gnomic DNA from patients with Type 2 

(non-insulin-dependent) diabetes and without diabetes. Using the gene specific primers, we 

performed the PCR amplification. The PCR products were purified and sequenced. The 

sequence was analyzed for the presence of mutation in INSR of study subjects. No SNPs were 

observed in the exons of 6, 20 and 21 of diabetic patients. However, three SNPs were 

observed in the exon 11. These mutations in insulin receptor may progress the disease 

pathogenesis or suppress the disease.  

5.1 Introduction 

The T2DM has been considerably increased in many regions of the world. IR or metabolic 

syndrome bear biochemical and physiological disorder of metabolic abnormalities which 

include hyperinsulinemia, glucose intolerance, increased low-density lipoprotein (LDL), 

decreased high-density lipoprotein (HDL), and hypertension, and plays an important role in 

the intimation of the atherosclerotic process (Zhou et al., 2018)). Mutations disrupt insulin 

responses by decreasing the number of insulin receptors or by reducing the receptor’s 

capability to bind insulin (Boucher et al., 2014)). Insulin stimulates endothelial production of 

nitric oxide (NO), a vasodilator, which restricts vascular smooth muscle cell growth and also 

releases a strong vasoconstrictor, endothelin ET-l (Hartge et al., 2007). This dual action of 

insulin is mediated by two major signaling pathways. Under physiological conditions, a 

vasoprotective phosphoinoside-3-kinase (PI3-K)/Akt pathway predominates and is liable for 

manifestation and activation of endothelial nitric oxide synthase (eNOS). When IR appears, 

mitogen-activated protein kinase (MAPK) signaling pathway secures which is also linked 

with endothelial cells by mediating secretion of ET-l  

 

 

 

 



75| P a g e   

(Olver et al., 2019). Insulin is a very well-studied polypeptide hormone produced by the β-

cells of the pancreases in response to nutritional stimuli. Insulin receptor substrate (IRS)-1 is 

2-fold more condensed in the intracellular membrane (IM) compartment than in cytosol, 

whereas IRS-2 is twofold more concentrated in cytosol than in IM. Insulin stimulation 

induces rapid tyrosine phosphorylation of both IRS-1 and IRS-2. This occurs mainly in the 

IM compartment. IRS-2 is located predominately in cytosol (Neff et al., 2020). IRS tyrosine 

phosphorylation is mandatory for insulin response, but depending on which serine is 

phosphorylated, IRS increases or decreases insulin action (Giraud et al., 2004). Insulin is a 

very well-studied polypeptide hormone produced by the β-cells of the pancreases in response 

to nutritional stimuli. In muscle and adiposites, insulin-stimulated glucose uptake is achieved 

by the translocation of the insulin-sensitive glucose transporter (GLUT-4) from intracellular 

storage vesicles to the cell surface (Usui et al., 2003). Insulin receptor is a member of the 

ligand-activated receptor and tyrosine kinase family of transmembrane signaling proteins that 

collectively are fundamentally important regulators of cell differentiation, growth, and 

metabolism (Eichler et al., 2016). The enzymes involved in the regulation of glucose 

metabolism by insulin appear to be regulated by phosphorylation and dephosphorylation on 

serine and/or threonine residues (Scapin et al., 2018). It is an incompletely resolved issue by 

which mechanism the tyrosine-specific kinase activity of the insulin receptor can activate 

serine- and/or threonine-specific phosphorylation. Glucose hemostasis may also be regulated 

by alteration in glycogen metabolism by transcriptional regulation of phosphoenolpyruvate 

carboxykinase, the rate-limiting enzyme in gluconeogenesis (Hubbard et al., 1993). 

Transcription of this enzyme is rapidly decreased after insulin treatment, thus lowering 

protein levels and leading to diminished glucose synthesis. Insulin was the first peptide 

hormone to be analyzed in receptor binding studies. Recently, molecular models of ligand 

binding to receptor have been claimed. The exact regions of the receptor that directly contact 

hormone remain incompletely defined and are still the object of much scrutiny. The two 

general experimental approaches are being employed to define ligand-receptor contact 

regions, affinity labeling and mutagenesis (Chiu et al., 2010). Some researchers identified 

mutations in the insulin receptor, in PI3K, in the liver glucokinase promoter, GLUT4, in the 

glycogen synthase, and in the protein phosphatase-1 are responsible for diabetes mellitus 

(Moller et al., 1990 & Anderson et al., 1992). Consumption of excess calories causes 

increased visceral fat mass and central obesity is linked to IR (Lee & Pilch, 1994; 

Purushottam et al., 2019). In addition, lipid  
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accumulation, lipotoxicity, glucotoxicity, and the secretion of inflammatory markers are 

linked to the development of local and systemic IR (D’Alessandris et al., 2004). The 

pathogenesis of IR can be grouped into: genetic defects, adipose dysfunction, physical 

inactivity, obesity, and inflammation. Insulin receptor is a big warehouse of diseases such as 

DM, one of the most dangerous diseases in human beings. Any change or mutation in insulin 

receptors may change disease pathogenesis. SNPs consist of a single change in the DNA 

code. Variations in the DNA sequences of humans can affect how humans develop diseases 

and respond to pathogens, chemicals, medication, vaccines, and other agents. SNPs may fall 

within coding sequences of genes, non-coding regions of genes, or in the intergenic regions 

between genes. SNPs that are not in protein-coding regions may still have consequences for 

gene splicing, transcription factor binding, or the sequence of non-coding ribonucleic acid 

(RNA). SNPs in coding region may alter the structural conformation of the protein, its 

stability and the intramolecular and intermolecular networks (Azad et al., 2012, Mahmud et 

al., 2016).  We have reported benign, destabilizing and highly destabilizing SNPs in the 

INSR having the PDB ID, 2HR7 and 4IBM (Mahmud et al., 2016). However, there are 

variations between human populations, so an SNP allele that is common in one geographical 

or ethnic group may be much rarer in another. Therefore, the SNPs in the INSR of the 

diabetic patients in Bangladesh may differ from those in that of the  database. Hence, the 

SNPs in some of the exons of the human INSR gene in diabetic and non-diabetic patients 

have been investigated.     

5.2 Materials and Methods 

Methodologies used in this chapter are outlined in figure 5.1. 



77| P a g e   

 

          Figure 5.1: A flow chart of methodologies used in this chapter. 

5.2.1 Isolation of DNA from Blood  

Blood samples were collected from diabetic and non-diabetic subjects. Genomic DNA was 

extracted from blood samples by using genomic DNA isolation kit (FavorPrep
TM

, 

Favorgen, Taiwan) according to the instructions of manufacturer. The study was approved 

by Institutional Ethical Review Board of North East Medical College Hospital, Sylhet, and 

all subjects provided signed informed consent in accordance with our guidelines for the 

protection of human subjects. Nanodrop spectrophotometer was used to determine the DNA 

quality and quantity. The absorbance ratios (A260/280) of the  
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extracted DNA samples ranged from 1.8 -2.0 was considered as the criteria for good-quality 

DNA. Furthermore, the integrity of the genomic DNA was investigated upon agarose gel 

electrophoresis. 

5.2.2 PCR Mediated Amplifications of the Exons in the INSR Gene 

PCR was carried out to amplify the target exons in the genomic DNA.  Exon sequence-

specific primers for Exon-6, Exon-11, Exon-20 and Exon-21 used in this study have been 

shown in table 5.1. 

  Table 5.1: Pairs of primers for amplifying different exons of the INSR gene 

 

The PCR (1 cycle at 95 ͦ°C for 2 minutes for denaturation of DNA; 35 cycles at 95 ͦ °C for 30 

seconds, at 55 ͦ °C for 30 seconds and at 72 ͦ °C for 1 minute; 1 cycle at 72 ͦ °C for 10 

minutes) was performed with 25 µl reaction mixture (1µl template DNA, 1 kb DNA ladder, 

dNTPs, Primers, Agarose, Ethidium bromide). 

5.2.3 PCR Products Purification and DNA Sequencing 

To get rid of any unused dNTPs primers, and other components, we purified the amplified 

PCR products after gel electrophoresis. These impurities have the potential to interfere with 

sequencing reactions and result in false picks. The successful purification of the PCR 

products is shown in (Figure 5.2-5.5). The purified DNA samples were sequenced by 

Sanger method with corresponding forward and reverse primers. 

 

 

Primer Forward Reverse size 

Exon-6 5'AGGCACGTAGCACTGAACA 5'TGTAATGCACTTGAATCATGCTG 433 
Exon-11 5’GTGGTCTGTCTAATGAAGTT 5’GAATTGGTGAAGCATCTGCT 238 
Exon-20 5’AGGTTAAGAGCGTGTGAACCT 5’GAATTCAAGCCCAGCGTCCAT 208 
Exon-21 5’TGTTACTACTATCAACTGTC 5’ACCTGTAACATACAGCATGC 291 
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Figure 5.2: DNA bands of exon 6 after gel purification. Lane M: Molecular marker (1 kb 

DNA ladder, Promega Corporation); Lanes 1 & 2 show the purified PCR product of exon 

6. 

 

 

Figure 5.3: DNA bands of exon 11 after gel purification. First lane: Molecular marker (1 kb 

DNA ladder, Promega Corporation); the indicated bands represent the purified PCR product 

of exon 11. 
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Figure 5.4: DNA bands of exon 20 after gel purification. Lane M: Molecular marker (1 kb 

DNA ladder, Promega Corporation); Lanes 1 & 2 show the purified PCR product of exon 20. 

 

Figure 5.5: DNA bands of exon 21 after gel purification. Lane M: Molecular marker (1 kb 

DNA ladder, Promega Corporation); Lanes 1 & 2 show the purified PCR product of exon 21. 

5.2.4 Bioinformatics Analysis of DNA Sequence for Prediction of SNPs in INSR 

BioEdit 7.2 tool was used to open the raw file of DNA sequences of PCR products. A 

consensus sequence was confirmed from the sequence done with the forward and the  
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reverse primers. The consensus DNA sequences of PCR products aforementioned were used 

to the BLAST (https://blast.ncbi.nlm.nih.gov/Blast.cgi), a computer-based similarity search 

tool. The similar sequences were retrieved for pairwise or multiple alignments. The pairwise 

alignment was performed with EMBOSS Needle 

(https://www.ebi.ac.uk/Tools/psa/emboss_needle/) and the multiple alignment was done with 

CLUSTAL Omega (https://www.ebi.ac.uk/Tools/msa/clustalo/). The both alignments were 

employed for predicting the SNPs in INSR.  

  5.2.5 Mutation Analysis and Homology Modeling 

Mutation Survegor software version 5.0 (https://softgenetics.com/products/mutation-

surveyor/) was used for the detection of mutations in the INSR. The 3D models of both native 

and mutant sequences of INSR were constructed by Swiss model 

(https://swissmodel.expasy.org/). All the models were viewed with PyMol 

(https://pymol.org/2/) for further analysis such as superimposition and visualization.  

5.3 Results and Discussion 

     5.3.1 Generation of Consensus Sequence 

    The PCR products obtained using both forward and reverse primers, were sequenced by 

Sanger method. The output of the DNA sequence file (ab1) provided by the sequencing 

Service Provider was opened in BioEdit 7.2 tool 

(http://www.mbio.ncsu.edu/BioEdit/bioedit.html) for generating consensus sequences from 

the sequences obtained by using forward and reverse primers. Both forward and reverse 

sequence files were opened in this software and a reverse complement of the reverse 

sequence was generated. Then pairwise alignment of both sequences was done and a 

consensus sequence was created. The generated sequence was used to BLAST 

(https://blast.ncbi.nlm.nih.gov/Blast.cgi) so that the similar sequences are found from the 

NCBI database (Figure 5.6). 

 

https://www.ebi.ac.uk/Tools/msa/clustalo/
https://softgenetics.com/products/mutation-surveyor/
https://softgenetics.com/products/mutation-surveyor/
https://pymol.org/2/
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Figure 5.6: BLASTn results of the consensus sequence generated from exon 11.  

    The similarity search by BLAST showed that the sequences of exon 6, 20 and 21 are 100% 

identical with those in the native INSR. However, the sequence of exon 11 showed 98.92% 

identity and 96% query coverage with the sequence of exon 11 in the native INSR. Therefore, 

further analyses were done only with the exon 11.  

 5.3.2. Mutation in the INSR of Diabetic Patient 

After sequencing, nucleotide sequence was converted into a peptide sequence using different 

tools and we compared it with normal patient INSR. In the case of exon 11, we found three 

mutations including threonine to proline, phenylalanine to serine, and glutamate to proline 

(Figure 5.7). 
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Figure 5.7: Three mutations threonine to proline, phenylalanine to serine, glutamate to 

proline in exone 11 of INSR gene. 

Swiss-model (https://swissmodel.expasy.org/), a deep learning-based modeling approach, was 

applied to construct 3D models of both native and mutant proteins where native protein 

sequence retrieved from the UniprotKB (P06213). The generated models were further refined 

by GalaxyRefine, and then the energy minimization was done via Swiss-PdbViewer. Figures 

illustrate the modeled tertiary structures of human insulin, superimposition visualization of the 

protein done via PyMol (Figure 5.8a and 5.8b). The red-colored mutations in exon 11 indicate 

mutation on the diabetic patient (Figure 5.8b). 

 

 

https://swissmodel.expasy.org/
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Figure 5.8(a): 3D model of INSR 

 

Figure 5.8(b): 3D structure analysis of the INSR. The Swiss-model was used to construct the 

3D structure, and these structures were visualized by PyMol 

Mammalian cells use glutamine to feed the tricarboxylic acid (TCA) cycle as an alternative 

source of carbon, and a precursor for proteins, lipids, and nucleic acids. Glutamine is also a 

key precursor in the synthesis of the antioxidant glutathione, which is important in 

maintaining the redox balance in cells and tissues. Glutamine can be converted to proline via 

glutamate. Proline metabolism has complex roles in a variety of biological processes, 

including cell signaling, stress protection, and energy production. Proline also contributes to  
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the pathogenesis of various disease-causing organisms. Serine plays an important role in cell 

signaling. Serine participates in the biosynthesis of biomolecules such as amino acids, 

nucleotides, phospholipids, and sphingolipids. Serine is needed for the proper metabolism of 

fats and fatty acids. It also helps in the production of antibodies. However, the effects of these 

mutations on INSR, the biological activities and the physiological importance of these events 

remain uncertain. The single amino acid substitution in the exon 11 of the INSR does not 

significantly change the intramolecular interaction or hydrogen bonding network. 

Consequently, the structural conformation of the INSR remains almost unchanged (Figure 

5.9). Therefore, future research work is necessary to determine which elements are disturbed 

in the insulin resistant state. Although much work has been done to elucidate the complex 

pathogenesis of INSR, more human studies are still needed. 

 

 

Figure 5.9: The structural conformation of the INSR showing the mutant portion of the exone 

11. The 3D model  of the mutant exone 11 (green) was superposed with the 3D structure of 

the wild exone 11. 
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5.5 Outcomes of the Research 

Findings observed in this chapter support the notion that exon 11 in the INSR in the diabetic 

subjects included in the present study has three mutations. In silico 3D model analysis of these 

mutations showed no significant changes in the hydrogen bonding networking among the 

intramolecular amino acid residues. Therefore, the impacts of these mutations in the exon 11 

should be analyzed by further study with structural analysis. However, no mutation was 

observed in exons 6, 20 and 21 of INSR in diabetic patients include herein. 
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Conclusion 

Several disorders, including insulin-resistant syndromes including Leprechaunism, Rabson-

Mendenhall syndrome, and type A insulin resistance, are shown to be correlated with SNPs in 

the INSR gene in this study. This study comes to the conclusion that 13 nsSNPs, particularly 

rs1051691 and rs52800171, impair protein stability, are intolerable, or may cause function 

loss. Their inclusion in the INSR raises the risk of diseases caused by the INSR and altered 

transcriptional and cell cycle control. As a result, it is more likely that they are involved in 

disease predisposition. This study will assist us in assessing the relationship between obesity, 

dyslipidemia, and T2DM in Bangladeshi population. As far it is known, no research has been 

done on genetic variations in the prevalence of T2DM in the Bangladeshi community. The 

Bangladeshi community is more vulnerable to the escalation of T2DM issues, according to 

the findings of numerous research studies. The Bangladeshi healthcare system is severely 

plagued by increased prevalence. The identification of the gene polymorphism that increases 

susceptibility to T2DM will allow for the implementation of prophylactic and preventive 

interventions. We can demonstrate the metabolic and circulatory consequences of T2DM if 

we can carry out more studies on T2DM carrying polymorphic variations. The development 

of personalized treatment will be facilitated by our growing understanding of gene variations 

and their hazards. As a result, the financial burden on society will decrease. 
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