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Abstract!

 

 Metabolic syndrome is a disease affecting 25% of North America’s population 

causing strain on the medical systems. With diet and exercise, genetics, environment, and 

the gut microbiota all being targeted as potential causes of the disease, there is a lack of 

consensus on the exact aetiology and pathophysiology. With improved methods in 

bioinformatic sequencing of faecal bacterial DNA in recent years, our research indicates 

that a dysbiosis in the gut microbiome is both necessary and sufficient in causing 

immunological changes in the host in order for the development of metabolic syndrome, 

T1Ds, and T2Ds. Specifically, our data indicates these shifts in microbiota occur prior to 

the onset of disease, and produce the disease regardless of diet and genetics. The findings 

in the current study indicate that future research towards manipulating the gut microbiota 

to prevent disease, as well as using the faecal bacteria as a screening tool should be 

pursued. 
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Introduction!

 

Metabolic*Syndrome*

 In both human and veterinary medicines, a syndrome is defined as a grouping of 

symptoms and signs that are associated with a morose process that, when taken together, 

produce an accurate picture of a disease. These constituents are most often caused by a 

shared underlying pathology, and their risks to the patients combined are greater than the 

sum of the individual risks. This definition is helpful because it helps in the diagnosis, 

treatment and prognosis of a disease with a wide breadth of symptoms, with a single 

unique cause. 

 Metabolic syndrome was first described by G. M. Reaven in 1988 as a cluster of 

risk factors that contribute to the incidence of diabetes, cardiovascular disease (CVD), 

non-alcoholic fatty liver disease (NAFLD), and mortality1. However, the definition of the 

syndrome remains hotly debated and has been revised on numerous occasions by 

different organizations. Originally grouped together as insulin resistance syndrome2,3, it 

has since been renamed metabolic syndrome by the National Heart, Lung, and Blood 

Institute (NHLBI) and the American Heart Association (AHA)4. It has recently been 

proposed to rename the disease “circulatory syndrome” due to recent evidence marking 

renal impairment, microalbuminuria, arterial stiffness, ventricular dysfunction, and 

anaemia, to more traditional indicators of metabolic syndrome including hypertension, 

dyslipidemia and abnormal glucose metabolism5.  
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 Metabolic syndrome is characterized clinically by abdominal obesity, atherogenic 

dyslipidemia, elevated blood pressure, insulin resistance, and finally a pro-inflammatory 

state4, however the exact diagnostic criteria is under heavy debate6. Recently, the 

International Diabetes Foundation (IDF) and AHA/NHLBI decided that having any three 

of the five risk factors listed in Table 1 constituted a diagnosis of metabolic syndrome7,8. 

 

 

Table 1: Criteria for clinical diagnosis of metabolic syndrome 

Current criteria for the diagnosis of metabolic syndrome as indicated by IDF, 
AHA/NHLBI, and Health Canada. Table adapted from Alberti et al.7. 

Risk Factor Male Female 

Elevated waist circumference a ≥102 cm ≥88 cm 

Elevated triglycerides b ≥150 mg/dL (1.7 mmol/L) 

Reduced HDL-C b <40 mg/dL (1.0 mmol/L) <50 mg/dL (1.3 mmol/L) 

Elevated blood pressure b Systolic ≥130 and/or diastolic ≥85 mm Hg 

Elevated fasting glucose c ≥100 mg/dL 
a As per Health Canada guidelines8 
b Drug treatment is the equivalent of an indicator 
c Most patients with type 2 diabetes mellitus will have metabolic syndrome under the proposed criteria 

 

 

 When Reaven first proposed the concept in 19881, he suggested that insulin 

resistance was the primary cause of the disease. This proposal was based on cross-

sectional data showing associations between hyperinsulinemia and other aspects of the 

syndrome in patients, including hypertension, hypertriglyceridemia, and depressed high-

density lipoprotein cholesterol (HDL-C), as well as the development of type-2 diabetes 

(T2D). Additional support came from his data in experimental studies on rodents fed 
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diets high in fructose and glucose. Support for this data came in 1992 when Haffner et al. 

showed data from 2217 test subjects in the eight year San Antonio Heart Study9 that 

indicated that fasting hyperinsulinemia preceded the development of the other aspects of 

metabolic syndrome. A follow up study from Bernard et al.10 showed that feeding rodents 

a high-fat sucrose diet resulted in skeletal muscle insulin resistance and hyperinsulinemia 

within a few weeks prior to any changed in body fat or abdominal fat pad size. Animals 

subsequently developed hypertriglyceridemia, enhanced clotting, and hypertension; i.e.: 

metabolic syndrome. 

 Reaven also suggested some mechanisms to explain how insulin 

resistance/hyperinsulinemia might cause various aspects of metabolic syndrome. He 

indicated from his studies that hypertension was associated with elevated levels of plasma 

catecholamines, suggesting that enhanced sympathetic nervous system activity may be a 

contributing mechanism. Additionally, he cited numerous studies reporting that insulin 

causes kidneys to promote sodium reabsorption and increase plasma volume, resulting in 

hypertension. Finally, he cited an additional study that indicated that rat livers perfused 

with insulin showed increase production of very low-density lipoprotein (vLDL) 

triglyceride production. This data was supported later by the San Antonio group11,12 who 

found that prolonged insulin resistance and hyperinsulinemia was indeed associated with 

hypertension, and could be caused by several mechanisms including an overactive 

sympathetic nervous system, sodium retention, altered membrane ion transport, and 

proliferation of vascular smooth muscle cells. They also indicated that hyperinsulinemia 

would increase liver production of vLDL to increase serum triglyceride levels, while at 

the same time reducing HDL-C production. Finally, DeFronzo et al.12 demonstrated that 
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cellular resistance to insulin action subtends hyperinsulinemia. An important question is 

what exactly causes the insulin resistance? 

 Resistance to the biological effects of insulin is a trademark feature of metabolic 

syndrome and is an important contributing factor to the pathogenesis of T2D13. During 

the early stages of insulin resistance, the β-cells within the pancreas compensate by 

increasing the production of insulin into the bloodstream in order to overcome the defects 

causing resistance to the insulin. This results in hypertrophy of the β-cells due to an 

increase demand for insulin production in a stage known as “pre-diabetic”. The 

overproduction of insulin works well to keep fasting blood glucose levels in check in the 

early stages. However, following a meal when glucose is readily being absorbed from the 

gut, a relative lack of insulin due to inadequate compensation results in a spike in blood 

glucose levels that is maintained over an extended period of time. This is now considered 

a clinical diagnosis of T2Ds. The inability to take up and dispose of excess blood glucose 

following a meal is known as glucose intolerance and can be tested in a simple glucose 

tolerance test or glucose challenge. Over time, the β-cells fail from being overexerted 

continuously, leading to worsening T2Ds that is irreversible. This irreversible β-cell 

death is similar to the autoimmune loss of β-cells in type-1 diabetes (T1D), however the 

initial overproduction of insulin in T2Ds also results in insulin resistance. 

 

Inflammation*

 Inflammation is thought to be a key underlying cause of insulin resistance, and 

has recently led to the categorization of the disease as an inflammatory disease14,15. 

Clinically, this pro-inflammatory state is often seen in patients with metabolic syndrome 
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and is detected through elevations of serum c-reactive protein (CRP), a reactive marker of 

inflammation4. Nuclear factor (NF)-κB and activating protein (AP)-1 are two central pro-

inflammatory pathways that are activated in glycoregulatory tissues (ex: skeletal muscle) 

during over-nutrition and in T2D patients. Studies in rodents have found that inactivating 

mutations in the upstream kinases for these pathways, particular in I kappa-β kinase 

(IKKβ) and c-Jun N-terminal kinase (JNK), show the remarkable ability to prevent diet-

induced insulin resistance, restrain obesity, and ameliorate T2D16,17. Interestingly, aspirin 

and a pro-drug form, salsalate, both known anti-inflammatories, can help to reduce 

insulin resistance, hyperglycemia, and diabetic complications in patients with T2D18–20. 

In addition to causing the activation of inflammatory transcriptional programs in the 

tissues leading to increased expression of various chemokines and cytokines, activation 

of both JNK and IKKβ are thought to directly alter the tyrosine kinase activity of 

proximal insulin signalling, resulting in the silencing of the insulin signalling cascade and 

thus insulin resistance (Figure 1)17,21,22. 

 The JNK and IKKβ pro-inflammatory signalling cascades are activated through 

binding of free fatty acids (FFA) to fatty acid binding proteins as well as through toll-like 

receptor (TLR) signalling13. TLRs are transmembrane receptor proteins typically 

expressed in a large variety of cells and are traditionally viewed as essential for the 

detection of bacterial and viral components for the activation of the innate immune  
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Figure 1: Mechanisms promoting inflammation that block 
insulin receptor signalling 
Depiction of the signalling that leads to silencing of the insulin receptor-signalling 
cascade (GLUT-3) as well as tissue inflammation. Signals may come from pro-
inflammatory cytokines on the cytokine receptors activating both the IKKβ and JNK 
pathways, as well as through signals from both the TLR receptors (TLR2/4) and the FA 
receptors. Additional inflammatory damage is caused due to mitochondrial stress leading 
to NF-κB activation13.  
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responses. However, they are now also being viewed as a crucial communicator linking 

lipid oversupply and the pro-inflammatory cascades23. While 11 TLRs have been 

identified in humans and 13 in mice, many share sufficient sequence and function 

homology that they are said to share many of the same receptors and therefore follow 

similar naming schemes13. Of interest to us are TLRs -2 and -4, which are expressed in 

glucoregulatory tissues including adipocytes, hepatocytes, and myocytes. Furthermore, in 

vitro and in vivo studies have found that hyperlipidemia causes TLR-2/-4 up-regulation, 

and that this is associated with an increase in the activation of stress-linked kinases (JNK, 

IKKβ)13,24. Recent work by Davis et al. and Vijay et al. have found that TLR-4 deficient 

mice are protected against the obesigenic effects of a high-fat diet (HFD) and show 

decreased susceptibility to metabolic syndrome under the same diet25,26, indicating an 

importance of inflammation in the development of metabolic syndrome. 

Since Vague et al. observed in 1947 that women with upper body obesity were 

more likely to develop CVD and T2D compared to leaner women, excess abdominal fat 

has become a primary factor in the theory of what causes hyperinsulinemia, insulin 

resistance, and metabolic syndrome27,28. Over the past decade, adipose tissue has been 

redefined from an innate storage tissue into the largest endocrine organ in the body 

secreting more than a hundred factors including fatty acids, cytokines, chemokines, 

prostaglandins, and steroids29,30. Given that adipose tissue is constituted of a 

heterogeneous mix of cell types, including macrophages and other immune cells, 

endothelial cells, vascular smooth muscle cells, fibroblasts, and adipocytes, this active 

endocrine function is reasonably expected yet poorly understood due to the complex 

interactions that take part. Specifically, adipocytes are known to secrete cytokines, 
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growth factors, adiponectin, resistin, adipsin, leptin, acylation stimulating protein (ASP), 

plasminogen activator inhibitor-1 (PAI-1), lipoprotein lipase (LPL), and angiotensin31,32. 

These adipose-secreted factors regulate such processes as glucose metabolism, appetite, 

inflammatory signalling, immune function, angiogenesis, blood pressure, and 

reproductive function13,32. In obese individuals and individuals on HFDs, we often see 

enlargement of adipocytes and an accompanying increase in the expression of pro-

inflammatory cytokines, whereas small adipocytes are associated with insulin 

sensitization. These pro-inflammatory cytokines include tumour necrosis factor-α (TNF-

α), who’s mRNA is found to be increased 2.5 fold in adipose tissue of obese subjects 

when compared to lean controls33, pro-inflammatory interleukin (IL) -6, and IL-1β, which 

are involved in the loss of insulin production due to β-cell death mediated by 

endoplasmic reticulum (ER) stress and activation of apoptotic pathways34. Additionally, 

the chemokines secreted by the adipocytes are thought to include monocyte 

chemoattractant protein-1 (MCP-1), which promotes the migration of immune cells into 

the adipose tissue, cellular damage, inflammation, or altered metabolism13,32. 

 Recent research shows strong correlations between the intestinal microbiome and 

metabolic syndrome, dictating an “obese microbiota” that has a role in energy production, 

regulation of host genetics, inflammation, and modulating several metabolic 

pathways35,36. As such, there is much speculation that the interactions between the gut 

microbiota and the gut associated lymphoid tissue (GALT), and more specifically when 

these normal interactions are perturbed by shifts in the gut microbiota, is a primary cause 

of metabolic syndrome. These shifts can directly cause changes to the immune system, 
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causing inflammation and abhorrent responses due to the interactions with the GALT and 

the intestinal epithelial cells. 

 

Intestinal*Immune*System*

 With a surface area of approximately 400 square meters in humans, the 

gastrointestinal (GI) tract presents a large, penetrable barrier to the outside world37. As 

such, it could be expected to interact with numerous antigens and microbes, having a 

significant impact on the shaping of the immune system. Though exact mechanisms are 

unclear, recent research using germ-free mice have discovered numerous effects the 

commensal gut microbiota have on the innate immune system, the adaptive immune 

system, and autoimmune disorders. 

 The GI tract is an active barrier between the outside world and the body. 

Consisting of epithelial cells that actively secrete mucin, a thick glycoprotein that coats 

the intestinal surface, as well as the GALT, the GI tract is active in keeping potential 

pathogens and toxins out of the body, as well as actively inducting the immune system to 

deal with potential threats37. The activation of the immune system is done in the GALT, 

which consist of M-cells, specialized cells that can transport bacteria across the epithelial 

barrier and present them to macrophages and dendritic cells (DCs) within Peyer’s Patches 

(PPs), all of which are parts of the GALT. Additionally, the intestinal epithelial cells have 

been known to secrete numerous immunoregulatory cytokines that are either pro- or anti-

inflammatory. This leads to a direct line between the bacteria and inducing inflammation.  

The gut microbiota, being ever present, must interact with this system in specialized ways 

in order to preserve a peaceful balance between commensal bacteria and host. 
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 The gut microbiome is crucial in shaping the innate and adaptive immune 

responses within the gut. Studies with germ-free mice have found that the gut 

microbiome helps to induce many aspects of both immune responses to create a balanced 

system where the host can tolerate the presence of the commensal bacteria without 

creating an abhorrent immune response38,39. The host innate immune system usually 

interacts with bacteria through pattern recognition receptors (PRRs), including TLRs, 

which are specially designed to be able to recognize pathogen-associated molecular 

patterns (PAMPs). PAMPs include lipopolysaccharides, peptidoglycans, flagellin, and 

other molecules found exclusively in bacteria, viruses and parasites. However, these 

patterns are also present on the commensal bacteria, and how the host can differentiate 

between pathogenic and commensal bacteria is unknown. 

 In a typical pathogenic bacteria presentation, a pathogenic microbe would be 

transported across the epithelial barrier by M-cells, which do so in a controlled manner to 

ensure DCs take up the bacteria. The DCs can then travel to follicles in the GALT or to 

lymph nodes where they present the bacterial antigens to T-cells and B-cells, helping to 

induce an active immune response against the bacteria. 

 The first innate barrier present in the gut is the mucin layer secreted by the 

epithelial cells. This layer forms a barrier through which bacteria cannot penetrate, 

protecting the underlying host cells. Studies done in germ-free mice have found that mice 

raised without commensal gut bacteria secrete far less mucin than those mice containing 

commensal bacteria37. This would allow bacteria, and bacterial products, more direct 

access to the host cells. These results help demonstrate the importance of the stimulation 
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of the epithelial cells by commensal bacteria in order to produce mucin, a protective 

agent against pathogenic bacteria and their products. 

 Additional studies done in germ-free mice have also found that germ-free mice 

have fewer T-cells, B-cell, macrophages and dendritic cells within the GALT when 

compared to normal mice. Furthermore, it is found that germ-free mice also have 

impaired antimicrobial peptide secretion and lower immunoglobulin A (IgA) secretion. 

This leads to the understanding that the gut microbiota is important in developing a 

strong immune system within the gut. However, as mentioned earlier, the exact 

mechanisms by which the commensal bacteria cause this expansion of immune tissues is 

unknown.   

 

Intestinal*Microbiome*

 Bacteria colonize nearly every surface of the human body that is exposed to the 

external environment; as such we would expect a co-evolution between commensal 

bacteria and the host. Recent studies by Chung et al.40 have found, however, that the gut 

microbiome that elicits these effects on the immune system is specific for different 

animals, hinting that it is interactions with specific bacteria that cause the immune system 

to differentiate and develop, and not just interactions with any bacteria. They compared 

the GALT development of germ-free mice, mice inoculated with mouse gut microbiota 

(MMb), and mice inoculated with human gut microbiota (HMb). On top of the usual 

findings that germ-free mice were lacking in the immune development, they also found 

that the HMb mice were also partially lacking in immune development. This 

demonstrates a co-evolution between host and gut bacteria, where they have co-evolved 
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to both provide a proper location to live (for the bacteria) and to have proper immune 

system development (for the host).  Additionally, inoculating mature germ-free mice with 

MMb did not help to develop the immune system to the wild-type form, showing us the 

importance of exposure to the gut microbiome during early stages of life. 

 The human gut microbiota consists of approximately 1014 (1.5 kg) bacteria, 

including up to 2000 species, with a anaerobic bacteria predominating41. Bacterial 

concentrations increase from the stomach towards the anus, starting with <103/ml in the 

stomach, 105-109/g through the ileum, and 109-1012/g in the colon and rectum40,42. The 

majority of bacteria in the human and mouse intestine belong to only four major phyla: 

the Firmicutes, the Bacteroidetes, Actinobacteria, and Proteobacteria; while less 

abundant phyla invariably include Cyanobacteria, Fusobacteria, Lentisphaerae, 

Spirochaetes, TM7, and Verrucomicrobia. Firmicutes is composed of gram-positive 

bacteria and is typically the largest bacterial phyla (60-80% in faecal samples), consisting 

of the genera Clostridium, Lactobacillus, Eubacterium, Ruminococcus, Butyrivibrio, 

Anaerostipes, Roseburia, and Faecalibacterium to name a few significant ones. 

Bacteroidetes is composed of gram-negative bacteria and normally accounts for 20-40% 

of all bacteria in faecal samples. Bacteroidetes contain the genera Bacteroides, 

Porphyromonas, and Prevotella, and are known for their degradation of 

polysaccharides43. Actinobacteria include the genus Bifidobacterium, a common 

probiotic organism, while Proteobacteria include the family Enterobacteriaceae, which 

contains predominantly Escherichia Coli. 

 Metagenomic and next-generation sequencing studies have found that in obese 

patients and test animals, as well as those with metabolic syndrome, that there is a shift 
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towards a larger abundance of Firmicutes and a proportional decrease in the abundance 

of Bacteroides26,44–47. Additionally, an increase in the number of Proteobacteria has also 

been observed in a few studies. Specifically, Ley et al. found that using a genetic model 

for obesity of ob/ob mice (mice with the hormone leptin, which is responsible for limiting 

food intake and appetite in the hypothalamus, knocked-out), the mice developed a gut 

microbiota that was distinct from their wild-type (WT) lean counter-parts. This distinct 

microbiota consisted of a 50% reduction in the number of Bacteroides with a 

concomitant increase in Firmicutes, resulting in a different, increased metabolic 

potential46. Murphy et al. confirmed this report in 201048, using both ob/ob mice as well 

as WT mice fed a HFD, both of which resulted in elevated abundance of 

Firmicutes and reduced abundance of Bacteroidetes compared with lean animals. 

 Further studies have investigated the hypothesis that the gut microbiota are solely 

responsible for the development of these diseases, and that controlling the gut microbiota 

would enable one to prevent the onset of the disease phenotype. Turnbaugh et al. tested 

this hypothesis by transferring the gut microbiota of obese ob/ob mice into germ-free 

wild-type mice through oral gavage. This resulted in an increase in fat mass in the 

recipients leading to the speculation that gut obese gut microbiota may interact with the 

host immune system differently or increase the capacity of the host to extract energy from 

food supplies44. This has led to further studies using both pre- and probiotics to 

manipulate the intestinal microbiota in subjects with high-fructose induced T2D, which 

was found to be successful in improving the condition, as well as stipulations that faecal 

microbiota transplantation may be a feasible option for treatment of metabolic 

syndrome49–51. 
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 The human gut microbiome is quite diverse between individuals, but recent 

research has discovered that healthy individuals fall into one of three different 

‘enterotypes’; gut microbiomes that are differentiated by the proportions of specific 

bacteria and that do not seem to be linked to any host biomarkers such as age, gender, 

body mass index (BMI), ethnicity, etc52. The enterotypes discovered in the study are as 

follows: Enterotype 1 is enriched in Bacteroides, which co-occurs with Parabacteroides. 

The bacterial composition of this enterotype is likely to derive energy from carbohydrates 

and proteins through fermentation. The metagenome of this enterotype is enriched in the 

biosynthesis of different vitamins: biotin, riboflavin, pantothenate and ascorbic acid. 

Enterotype 2 is enriched in Prevotella and the co-occurring Desulfovibrio, both of which 

are known to degrade protective mucin glycoproteins coating the epithelial layer of the 

intestines. Enrichment in folic acid biosynthesis is represented in this enterotype. 

Enterotype 3 is the most frequent enterotype and is enriched in Ruminococcus as well as 

co-occurring Akkermansia species, which can also degrade the protective mucins. 

Additionally, Enterotype 3 is enriched in membrane sugar transporters that facilitate the 

up take of mucin sugars for use as an energy source. We would expect some external 

factor to be affecting which enterotype one ends up with, however no links to diet, 

genetics, or lifestyle have been found as of yet. The only minor link found was that 

Enterotype 1 had a higher proportion in Japanese individuals when compared to the ratios 

in other populations. 

Current*Hypotheses*on*the*Cause*of*Metabolic*Syndrome*

 There are numerous factors that are thought to be the central cause of metabolic 

syndrome, creating a picture where a multitude of different predispositions and 
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environmental factors together cause the disease. The most popular thought is that diet, 

genetics, and lifestyle are all factors in causing the disease. That being said, all three of 

these factors have been known to affect the gut microbiome, leading to the interesting 

question of whether or not the changes in the gut microbiome are a cause or a symptom 

of the disease. 

 

Diet 

 The incidence of obesity, diabetes, and metabolic syndrome has increased over 

the past few decades in coincidence with the rise in daily caloric intake53. The continuous 

delivery of energy via dietary carbohydrate, lipid, and protein fuels, unmatched by 

physical activity/energy demand, arguably creates a backlog of the products of 

mitochondrial oxidation, a process associated with progressive mitochondrial dysfunction 

and insulin resistance13,54. Thus, diets high in simple sugars such as fructose and glucose, 

as well as diets high in fat, have been linked to metabolic syndrome as a key factor in the 

development of insulin resistance and obesity. Common experimental procedures for 

inducing metabolic syndrome involve high-fat or high-fructose diets in mice, and has 

been used as a model for several years48,55 

 The subject of HFDs becomes complicated when we look at trends in diet over 

the past decades. As a population, the percentage of calories ingested from total dietary 

fats have not changes over the years, with the amount of calories taken from saturated 

fats (high energy density fats) decreasing from 40% to 30% of total caloric intake56. 

Additionally, it has been shown experimentally that high-fat, low carbohydrate diets may 

be protective against metabolic syndrome57, making the implication that simple fat-
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restriction diets would not be beneficial. In experimental models, saturated fats are 

vigorously pro-inflammatory, omega-6 poly-unsaturated fatty acids are weakly 

inflammatory, mono-unsaturated fatty acids have no effect, and omega-3 fatty acids have 

anti-inflammatory properties58. In humans however, the story is much more complex 

because our diet is a mixture of various types of fats, and the risk for the development of 

obesity and metabolic syndrome is more closely linked to the balance of saturated versus 

unsaturated fats than to the total amount ingested. It may be that unsaturated fats are 

under-represented in the western diet, leading to such a bad name for saturated fats59. 

Previous studies suggest that mono-unsaturated fats such as oleic acid, poly-unsaturated 

linoleic acid, and omega-3 fatty acids all decrease inflammation and lipid deposition 

within the liver, as well as limit damage by reactive oxygen species (ROS) produced by 

the mitochondria60–62. 

 Trans-unsaturated fatty acids have become a staple in the western diet since it was 

discovered that the trans-isomerization of the double bond prevented fatty acid break 

down by bacteria, thus extending the shelf life of many foods. Since the human 

mitochondria evolved from bacterial symbiosis within eukaryotic cells, it behaves similar 

to its predecessor and cannot β-oxidize trans-fats in the liver, and thus contributes to 

ectopic intrahepatic lipid accumulation63. Trans-fats therefore have no health benefit, 

cause hepatic steatosis, and contribute to insulin resistance. However, with the continuing 

decrease in trans-fat consumption along side the progressively increasing prevalence of 

metabolic syndrome, it is suggested that other factors are also involved56. 

 Along with fats, simple sugars such as fructose have also been intimately 

associated with the development of metabolic syndrome. Fructose is typically consumed 
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as sucrose, which is half fructose, however high-fructose corn syrup (HFCS) has become 

a much cheaper sugar source and sweetener than other sugars. HFCS consists of 45-55% 

fructose, and has made its way into most commercial products due to cost and addictive 

flavouring64. Unlike trans-fats, the consumption of fructose has paralleled the incidence 

of obesity and metabolic syndrome, especially in children. Pre-World War II, Americans 

consumed around 24 g of fructose per day, raising to around 37 g per day in the mid-

1970s, continuing to 55 g per day in the mid 1990s65. This is a progressive increase from 

5%, to 7% and 10% of the total calorie intake per day. Furthermore, recent National 

Health and Nutrition Examination Survey (NHANES) data found that around 15% of 

Americans consumed greater than 25% of their daily energy intake from added sugars, 

with adolescents being by far the highest fructose consumers, consuming upwards of 70 g 

per day66. Importantly, increased fructose consumption, particularly in the form of sugar-

sweetened beverages, has been implicated in promoting weight gain, visceral adiposity, 

dyslipidemia, insulin resistance/glucose intolerance, as well as hepatic steatosis67–69. 

 Ingested fructose is transported into enterocytes by the fructose transporter Glut5, 

where a small portion of it is converted into lactic acid and glucose. The majority of the 

fructose, however, is secreted into hepatic circulation via the portal artery and delivered 

to the liver65. Once in the liver, fructose is metabolized in an insulin-independent process 

to fructose-1-phosphate (F1P) by fructokinase, which also bypasses the negative 

feedback regulation of phosphofructokinase in the glycolytic pathway. In this way, 

fructose metabolism generates lipogenic substrates that are delivered to the mitochondria 

in an unregulated fashion. Excessive mitochondrial substrate leads to excessive hepatic 

de novo lipogenesis, which can overwhelm the lipid export machinery leading to 
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intrahepatic lipid deposition, steatosis, and NAFLD68. Moreover, F1P activates dual-

specificity mitogen-activated protein kinase 7, which can directly stimulate JNK-1, 

silencing the insulin signalling cascade causing hepatic insulin resistance, and inducing 

inflammation70. Finally, the silencing of the insulin signalling cascade leads to increased 

expression of the genes required for gluconeogenesis and thus promoting hepatic glucose 

secretion, resulting in hyperglycemia as well as contributing to T2D65. 

 While the metabolism of fructose and fats differ, they share three chemical 

properties: (1) they are primarily metabolized in the liver, (2) they are not insulin 

regulated, and (3) they do not have a direct, easy mechanism to form glycogen for 

storage65. Although their metabolisms differ, they all result in the delivery of a large 

number of mitochondrial substrates to the mitochondria. The mitochondria cannot 

process this volume of substrate, resulting in a backlog of metabolic intermediates, ROS 

generation, excessive de novo lipogenesis, and impaired β-oxidation. These all drive 

insulin resistance and the downstream comorbidities of metabolic syndrome. 

 It is also known that the gut microbiota can be appreciably influenced by the diet, 

and several studies have been done to highlight this effect. Additional studies attempt to 

tie this effect into the development of metabolic syndrome as a cause, as well as a 

symptom. One of the first major studies looking at the effects of a western diet (high in 

animal protein, sugar, starch, and fat while low in fibre) when compared to a diet high in 

fibre content and more reminiscent of our ancestors (low in fat and animal protein, and 

rich in starch, fibre, and plant polysaccharides, as well as predominantly vegetarian) was 

published by Filippo et al. in 201071. The study revealed that those on the high fibre diet 

showed an enrichment of Bacteroidetes and a depletion of Firmicutes, as well as a unique 
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abundance of the genera Prevotella and Xylanibacter, which are known for cellulose and 

xylan hydrolysis. Interestingly, they also found a significant increase in short chain fatty 

acid (SCFA) production in the high fibre diet. This is significant since SCFAs have been 

associated with anti-inflammatory properties, making them noteworthy in metabolic 

syndrome72. This study is significant since, while using only healthy individuals, they 

already found that the gut microbiome of individuals on a western diet more closely 

resembles that have individuals with metabolic syndrome (increased in Firmicutes and 

decreased in Bacteroidetes). 

 A review by Moschen et al. indicates numerous studies showing how dietary 

intervention can affect gut microbiota73. Of note are previously mentioned studies by 

Hildebrandt et al., Turnbaugh et al. and Ley et al. who all found that changing mice to a 

high-fat, high-sugar diet, which simulated the western diet, resulted in an decrease in 

Bacteroidetes and a concomitant increase in Firmicutes44,46,74. Turnbaugh et al. 

additionally found that these changes to the gut microbiome occurred within a single day 

of changing the diets, showing how intrinsically linked diet is to gut microbial 

composition. A final study by Wu et al. looked at whether short term or long term dietary 

changes could change an individual’s enterotype from one to another75. They found that 

short-term dietary changes did not affect the enterotype of an individual, while long-term 

dietary changes did.  

 Since metabolic syndrome has been linked so intrinsically to individual’s diets, 

most research has focused on the effects of various dietary molecules on the body, 

without any regard to the intestinal microbiota. While there is no doubt that the diet is 
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important in causing the disease, the exact aetiology may require the shifts in the gut 

microbiome for the diseased state to fully develop. 

 

Genetic Predisposition 

 With studies showing a higher chance of developing T2D and high blood pressure 

when closely related relatives suffer from the same diseases76, various genomic scan and 

candidate gene approaches have been done to try and discover which genes are involved 

in the genetic predisposition. The candidate genes that have been labeled are identified in 

Table 2.  

The idea to identify candidate genes stems from (a) the genes having a known 

function along the metabolism or insulin pathways and (b) the thrifty genotype 

hypothesis introduced in 1962 by Neel77. The thrifty genotype hypothesis states that 

individuals who lived in harsh environments where food supply was unstable would be 

more likely to survive if they were better adapted at storing energy. Genetic selection 

would therefore select for the gene variants that better accomplished this. However, the 

selected variants that helped an individual to survive during malnutrition would become 

detrimental when food became plentiful, leading to the development of diseases such as 

metabolic syndrome. 

This hypothesis was given support in 1979 when Coleman tested ob +/- mice against WT 

mice in a fasting environment78. Coleman found that the heterozygous mice survived 

longer than the WT mice, leading to speculation that the ob phenotype evolved to cope 

for malnutrition. This idea of gene variants that are better for times of food scarcity can  
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Table 2: Candidate genes associated with metabolic syndrome 

Genes that have functions associated with specific factors of metabolic syndrome that 
have been chosen as candidate genes involved in a genetic predisposition for the diseased 
state. 
Gene Function Gene Product 
Genes causing monogenic obesity Leptin 

Leptin receptor 
Melanocortin receptor 
Pro-opiomelanocortin 

Genes regulating free fatty acid 
metabolism 

Adiponectin 
β-adrenergic receptors 
Fatty acid binding protein-2 
Lipases 
Uncoupling proteins 

Genes affecting insulin sensitivity Peroxisome proliferator-activated receptor γ 
Glycoprotein PC-1 
Insulin receptor substrates 
Skeletal muscle glycogen synthase 1 
Calpain-10 

Genes affecting lipid metabolism Cluster of Differentiation (CD)36 
Apolipoprotein E 
11β-hydroxysteroid dehydrogenase type 1 
Upstream transcription factor 1 

Gene related to inflammation Tumour necrosis factor-α 
C-reactive protein 

Adapted from Song et al. 79 
 

 

easily extend into becoming gene variants that have a larger predisposition towards 

metabolic syndrome in today’s modern world. 

 The genetic scan approach has highlighted some of the same genes discovered 

through the candidate gene approach, including peroxisome proliferator-activated 

receptor-γ (PPAR-γ), adiponectin, CD36 (thrombospondin receptor, platelet collagen 
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receptor, platelet glycoprotein-IV, and glycoprotein-IIIb), 11 β-hydroxysteroid 

dehydrogenase type 1(11βHSD1), β-adrenergic receptors, calpain-10, and the insulin 

receptor substrates (IRS)79. 

 Calpain-10 was the first susceptibility gene identified by genome scans for T2D. 

Calpain-10 is a cysteine protease that has been implicated in glucose homeostasis79. 

Meta-analysis of association studies have found that there are numerous different SNPs 

within calpain-10 that are disease-associated, suggesting that there may be more than one 

calpain-10 variant associated with T2D80,81. 

 PPARs are lipid-activated nuclear receptors whose major physiological role is to 

control lipid metabolism in various tissues79. There are three PPAR isotypes (α, δ, γ), of 

which PPAR-γ has been most tightly associated with T2D and obesity, and is the target of 

insulin-sensitizing thiazolidinedione compounds used in the treatment of T2D82. Studies 

done with PPAR-γ adipose tissue specific or heterozygous knock-out mice have found 

that these mice have increased insulin sensitivity, decreased food intake, increased energy 

expenditure, and are protected from a diabetes inducing HFD83,84. In humans, the PPAR-γ 

gene maps to 3p25 (chromosome 3, short arm, band 25), and a few single nucleotide 

polymorphisms (SNPs) on this genetic locus has been implicated in an increased risk of 

diabetes and obesity in numerous ethnic populations85. 

 Adiponectin regulates both lipid and glucose metabolism, as well as energy 

homeostasis, and is secreted by adipocytes79. Studies done with adiponectin deficient 

mice found that they exhibit severe diet-induced insulin resistance and increased pro-

inflammatory TNF-α secretion86. Additionally, overexpression of adiponectin in the 

leptin deficient ob/ob mice reduced insulin resistance, β-cell degranulation, and 
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diabetes87. In humans, plasma adiponectin levels are reversely correlated with BMI and 

obesity, with individuals with higher levels less likely to develop T2D79. 

 CD36 is a receptor that is widely expressed in various tissues, is involved in 

binding and internalization of oxidized low-density lipoprotein (LDL), and is controlled 

by PPAR-γ79. CD36 was originally linked to metabolic syndrome through studies with 

spontaneously hypertensive rats, leading to insulin resistance and hypertension, while 

studies in humans have found that a CD36 mRNA has a glucose-mediated increased 

expression and that a SNP found in Japanese patients resulted in CD36 deficiency 

causing increased levels of free fatty acids, triglycerides, fasting blood glucose and blood 

pressure88,89. 

 β-adrenergic receptors regulate free fatty acid metabolism and lipolysis, and is 

highly expressed in visceral fat79. Studies in humans have found that carriers of a 

missense mutation in the β-adrenergic receptor gene showed greater abdominal obesity, 

higher plasma insulin levels, greater insulin resistance, and higher blood pressure than 

WT individuals, making it a strong candidate gene for a greater susceptibility to 

metabolic syndrome90. 

 IRS-1 and -2 appear to be perfect candidates as susceptibility genes due to their 

direct involvement in the downstream signalling of insulin on a cell79. As would be 

expected, IRS-1 and 2 KO mice suffer from insulin resistance and β-cell hyperplasia91. 

However, genetic polymorphisms in IRS-1 have only been found to occur slightly more 

frequently in individuals with T2D92. 

 The above highlighted genes are interesting in the discussion of susceptibility of 

metabolic syndrome, however they are all involved in the downstream propagation of the 
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disease leading to an increase risk of acquiring metabolic syndrome. However, an 

increased risk of the disease does not relate directly to causing the disease, as exposure to 

the triggering factor is also required for the risks to play a part in the actualization of the 

disease. 

 With increasing knowledge of the importance and impact the gut microbiome has 

on human and animal health, recent studies have begun to look at the pattern recognition 

receptor TLRs, how they influence metabolic syndrome as well as how they influence the 

gut microbiota. It has been previously demonstrated that TLR-4 is up-regulated and 

activated by gram-negative bacterial lipopolysaccharide (LPS) in human adipose tissue in 

patients suffering from obesity and T2D93. KO studies of TLR-4 in C3H/HeJ mice (mice 

with a mutation in TLR-4 making them less susceptible to LPS endotoxemia) showed 

that they were protected against obesity induced insulin resistance94. This indicates the 

importance of bacterial recognition and inflammatory signalling in the pathology of 

metabolic syndrome. Interestingly, this protection occurred in both normal and germ-free 

mice, which could indicate the recognition of food antigens by this receptor. On a similar 

note, TLR-2 KO mice are protected from HFD induced insulin resistance95,96. However, a 

recent study by Caricilli et al. found the opposite to be true in TLR-2 KO mice36. They 

found that TLR-2 KO mice had increased insulin resistance and fat pad size under a 

HFD. To investigate the matter further, they performed 16S pyrosequencing on the faecal 

microbiota in their test animals. They found significant differences in the microbiota 

between KO and WT mice, as well as significant differences between their KO mice and 

those of other studies. Additionally, they found that removing the gut microbiome of KO 

mice through antibiotic treatment or by replacing the gut microbiome through faecal 
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microbiota transplantation from a healthy donor that the disease ameliorated, highlighting 

the ability of the gut microbiome to influence disease. Finally, another study completed 

by Vijay-Kumar et al. found that TLR-5 deficient mice exhibit hyperphagia, and develop 

characteristic features of metabolic syndrome, including hyperlipidemia, hypertension, 

insulin resistance, and increased adiposity26. Taking this information as a whole suggests 

that the interactions between the gut microbiota and the innate immune system 

determines insulin sensitivity by controlling the low level of inflammation required for 

metabolic syndrome to develop, as well as indicates that the TLRs have distinct roles in 

this behaviour. 

 

Gut Microbiota 

 As was mentioned earlier, consistent shifts in the gut microbiota have been found 

between numerous studies. These include a shift towards a larger abundance of 

Firmicutes and a proportional decrease in the abundance of Bacteroides26,44–47. 

Additionally, a few studies have observed an increase in Proteobacteria46. Current 

theories exist as to how these shifts in the gut microbiota can lead to the development of 

metabolic syndrome, including an increase in LPS within the lumen of gut, specific 

bacteria causing the disease as is the case in inflammatory disorders such as Johne’s 

disease, the shift in the bacteria causing an increase in the permeability of the lumen, the 

gut microbiota changing energy harvest from the diet, or the direct manipulation of host 

genes that control metabolic processes36,42,97–106. 

 The first, and perhaps most easily except rational as to how the gut microbiome 

can lead to the development of metabolic syndrome, is the fact that the gut microbiota act 
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as an exogenous metabolizer, manipulating various compounds making them usable by 

the host. It has previously been shown specifically that gut microbiota convert non-

digestible dietary carbohydrates into SCFAs, which can then be used to supplement up to 

10% of daily caloric intake42,107. This leads to a reasonable conclusion that gut bacteria 

could contribute to the development of obesity, which has already been shown to lead to 

inflammation and metabolic syndrome34. This theory was further propagated by 

Turnbaugh et al. who performed shotgun metagenomic studies on the gut microbiota of 

ob/ob obese mice compared to healthy control C57BL/6J mice and found an increase in 

their capacity to harvest energy from the diet44. The results of the metagenomic studies 

were further tested by doing faecal transplant from the ob/ob obese mice into germ-free 

C56BL/6J mice, and found that the healthy germ-free C56BL/6J mice would quickly 

become obese similar to their ob/ob counterparts44. From these results, the Turnbaugh 

group hypothesized that this increase in energy harvest potential could lead to the 

development of obesity and thus metabolic syndrome. However, further studies 

performed by Isken et al., Fleissner et al., and Murphy et al. have found that while the 

gut bacteria can contribute to total energy intake from dietary substrates, this effect is 

highly exaggerated within mouse studies and that even then it only become significant 

when mice are fed high high-fat diets containing significant amounts of non-digestible 

fibres48,108,109. Thus Murphy concluded that gut microbiota contributed little to dietary 

energy extraction in a real-world model.  

 By in large one of the most popular theories regarding how the gut microbiota 

could cause metabolic syndrome is through the gram-negative bacterial product LPS. 

LPS is a compound in the cell wall of gram-negative bacterial that is highly 
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immunogenic, resulting in inflammation, and is released upon lysis of the bacteria. As 

mentioned above, it is understood that inflammation is at the route of metabolic 

syndrome, it was easily hypothesized that bacterial LPS could be a leading cause of the 

inflammation. Early studies by Creely et al. found that human subjects with T2Ds had 

76% greater serum LPS levels than a healthy control group, as well as increases in the 

inflammatory marker NF-κB93. Additionally, it was found that the levels of fasting serum 

insulin correlated directly with the serum LPS in these individuals. This was additionally 

tested in another human trial on the consumption of a high-fat diet, and it was found that 

the high-fat diet, which has already been shown to alter the gut microbiome, led to 50% 

higher bacterial endotoxin levels when compared to a control group110. This theory that 

the LPS could cause metabolic syndrome was further tested by Cani et al., who observed 

similar changes in serum LPS concentrations in a mouse model fed a HFD and whom 

developed metabolic syndrome111. Cani called this new pathology metabolic 

endotoxemia. Following up with studies of the microbiome in the mice on a HFD with 

metabolic syndrome, Cani et al. noted the typical changes in the bacterial phyla for 

metabolic syndrome, as well they noted that there is an increase in the proportion of 

gram-negative bacteria present in the faecal samples. In order to isolate the effects of the 

endotoxemia, Cani et al. isolated LPS from bacteria and infused it subcutaneously in 

healthy mice for four weeks. The result of this treatment was astounding showing 

changes in body weight, liver weight, body fat, fasting serum insulin and glucose levels, 

liver triglycerides, as well as a increase inflammatory markers. This demonstrated hat 

metabolic endotoxemia caused the same as the changes in the mice on a HFD. 

Additionally, signs of hepatic insulin resistance were also found, linking metabolic 
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endotoxemia with T2Ds and metabolic syndrome111. Finally, to test how the LPS was 

initiating the inflammatory response, Cani et al. tested the metabolic endotoxemia in 

mutant mice devoid of CD14, a co-receptor known to associated with TLR-4 for the 

recognition of LPS112. It was found that the mutants did not develop metabolic syndrome 

from the administration of subcutaneous LPS or through the HFD, further showing the 

potential role of LPS in the development of metabolic111. 

 Another theory that goes hand-in-hand with the LPS-induced metabolic syndrome 

theory is that in which the gut microbiota directly affect intestinal permeability, allowing 

for inflammatory products to enter the host. This theory allows for multiple bacterial 

products to be the cause of the inflammation, with the most likely being LPS. This theory 

came to light in a mouse model in 2007 when Brun et al. found that obese mice had an 

increase in gut permeability when compared to healthy controls101. Cani et al. confirmed 

this in his trials surrounding LPS-induced metabolic endotoxemia113, and they further 

went on to show that healthy gut flora produces endogenous glucagon-like peptide 2 

(GLP-2) that helps to maintain tight junctions and therefore the intestinal permeability114. 

This lead to a theory that a shift in the gut microbiome not only increases the levels of 

LPS available within the gut, but also causes a lack of maintenance of the tight junctions, 

leading to an inherent leakiness in the intestinal wall by which the LPS could enter the 

serum. This theory was transposed into the human model when Teixeira et al. 

demonstrated that obese human females with characteristics of metabolic syndrome had 

increased intestinal permeability when compared to a healthy control group102. 

 A final theory looks at the potential for a single pathogen to be the cause of such a 

systemic disease. While numerous studies have highlighted specific bacteria that could be 
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beneficial or detrimental to the well being of the host71, there have been no common 

potential pathogens found only in individuals with metabolic syndrome that could be 

causing the underlying disease. Unfortunately, due to current limitations in our 

technologies to assess what bacteria are present, to culture them, as well as to assess 

whether these bacteria possess the ability to induce a disease through the use of Koch’s 

postulates, we cannot rule out the possibility of a single, unique pathogen that could 

thrive in nutritional environment of the gut in individuals with metabolic syndrome. 

  

Current*Treatments*

 Current treatments for metabolic syndrome mainly involve treating the unifying 

symptoms, as well as removing risk factors for the disease. As such, treatment involves 

exercise to reduce adipose tissue and reduce inflammation, as well as medications 

including Metformin and Thiazolidinediones, which act to reduce glucose load and 

preserve insulin function. A second group of medication focus mainly on the 

cardiovascular risks, lowering blood pressure as well as decreasing serum vLDL and TG. 

 Metformin works by decreasing hepatic glucose release, increases glucose 

metabolism in peripheral tissues, and decreases serum TG levels through unknown 

mechanisms115–118. Additionally, it has also been found to increase intestinal glucose 

metabolism by the gut microbiota in an animal model, leading to the production of lactic 

acid that can easily be processed by the liver for gluconeogenesis115. This decrease in 

glucose load postprandial, as well as the production of a long-term energy source by gut 

bacteria, leads to decreased blood sugar fluctuation. This causes a better quality of life for 

the patient as well as reduces the fluctuating demands on the pancreas to product insulin. 
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The second commonly used medication are the Thiazolidinediones, which act by 

increasing insulin sensitivity in peripheral tissues, helping to reduce the negative effects 

of inflammation on the insulin signalling pathway119–121. While the exact mechanism is 

unknown, it is thought to act through the induction of the PPARs, which are involved in 

controlling lipid metabolism82,122. 

 The second form of treatment, diet and exercise, is thought to help prevent and 

control metabolic syndrome in its entirety by preventing obesity, high vLDL, and high 

serum TGs. One can easily rationalize how diet and exercise could help to prevent 

metabolic syndrome. By directly controlling calorie intake and output, it is easier to 

prevent and control obesity, which is thought to be the major risk factor for metabolic 

syndrome. Interestingly, diet and exercise may play an even deeper role in preventing the 

disease, particularly in individuals who are not classified as obese. Diet, as has been 

shown previously, is known to directly affect the gut microbiota, which is hypothesized 

to be a key factor in the development of metabolic syndrome71,113. Current medical 

guidelines suggests a Mediterranean diet, high in fruits, vegetables, nuts, whole grains, 

and olive oil, while low in saturated fats, is highly beneficial for greater weight loss, 

lower blood pressure, improved lipid profiles, decreased insulin resistance, and lower 

levels of markers of inflammation123. As HFDs are known to shift the gut microbiota 

towards a composition comparable to patients with metabolic syndrome, this lower fat 

Mediterranean diet may be protective of this shift48. 

 Exercise has been documented for many years to reduce the risk of various 

diseases including CVD, metabolic syndrome, and various cancers124. One can rationalize 

the direct benefits of controlling the caloric balance of energy in against energy out, and 
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the effect this has on fat deposition and obesity. However, these diseases all have a 

common underpinning of low-grade inflammation being a contributing factor125. 

Interestingly, Nimmo et al. recently published a paper looking at the anti-inflammatory 

effects of exercise126. Nimmo et al. found that short, intense bursts of exercise caused the 

release of IL-6 and soluble IL-6 receptor by skeletal muscle. Normal IL-6 released by 

adipocytes is typically though of to be pro-inflammatory, however, it has been shown that 

IL-6 released by skeletal muscle triggers a signalling cascade causing the inhibition of the 

production of pro-inflammatory IL-1β and TNF-α. These effects were only seen in 

moderate to high amounts of exercise, and were sustained due to the stabilizing soluble 

IL-6 receptor that would bind to IL-6 preventing its degradation. Unfortunately, it is 

unlikely that a single bout of physical activity would result in the anti-inflammatory 

changes required, therefore daily physical activity would be required to yield optimum 

results. Since it is known that inflammation is a key factor in the development of 

metabolic syndrome, the beneficial effects of exercise have been shown clearly to act 

through the reduction of inflammation as well as decrease of fat deposits.  

Gaps*in*Knowledge*and*Hypothesis*

 Our understanding of metabolic syndrome has improved drastically since G. M. 

Reaven first described it in 1988. With advances in cellular biochemistry and cell 

biology, metabolic syndrome has been attributed to a multi-factorial process involving 

genetic predisposition, diet and energy expenditure, changes in the gut microbiome, and a 

pro-inflammatory cytokine cascade leading to glucose intolerance, insulin insensitivity, 

and finally β-cell overexertion and death. Unfortunately, the exact aetiology of the 

disease is still unknown. 
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 While it is currently understood that the above mentioned factors can play a role 

in either causing or exacerbating the disease, it is not known which factors are necessary 

or sufficient to cause the disease. Current theories points at dietary changes leading to 

increase in adipose tissue in inactive individuals, as well as fluctuating blood glucose 

levels from foods high in simple sugars, leading to insulin insensitivity and eventually 

metabolic syndrome and T2Ds. However, recent evidence describing the pro-

inflammatory cytokine cascade, changes in the gut microbiota, as well the interaction of 

the bacteria with the immune system, describes a potential role of gut bacteria in the 

aetiology of the disease. 

 We propose that the global and specific changes gut microbiota is both necessary 

and sufficient for causing the inflammatory changes leading to the development of 

glucose intolerance, insulin insufficiency, T2Ds, and metabolic syndrome as a whole. 

Specifically, we propose that changes in the gut microbiota must occur prior to the onset 

of any disease characteristics, and that this change in gut microbiota can cause the disease 

regardless of the diet or genetic predisposition.  
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Materials)and)Methods!

 

The research was split into two separate projects: the first involved looking at the 

effect of the consumption of acidic liquids on the gut microbiome and the incidence of 

T1Ds, while the second analyzed the effect of TLR-5 KO and HFDs on insulin resistance 

and T2Ds. The wet-lab portions of both experiments were different, while the 

bioinformatics analyses of the gut microbiota were similar with minor adjustments. For 

this reason, the basic approach for the bioinformatic analysis will be detailed first, 

followed by the details of each project in sequence. 

The first project, labeled “Consumption of Acidic Liquids Alters the Gut 

Microbiome and Decreases the Risk of Type 1 Diabetes” was completed with the 

assistance of Kyle Wolf (University of Alabama at Birmingham, Microbiology), Joseph 

Daft (University of Alabama at Birmingham, Pathology), Scott Tanner (University of 

Alabama at Birmingham, Pathology), and was supervised by both Ehsan Khafipour 

(University of Manitoba, Medical Microbiology and Infectious Diseases), and Robinna 

Lorenz (Pathology; University of Alabama at Birmingham). All wet-lab experiments and 

analysis of wet-lab data was performed at the University of Alabama at Birmingham by 

the above mentioned, while Riley Hartmann at the University of Manitoba performed all 

bioinformatics analysis and interpretation of the gut microbiome. 

The second project, labeled “Loss of Toll-like receptor 5 does not exacerbate 

obesity and metabolic syndrome: complex roles of innate immunity and environment in 

mediating alterations of gut microbiome and metabolic syndrome” was completed with 

the assistance of Wei Zhang (University of Alabama at Birmingham, Nutritional 
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Sciences) Ehsan Khafipour ((University of Manitoba, Medical Microbiology and 

Infectious Diseases), (University of Manitoba, Medical Microbiology and Infectious 

Diseases), and Timothy Garvey (University of Alabama at Birmingham, Nutritional 

Sciences). All wet-lab experiments and analysis of wet-lab data was performed at the 

University of Alabama at Birmingham by the above mentioned, while all bioinformatics 

Riley Hartmann at the University of Manitoba performed analysis and interpretation of 

the gut microbiome. 

 

General*Bioinformatic*Analysis*

Pyrosequencing  

Pyrosequencing was performed on genomic DNA samples using the bacterial tag-

encoded GS FLX-Titanium amplicon as described by Dowd et al. with the 27F and 342R 

primers (5’- GAGTTTGATCNTGGCTCAG-3’, 5'-CTGCTGCSYCCCGTAG-3'), 

targeting the V1-V3 variable regions of the bacterial 16S rRNA genes127. Briefly, a 

mixture of Hot start, HotStar high fidelity Taq polymerases, and Titanium reagents were 

used to perform a one-step PCR (35 cycles). Barcode sequences were added via a second 

PCR using a 5’-NNNNNNNN-27F-3’ fusion primer where NNNNNNNN denotes the 

unique barcode sequence in order to reduce bias that may occur due to inclusion of the 

barcode sequence in the initial PCR. Samples were then pooled and pyrosequencing was 

performed at Research and Testing Laboratory (Lubbock, TX; 

http://researchandtesting.com) using a 454 GS FLX-Titanium Sequencing System (454 

Life Sciences, a Roche Company, Branford, CT). 
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Sequence processing and classification  

After receiving the sequencing data from the pyrosequencing, barcodes and 

forward primers were removed, and were truncated. Sequences that were too short, that 

contained ambiguous base calls, or that contained a homopolymer longer than eight bases 

were removed from the dataset. Sequences were aligned to the V1-V3 region of bacterial 

16S RNA gene using the Silva database128, and chimeric sequences were removed using 

the UCHIME algorithm129. A distance matrix was created with a threshold of 0.15 with 

the aligned sequences, and was used to cluster remaining sequences into operational 

taxonomic units (OTU) using the average neighbour grouping method with a cut-off of 

95% sequence similarity130. Finally, a representative sequence of each OTU was chosen 

and assigned taxonomically using RDP Bayesian approach against the Silva 

database128,130.  

 

Alpha diversity analysis  

An OTU-based approached without replacement was performed to calculate the 

richness, diversity, and coverage at OTU cut-offs of 0.05, which characterizes the 

biodiversity of the bacterial population in the faecal samples at the genus level. This was 

done to verify data quality and to ensure adequate sequencing coverage. Chao-1 and ACE 

richness indices were calculated to estimate the number of species or OTUs that existed 

in the sampling assemblage. The diversity within each individual sample, which is made 

up of richness and species abundance, was estimated using Simpson and non-parametric 
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Shannon diversity indices. Good’s non-parametric coverage estimator was used to 

estimate the percentage of the total species presented in each sample. Rarefaction curves 

for individuals were created in mothur using the number of observed OTUs in order to 

estimate coverage and sequencing quality130. A rarefaction curve was generated starting 

at 5 sequences, with a step size of 5 sequences and 1000 iterations at each step. 

 

Statistical hypothesis testing  

The UNIVARIATE procedure of SAS 9.3 (SAS Institute Inc., North Carolina, 

2012) was used to test the normality of residuals for all alpha biodiversity data. Non-

normally distributed data was power transformed using Box-Cox power transformation 

macro (http://www.datavis.ca/sasmac/boxcox.html) in SAS based on the following 

models: BoxCox (y) = (yλ – 1)/λ, if λ≠0 OR BoxCox (y) = log (y), if λ = 0. The range of 

λ for each parameter was adjusted by trial and error and the best fitting value of λ was 

identified using maximum likelihood methods. Normalized data was then used to assess 

the effect of treatment using the MIXED procedure of SAS. The differences between 

treatments were tested for significance using the Tukey-Kramer method, with a p-value 

of < 0.05 considered statistically significant. 

Percentage data was used to evaluate statistical differences among treatments at 

the phylum and genus levels. To do so, the count data for each taxon was first 

transformed to the percentage of that taxon in an individual sample. The UNIVARIATE 

procedure of SAS was used to test the normality of residuals for percentage data at each 

taxonomic level. Data that was non-normally distributed was fitted to either Poisson or 

negative binomial distributions using the GLIMMIX procedure of SAS. A log-link 
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function was specified for Poisson and negative binomial distributions. The Pearson chi-

square / degrees of freedom ratio was applied to determine goodness of fit for each non-

normal distribution method, and the method with the better fit was chosen. To 

characterize taxa within each treatment, we divided them into abundant and low-

abundance taxa. All taxa above 1% of the population were considered abundant and those 

below 1% were classified as low-abundance. Taxa below 0.1% of the population were 

removed from the analysis due to their low abundance and because they were often only 

present in one sample. The differences between treatments were tested for significance 

using the Tukey-Kramer method. A p-value of < 0.05 was considered significant, while p 

< 0.10 was considered a trend. 

In order to evaluate further significant differences between the two treatments, 

partial least squared discriminant analysis (PLS-DA) was used within the SIMCA P+ 

13.0 software package (Umetrics, Umea, Sweden) in order to create a model based on the 

treatment groups applied. Models were created based on the different treatments applied 

to the samples. Y variables were used to describe the two or four treatments, while X 

variables were used to represent the bacterial genera. Cross-validation was then 

performed to determine the number of significant PLS components and permutation 

testing was conducted to validate the model. The goodness of fit was determined using 

R2Y as an estimate, and reproducibility was determined using Q2. Variable influence on 

projection (VIP) value was determined for each genus, and any genus with a VIP value 

below the cut-off of 0.3 was removed from the model to avoid over-parameterization131. 

Score scatter plots and loading scatter plots were generated, while the PLS-regression 
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coefficients and their plots determined genera that are characteristic of a treatment. PLS-

regression coefficient plots can be found in Appendix 1. 

 

Consumption*of*Acidic*Liquids*Alters*the*Gut*Microbiome*and*

Decreases*the*Risk*of*Type*1*Diabetes*

 The University of Alabama Institutional Care and Use Committee approved all 

experiments. The Institutional Animal Care and Use Committee (IACUC) of the Animal 

Resources Program (ARP) at the University of Alabama at Birmingham approved all 

animal procedures. Wet-lab materials and methods are derived from information received 

from the University of Alabama at Birmingham. 

 

WetGLab*

Mice 

Non-obese diabetic (NOD)/ShiJt mice were purchased from Jackson Laboratory 

(Bar Harbor, Maine) and housed at the University of Alabama at Birmingham by the 

above-mentioned individuals. Non-obese diabetic mice were first described by Makino et 

al. in 1980 and exhibit a susceptibility to spontaneous development of 

autoimmune insulin dependent diabetes mellitus, also known as T1D132. The mice were 

bred and maintained under specific pathogen free (SPF) conditions in Thoren Isolator 

racks (Hazelton, PA), were kept under positive pressure, and were fed autoclaved NIH-31 

rodent diet (Harlan Teklan, Madison, WI) and sterile water ad libitum. Animals were 

allowed two weeks to acclimatize to the Birmingham facility prior to mating.  Water 
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provide to the mice came from the Birmingham municipal water supply after being 

autoclaved and chlorinated.  Original breeding pairs were split between neutral H2O (pH 

~7, NOD-N) and acidified H2O (pH ~3.2, NOD-A) and all pups born from these breeding 

pairs were maintained on their specific water source, as well as the following generations 

of offspring.  Acidified H2O is comprised of 1mL of 1M HCl per 500mL of H2O 

(pH~3.2).  In order to ensure any changes witnessed were not a result of the founder 

effect, a minimum of two sets of founder mice, originally ordered from The Jackson 

Laboratory (Bar Harbor, Maine), have been used to create each mouse population133. 

 

Measuring the incidence of T1Ds 

NOD mice given one of the two water sources were evaluated from nine to ten 

weeks of age until 30 weeks of age for onset of T1Ds. Fasting blood glucose levels was 

measured weekly from blood drawn from the tail via OneTouch© Blood Glucose Meter 

(Greenwood Village, CO).  T1D was defined as two adjacent weekly readings of over 

200 mg/dL, or a single reading over 400 mg/dL. 

 

Pancreas Histology 

Pancreatic tissue was removed from diabetic animals and soaked in formalin for 

over 24 hours. Tissue was washed in 70% EtOH and imbedded in HistoGel (Richard-

Allan Scientific, Kalamazoo, MI). Imbedded tissue was cut into 5µm sections and stained 

with standard H&E for histologic examination. For immunofluorescence analysis, 

sections were stained with guinea pig anti-insulin antibodies to detect islet beta cells 
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(Invitrogen, Carlsbad, CA; 4 g/L) at a 1/100 dilution, and with rabbit anti-glucagon 

antibodies to detect islet alpha cells (Cell Signaling, Beverly, MA; 100µL) at a 1/200 

dilution. For nuclear staining, Hoechst (Sigma 1mg/ml) was used at a dilution of 1/2000. 

Secondary antibodies used were Goat anti-guinea pig DyLightTM 594 antibodies 

(Jackson ImmunoResearch, West Grove, PA; 1.5mg/mL) at a dilution of 1/100 and 

Donkey anti-rabbit Alexa Fluor® 488 antibodies (Invitrogen; 2mg/mL) used at a dilution 

of 1/100. 

 

pH of Intestinal Compartments 

NOD-N and NOD-A mice were fasted for 4hrs.  The mice were sacrificed, and 

the stomach, duodenum, jejunum, ileum, cecum, and colon were washed separately with 

1mL of filtered de-ionized water.  Particulate matter was removed and the pH of the 

contents was measured via Corning Pinnacle 540 pH meter (Corning, NY). The hydrogen 

ion concentration was calculated from pH using the equation pH=-log10 (H+). 

 

Denaturing Gradient Gel Electrophoresis (DGGE) 

Fecal contents were collected weekly from the mice and stored at -20°C until all 

were collected for analysis.  Fecal pellets were weighed and Phenol:Chloroform was used 

to extract the bacterial DNA as previously described134. Extracted DNA was quantified 

using NanoDrop 1000 (NanoDrop, Wilmington, DE). Quantified DNA was then diluted 

to 150ng/µL and was amplified using polymerase chain reaction (PCR) with 16S 

universal bacterial forward (341GC -5’CGCCCGCCGCGCGCGGCGGGCGGGGGGGG 

CACGGGGGGCCTACGGGAGGCAGCAG 3’) and reverse (534R -5’ATTACCGCGG 
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CTGCTGG 3’) primers. (Sigma, St. Louis, MO).  PCR was performed using TaKaRa 

ExTaq HotStart Taq Polymerase kit (Fisher, Pittsburg, PA).  Thermal profile was set at 

95°C for 5 minutes, 95°C for 1 minute, 65°C for 45 seconds (decreasing 0.5°C per cycle), 

72°C for 1 minute, repeat for 19 additional cycles; 95°C for 1 minute, 55°C for 45 

seconds, 72°C for 1 minute, repeat for nine additional cycles; final extension of 72°C for 

5 minutes.  Polyacrylamide gels were produced and PCR samples were diluted with gel 

loading dye and loaded onto the 60/35% gradient gels.  Gels were loaded onto a Bio-Rad 

Dcode system (Bio-Rad Laboratories, Hercules, CA) and ran overnight at 58°C and 58V 

in 7L 1X TAE solution as previously described134.  Gels were stained with ethidium 

bromide and imaged and analyzed via Bio-Rad ChemiDoc XRS and Image Lab Software 

(Bio-Rad Laboratories, Hercules, CA).  Bands of interest were removed, and extracted 

DNA was subjected to another round of PCR with the same primers as described above 

and were tagged with M13 vector tails.  DNA was sequenced by the UAB Heflin 

Genetics Center.  Bacterial species were identified by BLAST sequence based pairing 

through the NCBI database.  Taxonomic specification was determined with a 75% 

homology to sequences within the BLAST database. Band similarity was analyzed and 

calculated using the GelComparII program (Applied Maths Inc., Austin Texas). 

 

Bacterial Quantitative Real Time PCR  

 25ng of fecal extracted DNA was subject to quantitative real-time PCR.  Briefly, 

12.5µL SYBR© Green (Clontech), 0.05µL of both 20µm forward and reverse primers, 

and 25ng DNA were added in each well, and the total volume was increased to 25µL 

using sterile H2O.  Samples were compared to a standard curve specific to the target 
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bacteria starting at 1 x 108 copy numbers, which was then serially diluted to 1 x 101 copy 

numbers. The thermal profile for the reaction is 95°C for 10 minutes, 95°C for 15 

seconds, 56°C for 18 seconds, 45°C for 45 seconds, repeated for 44 additional cycles. 

Bacterial specific primers were purchased from Invitrogen (Carlsbad, CA). 

 

Isolation of lymphocytes and identification by flow cytometry 

  The large and small bowels were removed from two female two-week-old NOD-

A and two female two-week-old NOD-N mice, and were digested in order to extract 

lamina propria lymphocytes135. The samples were pooled into NOD-A and NOD-N due 

to the small number of cells collected. Briefly, GI tissue was opened longitudinally and 

cleared of fecal debris.  Large and small intestines were handled separately, digested in 

HBSS media + 5mM EDTA and filtered to remove epithelial cells. Tissue was minced 

and further digested by HBSS media + collagenase IV (Sigma Aldrich, St. Louis, MO), 

and the resulting solutions were filtered through a 100µm filter and were collected.  Cells 

were washed and re-suspended in 40% Percoll (Fisher, Pittsburg, PA) and layered onto 

70% Percoll before centrifugation. The collected lymphocytes were allowed to recover 

their cell surface markers by storing overnight at 4°C. 

For identification of IL-17 and interferon (IFN)-γ producing cells, lymphocytes 

were activated with 100 ng/mL phorbol myristate acetate (Sigma, St. Louis, MO), 1 

µg/mL ionomycin, and 0.7µL/mL Golgistop (BD Biosciences, San Jose, CA) in R-10P 

media (RPMI 1640 (Mediatech, Manassas, VA), 10% Fetal Calf Serum (Thermo 

Scientific, Rockford, IL), 1% penicillin/streptomycin, 0.1% 2 β-mercaptoethanol, and 1% 

Glutamax (Fisher, Pittsburg, PA) for 5 hours at 37°C. Cells were removed and Fc regions 
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blocked via αCD16/32 (Biolegend, San Diego, CA). CD4-APC was used as a cell surface 

marker for Th1/Th17 lymphocytes. Permeablization of cells allowed for intracellular 

staining of IL-17-PE, and IFN-γ-FITC (Th17/Th1) before fixation and FACS analysis on 

both Tregs and Teff cells (Biolegend, San Diego, CA). Cell surface antibodies listed as 

CD4-FITC and CD25-PE were used as Treg markers.  Permeablization of cells also 

allowed for intracellular staining of FoxP3-APC before fixation and FACS analysis for 

Treg cells. 

 

Graphic and Statistical Analysis 

Graphs were made using GraphPad Prism 5 (San Diego, CA).  Gene expression 

data is displayed as a fold change of the experimental (NOD-N) compared to control 

(NOD-A), which is assigned a baseline of 1.0. Significance was performed for gene 

expression and quantitative bacterial copy number via Welch’s t-test.  Significance for 

the incidence of T1D was calculated using the Mantel-Cox test. 

 

Bioinformatics*

Pyrosequencing 

Pyrosequencing was performed as detailed in the above bioinformatics section. 
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Sequence processing and classification  

 Sequences were processed as detailed in the above bioinformatics sections with 

the following specifications. Sequences that were shorter than 250 base pairs, that 

contained ambiguous base-pair designation, or were greater than eight homopolymers 

were removed to maintain sequencing quality. OTUs were classified into consensus 

taxonomies using the mothur algorithm130, consisting of representative sequences from 

each OTU being taxonomically classified using the RDP Bayesian methodology to the 

Silva database128, with a minimum bootstrap of 5%.  

 

Alpha Diversity Analysis 

Alpha diversity analysis was performed as detailed in the above bioinformatics 

section. Alpha diversity analysis can be found in Appendix 1. 

 

Statistical Hypothesis Testing 

 Statistical hypothesis testing was performed as detailed in the above 

bioinformatics section. Bacterial taxa that were removed for statistical analysis, as well as 

the calculated relative abundances of genera per treatment group can be found in 

Appendix 1. 

 

 



 46 

Loss*of*TollGlike*receptor*5*does*not*exacerbate*obesity*and*

metabolic*syndrome:*complex*roles*of*innate*immunity*and*

environment*in*mediating*alterations*of*gut*microbiome*and*

metabolic*syndrome*

The University of Alabama Institutional Care and Use Committee approved all 

experiments. The IACUC of the ARP at the University of Alabama at Birmingham 

approved all animal procedures. Wet-lab materials and methods are derived from 

information received from the University of Alabama at Birmingham. 

 

WetGLab*

Mice 

Mice were generated as previously described136. Briefly, a TLR-5 gene contained 

within a genomic DNA was screened from a 129/Sv mouse genomic library. The TLR-5 

gene was targeted to replace the TLR-5 exon, including the start codon of the TLR-5 

gene, and contained a neomycin-resistance gene cassette flanked by two LoxP sites in 

order to positively select for successful mutants. The targeting vector was transfected into 

embryonic W9.5 ES cells. Targeted ES cells were identified by Southern blotting and 

subsequently injected into mouse C57BL/6 blastocysts. The resulting male chimeric mice 

were then mated to C57BL/6 female mice, resulting in heterozygous TLR-5 mice that 

were then crossed with themselves to generate TLR-5-deficient mice. 
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Genotypes were confirmed through PCR and RealTime-PCR through the use of 

the following primers: WT anti-sense primer: 5’-TGAACAAACACTGCCTGCGTG-3’; 

WT sense primer: 5’-AACACCACATCACAGCCTGAGG-3’; neomycin (KO) sense 

primer: 5’-GTGGGATTAGATAAATGCCTGCTC-3’. In order to determine the 

expression levels of TLR-5 gene in KO and WT mice, RNeasy columns with DNase I 

treatment (Qiagen, Valenica, CA) were used to isolate total RNA from mice. Total RNA 

from adipose tissue and colon samples was extracted using Trizol reagent (Invitrogen).  

cDNA of the RNA was synthesized by VILO kit (Invitrogen) following the 

manufacturer’s instructions. StepOnePlusTM 96-well machine (Applied Biosystems, 

Foster City, CA) was applied for real-time quantitative PCR analysis. PCR products were 

detected using Sybr Green and normalized to 18S ribosomal RNA, using specific 

oligonucleotides with the following sequences: mouse 18S RNA forward primer: 5’-

GGAGGATGAGGTGGAGCGAGT-3’; mouse 18S RNA reverse primer: 5’-

GCCTCTCCAGGTCCTCACGC -3’; mouse TLR-5 forward primer: 5’-

AAGACTGCGATGAAGAGGAAGCCA -3’; mouse TLR-5 reverse primer: 5’-

TGTCCTTGAACACCAGCTTCTGGA-3’. PCR products were confirmed by agarose 

gel. 

Both male and female mice were housed in an SPF animal facility with 12-h 

light/dark cycle and received a standard laboratory chow diet except for the HFD 

experiments. In order to remove the founder effect as well as microbial cross-

contamination, all experiments were performed on WT and KO mice that were co-caged, 

and were repeated on mice that were housed according to genotype. 
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Measuring body composition, free fatty acid concentrations, serum insulin, and 

blood glucose levels 

Total body weight was measured before and during a HFD. Body composition 

(lean mass & fat mass) was determined by quantitative magnetic resonance at the 

University of Alabama small animal core facility. The FFAs were determined using 

enzymatic colorimetric assays (Wako, Richmond, VA) according to the manufacturer’s 

protocols. The serum insulin levels were measured by using an ultra-sensitive mouse 

insulin ELISA kit (Crystal Chem INC. Downers Grove, IL) according to the 

manufacturer’s protocols. Blood glucose levels were determined by AlphaTrack glucose 

monitoring system (Abbott Animal Health, Illinois). 

 

Glucose tolerance and insulin tolerance tests 

 Glucose tolerance tests (GTT) and insulin tolerance tests (ITT) were applied to 

evaluate the insulin sensitivity in TLR-5 KO and WT mice. To determine glucose 

tolerance, animals were fasted overnight and then given an intraperitoneal injection of 

glucose solution (100 g D-glucose/L; 2g/kg body weight). Glucose concentrations were 

measured in mouse tail blood at baseline (prior to injection), and at 30, 60, 90, 120, and 

150 minutes post-injection using a AlphaTrack glucose monitoring system (Abbott 

Animal Health, Illinois). To determine insulin tolerance, mice were fasted for 6 hours in 

the morning and then administered an intraperitoneal injection of insulin solution (1-1.5 

U insulin/kg body weight). Once again, glucose concentrations were measured in tail 

blood at baseline, and at 30, 60, 90, 120, and 150 minutes post-injection using the same 

AlphaTrack system. 
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Statistical Analysis 

Data was analyzed in bar figures and was presented as means with standard 

deviations.  Statistical significance was assessed by Student’s two-tailed t-test, with p-

values of <0.05 considered as significant. 

   

Bioinformatics*

Pyrosequencing 

Pyrosequencing was performed as detailed in the above bioinformatics section. 

 

Sequence processing and classification  

 Sequences were processed as detailed in the above bioinformatics sections with 

the following specifications. Vijay et al.’s sequences were obtained from an online file-

share and were trimmed of their reverse primers. Both datasets were then combined to 

yield 456,826 sequences. Barcodes and forward primers were removed, and were 

truncated using an average quality score of 25 as a cut-off, in a sliding window of 50 

bases. Sequences shorter than 200 base pairs, containing ambiguous base calls, or 

containing a homopolymer longer than 8 bases were removed from the dataset. A 

representative sequence of each OTU was chosen and assigned taxonomically with a 

confidence level of 40% using RDP Bayesian approach against the Silva database128. 
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Alpha Diversity Analysis 

Alpha diversity analysis was performed as detailed in the above bioinformatics 

section. Rarefaction curves were generated with a depth of sampling of 750 to ensure 

even depth of sampling. Alpha diversity analysis can be found in Appendix 1. 

 

Beta diversity analysis  

The differences between the treatments was assessed using both weighed and 

unweighted UniFrac analysis to create a square distance matrix where dissimilarity is 

calculated between every pair of community samples137. A depth of sampling of 750 and 

10 iterations were done to ensure even sampling depth.  The data was then analyzed and 

visualized with principle coordinate analysis (PCoA), wherein a model was created 

independent of experimental treatment groups allowing for the creation of an unbiased 

model. 

 

Statistical Hypothesis Testing 

 Statistical hypothesis testing was performed as detailed in the above 

bioinformatics section. 
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Results!

 As was indicated in the previous section, the research was split into two main 

projects focusing on the effects of diet on the gut microbiome as well as the incidence of 

the disease phenotype, and whether or not the gut microbiome plays an intrinsic role in 

the transition between healthy and ailing individuals. The results from the wet-lab 

experiments are derived from data created by Kyle Wolfe and Wei Zhang from the 

University of Alabama at Birmingham while all bioinformatic data was analysed by Riley 

Hartmann at the University of Manitoba who created those results. 

 

Consumption*of*Acidic*Liquids*Alters*the*Gut*Microbiome*and*

Decreases*the*Risk*of*Type*1*Diabetes*

NOD-N mice have a higher gut pH than NOD-A mice 

 In order to determine if the NOD-A mice had a lower gut pH, and thus simulated 

the effect of drinking breast milk on gut pH in newborn infants138,139, the pH of the GI 

tract of 5 five week old female NOD-A and NOD-N mice was measured. The pH of the 

gut from stomach to colon was measured, and it was found that in every location in the 

GI tract, the GI tract of NOD-N mice had a higher pH than the NOD-A mice, indicating 

that we had simulated the effects of breastfeeding on gut pH through the isolation of that 

variable.  
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Mice raised on water of neutral pH had a higher incidence of T1Ds 

Using two consecutive blood glucose readings above 200 mg/dL or a single 

reading above 400 mg/dL as the cut-off for diagnosis of T1Ds, NOD-N and NOD-A were 

followed for 30 weeks to measure the incidence of disease. After 30 weeks, it was found 

that the female NOD-N mice had a significantly higher incidence of T1Ds. Specifically; 

it was found that 89% of female NOD-N mice had developed T1Ds while only 54% of 

female NOD-A mice had done so. Following a similar trend, 55% of male NOD-N mice 

had developed T1Ds at 30 weeks of age while only 36% of male NOD-A mice had. This 

information follows perfectly with the literature in that breastfed infants have both a 

lower gut pH and a lower incidence of T1Ds (as simulated by our NOD-A mice), and that 

formula fed infants have a higher gut pH and a higher incidence of T1Ds (As simulated 

by our NOD-N mice)138,140,141. 

 In order to evaluate the extent of immune infiltration and damage to the 

pancreatic islets, and therefore the β-cells, pancreatic sections were stained and evaluated 

for insulitis using methods previously described at five, 13 and 20 weeks of age142. The 

evaluation found that at 13 weeks of age, the NOD-N mice had a higher degree of 

insulitis, with a significantly larger proportion of islets having up to 50% immune 

infiltration, while the NOD-A mice still maintained a larger proportion of less invasive 

peri-insulitis. By 20 weeks of age, almost 40% of NOD-N pancreatic islets had greater 

than 50% immune infiltration, 30% of NOD-N pancreatic islets had up to 50% immune 

infiltration, while the rest had peri-insulitis. This is in stark contrast to the NOD-A mice 

where only 10% of pancreatic islets had greater than 50% immune infiltration, 20% had 

up to 50% immune infiltration, and 50% had peri-insulitis. Additionally, 30% of the 
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NOD-A pancreatic islets had no immune infiltration. This information shows that the 

NOD-A mice had significantly less immune infiltration than the NOD-N mice, which 

could explain the lower incidence of T1Ds. 

 Due to the founder effect133, litters from multiple breeding pairs on acidified 

water were split at weaning. Half of each litter was raised on either acidified water, or 

were switched to neutral water (NOD-AtoN). Interestingly, 77% of female NOD-AtoN 

mice developed T1Ds by 30 weeks of age showing an intermediate level when compared 

to the NOD-A (54%) and NOD-N (89%) mice. This implies that the pH of the water is 

directly correlated to the incidence of T1Ds. Additionally, as this change was not 

complete, it suggests that the timing of the change from acidified to neutral water is 

critical as the NOD-AtoN mice were exposed to the neutral water after weaning, and not 

at birth like the NOD-N mice were. 

 

NOD-N mice show significant shifts in the gut microbiota that might account 

for the development of T1Ds 

 To be able to ascertain whether these differences in the incidence of T1Ds could 

be attributed to shifts in the gut microbiota, DGGE was performed on extracted faecal 

bacterial DNA. Ten-week-old NOD-N mice showed significant difference in their faecal 

microbial composition when compared to the NOD-N mice. NOD-A and NOD-N mice 

showed only 27% band similarity; though within their treatment group they showed 

60.7% and 80.8% band similarity respectively. Additionally, NOD-AtoN mice showed 

82.5% band similarity within the group, and were 53.7% similar to NOD-N mice. 
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 To quantify these differences in faecal bacterial DNA banding, ten week old 

NOD-N and NOD-A mice, each chosen from two different litters/mothers, had their 

faecal bacterial DNA purified and subjected to 454-pyrosequencing. This data was then 

subjected to mothur analysis and subsequent statistical analysis. Firstly, the data was 

analysed with SAS 9.3 in order to ascertain differences between the two treatment groups 

at the phylum level (Table 3). Of note is a statistically significant decrease in the phylum 

Firmicutes within the NOD-N mice, with a relative increase in the phyla Proteobacteria 

and Actinobacteria. This shift in the bacterial phyla is in agreement with previous studies 

where it is found that individuals with T1Ds typically have a decrease in Firmicutes143,144. 

 

Table 3: Relative abundances of bacterial phyla 

Statistical analysis of sequencing data of the bacterial phyla present in the faecal 
samples of ten week old NOD-A and NOD-N mice. 

Phyla Present  Percentages Sequences In:1,2 
 SEM P-value3 

NOD-A NOD-N  
  ----------------------above 1% of population---------------------- 

Actinobacteria  1.71b,B 6.57a,A  
 

1.20 0.021G 

Bacteroidetes  22.78 26.73 4.58 0.56G 
Firmicutes  68.55a,A 50.63b,B 5.27 0.043G 
Proteobacteria  4.08b,B 10.25a,A 1.17 0.0078P 

  ----------------between 0.1 and 1% of population--------------- 
Acidobacteria  0.53 0.21  

 
0.20 0.29G 

Aquificae  1.13E-6 0.93 0.22 0.98P 
Chrysiogenetes  0.73a,A 0.10b,B 0.18 0.036G 
Cyanobacteria  0.08 0.86 0.27 0.19P 
Nitrospira  0.08 0.05 0.11 0.87N 
Planctomycetes  0.08 0.05 0.11 0.87N 
Spirochaetes  1.13E-6 0.26 0.11 0.98P 
Tenericutes  0.56 1.05 0.24 0.19G 
TM7  0.09 0.61 0.29 0.24G 
Unclassified  0.26b,B 1.21a,A 0.28 0.044G 
Verrucomicrobia  0.47 0.58 0.23 0.74G 
1 Statistically different (P<0.05) denoted by a,b,c. 
2 Statistically different (P<0.10) denoted by A,B,C. 
3 Method of analysis denoted by G (Gaussian), N (Negative Binomial), and P (Poisson). 
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 In order to further quantify differences at the genus level, PLS-DA analysis was 

performed to show differences between the two treatments at both the sample level 

(Figure 2a), as well as at the genus level (Figure 2b). The score scatter plot representing 

the samples from each treatment shows definitive clustering of the NOD-A and NOD-N 

mice separately. This is in accordance with the observed differences in the incidences of 

T1Ds. The loading scatter plot representing how closely associate a bacterial taxa is 

associated with either treatment provides insight into particular taxa that may be 

responsible for these differences. Specifically, we find 16 bacterial taxa to be 

significantly associated with the NOD-A treatment, as well as 16 different bacterial taxa 

to be significantly associated with NOD-N treatment. 

 Finally, the faecal bacteria were also monitored longitudinally throughout the 

study through the use of qRT-PCR in order to determine if the differences in the gut 

microbiota is maintained throughout their lifetime or if it occurred later on.  The levels of 

total bacteria, Lactobacillus, Bacteroides, and C. coccoides were monitored on weeks 

two, five, ten, 13, 16, and 20. Amazingly, the shifts in gut microbiota were already 

apparent by week two, with the NOD-A group having an increase in the Lactobacillus 

and C. coccoides, while NOD-N had an increase in Bacteroides. This shift in gut 

microbiota was maintained throughout the trial, and the total numbers of bacteria present 

stayed similar when comparing the two groups. These shifts occurred prior to the onset of 

insulitis (weeks two and five), post-insulitis but prior to the onset of diabetes (weeks ten 

and 13), as well as after the clinical onset of T1Ds (weeks 16 and 20). 
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Figure. 2. PLS-DA graphs of the differences in the microbial 
composition of the gut the NOD-A and NOD-N female mice at 
10 weeks of age.  
Pyrosequencing data were subjected to partial least squares discriminant analysis (PLS-
DA). A) Score scatter plot representing individual animals from each treatment, grouped 
based on the composition of fecal microbiota. The R2Y and Q2 of the model were 0.97 
and 0.85, respectively. B) Bacterial taxa plotted using weighted PLS component 1 and 2. 
Genera in the plot closer to either treatment are more strongly associated to it. Genera 
found to significantly contribute to the model prediction are shown in green (NOD-N) 
and magenta (NOD-A). When a sequence could not be classified to the genus level, the 
closest level of classification was given, preceded by F (family), O (order), C (class), or P 
(phylum). 
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 The level of immunoregulatory function in CD4+ cells is decreased in 

NOD-N mice 

 Recent research has found that many autoimmune diseases, including T1Ds, are 

regulated by the presence of CD4+ FoxP3+ Treg cells145. Upon comparing the absolute 

numbers of CD4+ FoxP3+ Treg cells in the spleen, the small intestine lamina propria, and 

the colonic lamina propria of two-week-old NOD-N and NOD-A mice found no 

significant difference between the two. Additionally, when comparing the spleen and 

colonic lamina propria of eight week old mice found no significant difference either. 

Interestingly, eight-week-old NOD-N mice had a significant increase in the number of 

CD4+ FoxP3+ Treg cells in the lamina propria of the small intestine when compared to 

NOD-A mice. However, upon further analysis on the expression level of FoxP3 in the 

CD4+ FoxP3+ Treg cells in both NOD-N and NOD-A mice found a significant decrease 

in the expression of this gene, even when there were more present as in the case of the 

lamina propria of the small intestine of eight week old NOD-N mice. Since this gene has 

recently been shown to directly correlate to function of these cells, we can extract from 

this that the NOD-N mice has similar or greater numbers of CD4+ FoxP3+ Treg cells, 

however had decrease overall function146. This fact is further emphasized by the fact that 

NOD-A mice had increased colonic expression of the immunoregulatory IL-10 from 2 to 

20 weeks of age while NOD-N mice had no change. 
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Loss*of*TollGlike*receptor*5*does*not*exacerbate*obesity*and*

metabolic*syndrome:*complex*roles*of*innate*immunity*and*

environment*in*mediating*alterations*of*gut*microbiome*and*

metabolic*syndrome*

 

Both male and female TLR-5 KO mice did not show greater body mass than the 

WT mice on chow or high fat diet 

The results reported by Vijay et al.26 indicated that TLR-5 KO mice had a 20% 

greater body mass than their WT counterparts, and that this difference in obesity was 

observed on either a normal or a HFD. However, our results indicate that the body weight 

of mice in isolated feeding showed no significant difference in body mass between the 

TLR-5 KO and the WT mice on the normal chow. Additionally, after both a 3-month and 

a 5-month HFD, the body weights of the mice still showed no significant difference with 

both KO and WT mice, all of which showed an increase in body mass. These results are 

further supported by the body weights of the mice in mixed feeding which also revealed 

that after a 3-month and a 5-month HFD, the body weights of the KO and the WT mice 

were not significantly different. 

Vijay et al. also reported that the TLR-5 KO mice consumed approximately 10% 

more food than their WT counterparts. This increase in food consumption could account 

for their differences in body mass, and it was also found that placing the KO mice on a 
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food restriction diet prevented many of the metabolic abnormalities. In contrast to Vijay 

et al.’s study, we found no significant difference in food consumption between the TLR-5 

KO and the WT mice. 

 

Both TLR-5 KO and WT mice showed metabolic signs that they had become 

diabetic on both normal chow and HFD 

In order to ascertain whether the mice had developed metabolic syndrome and 

became diabetic, the fasting blood glucose was measured to indicate a diseased state. 

Male TLR-5 KO and WT mice were maintained on a normal chow diet for 12-weeks and 

their fasting blood glucose was measured, and both TLR-5 KO and WT mice had fasting 

blood glucose levels around 120 mg/dL, indicating that they had become diabetic26. 

In order to determine the effects of the HFD on the extent of metabolic syndrome, 

blood glucose levels were also measured following the introduction of a HFD, and were 

compared to the normal chow diet levels. Both TLR-5 KO and WT mice showed a 

significant increase in their fasting blood glucose levels above 160 mg/dL showing that 

the HFD exacerbated the symptoms of metabolic syndrome, however no significant 

difference was found between the two types of mice. These results are in stark contrast to 

those from Vijay et al. who found that on a normal chow diet, neither TLR-5 KO nor WT 

mice had become diabetic, however the TLR-5 KO mice has a significantly higher fasting 

blood glucose when compared to the WT mice. Additionally, Vijay et al. found that when 

placed on a HFD, the TLR-5 KO mice had an increase in their fasting blood glucose to 

levels above 120 mg/dL, indicating they had become diabetic, while the WT mice still 

maintained non-diabetic fasting blood glucose levels. 
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Vijay et al. reported a state of insulin resistance in the TLR-5 KO mice when 

compared to the WT mice, which was further intensified during a HFD. Specifically, 

Vijay et al. found that the TLR-5 KO mice had significantly higher fasting blood insulin 

levels when compared to WT mice, as well as had impaired glycemic control and a 

reduced response to exogenous insulin. Loss of glycemic control was monitored using a 

glucose tolerance test on male mice prior to HFD and after two months HFD in isolated 

feeding mice, as well as after three and five months HFD in mixed feeding mice. In 

contrast to Vijay et al.’s study, there was no significant difference between TLR-5 KO 

and WT mice, and all mice appeared to have loss of glycemic control regardless of the 

diet. However, mice on the HFD had a greater loss of glycemic control when compared 

to the chow diet animals. In addition to loss of glycemic control, the fasting insulin levels 

prior to the HFD were not significantly different when comparing the TLR-5 KO and WT 

mice. When placed on a HFD for five months, the fasting insulin levels for both TLR-5 

KO and WT mice was significantly increased from the normal chow diet levels, however 

no significant differences were observed between the two groups of mice. Finally, insulin 

tolerance tests were performed on both male and female mice once administered a HFD 

for four months. The results in males showed significant reduced response to exogenous 

insulin in male mice, with no significant difference between TLR-5 KO and WT mice, 

while in female mice only slightly reduced response to exogenous insulin was observed, 

with no significant difference between the two groups of mice. These results indicate the 

development of insulin resistance in both TLR-5 KO and WT mice that is worsened when 

administered a HFD, which is different from Vijay et al.’s study where only TLR-5 KO 

mice developed these symptoms26. 
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Bioinformatic analysis of faecal microbiota suggests that difference in the gut 

microbiota can account for the differences in the incidences of T2Ds between 

the two studies 

In the study performed by Vijay et al., it was found that mice with a TLR-5 KO 

also had an associated increase in the development of metabolic syndrome, that was 

intensified with the introduction of a HFD, however WT mice were healthy26. 

Conversely, in our current study, we found that both WT and TLR-5 KO mice under both 

the normal chow and the HFD both developed symptoms of metabolic syndrome, with 

the subjects under the HFD having exacerbated symptoms. Due to the differences 

between the outcomes of both studies although conditions were identical, it was 

hypothesized that the gut microbiota may play a significant role in the different outcomes 

and may account for the incidence of disease. 

 The findings in the current study where we found that both WT and TLR-5 KO 

mice had increased insulin resistance and fasting blood glucose levels that were not 

statistically different. The bioinformatic data agrees with this finding, where it was noted 

that both WT and TLR-5 KO mice had significantly increased levels of Firmicutes with a 

relative decrease in the levels of Bacteroides, with no significant differences between the 

two groups (Table 2). This is in agreement with the literature where it has been found that 

individuals with T2Ds have these same shifts in bacterial proportions44,46,74. When 

compared to the data we received from Vijay et al., we find that their TLR-5 KO mice 

also had an increase in the proportion of Firmicutes and a relative decrease in the levels 

of Bacteroides, however the extent of the shift was to a lesser degree than ours. 
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Interestingly, they also found a lesser degree of metabolic syndrome if you decide the 

extent metabolic syndrome based on fasting blood glucose and insulin resistance. 

Additionally, their WT mice were found to have no shifts in the levels of bacteria when 

compared to the literature26,44–48. This information lends us to perceive that a shift in the 

gut microbiome is required to cause metabolic syndrome, and that the extent of the 

disease correlates to the extent of the shift in the microbiota. 

 

 

Table 4: Relative abundances of bacterial phyla in the faecal microbiota in 

the Vijay et al. study and the Hartmann et al. study, split by TLR-5 KO mice 

and WT mice. 

Statistical analysis of combined sequencing data from Vijay et al. and Hartmann et al. of 
the bacterial phyla present in the faecal samples of mice on HFD, split by trial group. 
Statistical analysis was performed using SAS 9.3. 

Phyla Present  

Percentages Sequences In:1,2 

 SEM P-value3 Vijay et al. Hartmann et al. 
TLR-5 

KO WT TLR-5 
KO WT 

  ---------------------------above 1% of population-------------------------- 
Bacteroidetes  44.31a 55.07a 5.15b 5.75b 

 

3.09 <0.0001G 

Firmicutes  52.93b 40.21c 88.13a 88.36a 2.81 <0.0001G 
Other  1.27ab,A 0.19b,B 1.53a,A 1.74a,A 0.28 0.0051G 
Proteobacteria  1.18ab,B 4.22a,A 1.00b,B 0.66b,B 0.55 0.0049P 
Tenericutes  0.22AB 0.10B 3.03A 2.63A 0.46 0.025P 
  ---------------------between 0.1 and 1% of population4-------------------- 
Actinobacteria  0.03 0.11 0.71 0.53 

 
0.2305 0.4433P 

Deferribacteres  4.16E-07 4.16E-07 0.32 0.20 0.113869 0.9875P 
TM7  0.06 0.10 0.13 0.13 0.05247 0.7586G 
1 Statistically different (P<0.05) denoted by a,b,c. 
2 Statistically different (P<0.10) denoted by A,B,C. 
3 Method of analysis denoted by G (Gaussian), and P (Poisson). 
4 The following taxa below 0.1% were removed: Cyanobacteria, Verrucomicrobia 
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 Carrying on the analysis to determine whether or not there are differences at the 

genus level, PLS-DA analysis was performed to show differences between the two 

studies at both the sample level between the two experiments (Figure 2a), as well as at 

the genus level between the two experiments (Figure 2b). The score scatter plot 

representing the samples from each study shows definitive clustering of the studies 

separately, as well as demonstrates 2 separate clusters for the Vijay et al. study. This is in 

accordance with the data from the studies wherein we found no differences in the 

incidence of metabolic syndrome between the two trials in the Hartmann et al. study, 

while there was a difference in the Vijay et al. study. The bacterial taxa were plotting 

using the weighted PLS components 1 and 2, and indicates 14 genera were significantly 

associated with the Hartmann et al. study, marked in blue, while 18 genera were 

significantly associated with the Vijay et al. study, marked in red. Bacteria associated 

with both trials are marked in black. 

 To further analyse the data, SAS 9.3 was used to analyse the genus level data that 

was processed through QIIME, split by each treatment group per trial. This data was 

turned into a heat map where in it was observed that certain genera were associated with 

each treatment, as well as some genera were completely absent as well when present in 

other treatment groups (Figure 3). Within the Vijay et al. study, it was found that certain 

bacteria were only found within the TLR-5 KO group or the WT group, which is 

consistent with the diversity found early between the two groups. Genera of special 

interest include Prevotella which were only present in the KO group but not in the WT 

group, as well as the family Desulfovibrionaceae. This is of note because Prevotella and 

Desulfovibrionaceae are known mucin degraders, which may play a role in the 
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inflammatory pathogenesis of metabolic syndrome. Additionally, several of the phylum 

Bacteroidetes including Bacteroides, Parabacteroides, the Rikenellaceae family, and the 

Flavobacteriales order, were non-detectable in TLR-5 KO mice.  
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Figure. 3. PLS-DA graphs of the differences in the microbial 
composition of the gut between Vijay et al.’s study and 
Hartmann et al.’s study.  
Pyrosequencing data was subjected to PLS-DA a) Score scatter plot representing 
individual animals from each study, grouped based on the composition of fecal 
microbiota. The R2Y and Q2 of the model were 0.99 and 0.94, respectively. b) Bacterial 
taxa plotted using weighted PLS components 1 and 2. Genera in the plot closer to either 
treatment are more strongly associated to it. Genera found to significantly contribute to 
the model prediction are shown in red (Vijay et al.) and blue (Hartmann et al.). Genera 
found commonly in both trials are marked in black. When a sequence could not be 
classified to the genus level, the closest level of classification was given, preceded by F 
(family), O (order), C (class), or P (phylum). 
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Figure. 4. Impact and differences in treatments in both Vijay et 
al.’s, and Hartmann et al.’s study on specific taxa in the faecal 
microbiota.  
Heat map showing statistically significant changes (p<0.05) on different faecal taxa. Red 
shows a significant increase, blue indicates a significant decrease, and black illustrates 
that it was not found in the treatment. Bacterial taxa were obtained from QIIME. When 
an OTU could not be classified to the genus level, the closest level of classification was 
given, preceded by F (family), O (order), C (class), or P (phylum). 
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  Study 

 Vijay-Kumar et al. Hartmann et al. 

Phylum, Genus TL
R

5K
O

 

W
T 

 

 TL
R

5K
O

 

W
T 

 

Actinobacteria, Actinomycetales(O)        
Actinobacteria, Adlercreutzia      
Bacteroidetes, Bacteroides       
Bacteroidetes, Bacteroidales(O)       
Bacteroidetes, Barnesiella         
Bacteroidetes, Porphyromonadaceae(F)        
Bacteroidetes, Parabacteroides       
Bacteroidetes, Prevotellaceae(F)       
Bacteroidetes, Prevotella         
Bacteroidetes, Alistipes        
Bacteroidetes, Rikenellaceae(F)        
Bacteroidetes, Flavobacteriaceae(F)      
Bacteroidetes, Flavobacteriales(O)       
Bacteroidetes, Bacteroidetes(P)        
Bacteroidetes, Sphingobacteriales(O)      
Deferribacteres, Mucispirillum       
Firmicutes, Lactobacillus         
Firmicutes, Clostridiaceae(F)      
Firmicutes, Blautia         
Firmicutes, Anaerostipes      
Firmicutes, Butyrivibrio        
Firmicutes, Coprococcus        
Firmicutes, Dorea         
Firmicutes, Lachnospiraceae(F)      
Firmicutes, Parasporobacterium      
Firmicutes, Pseudobutyrivibrio       
Firmicutes, Robinsoniella        
Firmicutes, Roseburia       
Firmicutes, Sporobacterium      
Firmicutes, Clostridiales(O)        
Firmicutes, Butyricicoccus      
Firmicutes, Oscillibacter        
Firmicutes, Ruminococcaceae(F)      
Firmicutes, Ruminococcus        
Firmicutes, Sporobacter      
Firmicutes, Coprobacillus         
Firmicutes, Erysipelotrichaceae(F)        
Firmicutes, Firmicutes(P)         
Unclassified, Unclassified(P)         
Proteobacteria, Parasutterella      
Proteobacteria, Desulfovibrionaceae(F)         
Proteobacteria, Helicobacter        
Proteobacteria, Citrobacter         
Tenericutes, Ureaplasma       
Tenericutes, Mollicutes(O)        
TM7, TM7(P)      
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However, these alterations in the microbiota differed within the Hartmann et al. trials. In 

our study groups, mice of both genotypes showed significantly higher compositions of 

Firmicutes in the total microbiota. It was observed certain species were not detectable in 

either of our WT or TLR-5 KO mice, for instance, Prevotella, Citrobacter, Butyrivibrio, 

Ruminococcus, Coprobacillus, and the family Erysipelotrichaceae. By contrast, the order 

Clostridiales, the Mollicutes order, and the Firmicutes phylum showed increasing trends 

in both the WT and KO mice. Additionally, we found a uniform decrease in the 

abundance of Barnesiella, Blautia, and the family Desulfovibrionaceae across both 

treatment groups. This relatively uniform distribution of bacterial genera is consistent 

with the fact that both our trial groups developed metabolic syndrome. 

 To further define differences between the faecal microbiota in each trial of both 

the Vijay et al. and Hartmann et al. studies, both PLS-DA and PCoA analysis was 

performed on the data. Firstly, an unbiased weighted and unweighted UniFrac analysis 

was performed to demonstrating discrete clustering of the trials samples based on the 

experimental trials137 (Figure 4). Interestingly, the Vijay et al. test subjects clustered 

based on treatment, and did so separately from the Hartmann et al. samples. This further 

indicates discrete differences between their TLR-5 KO and WT mice based solely on 

their gut microbiota, and could explain why only the KO mice experienced metabolic 

syndrome. Additionally, the Hartmann et al. test subjects clustered together separately 

from the Vijay et al. samples, however did not separate based on treatment. This falls in 

line with the fact that both the TLR-5 KO and WT mice in the Hartmann et al. study 

developed metabolic syndrome, however it does not account for the differences in the 

degree of metabolic syndrome between the two groups. The PLS-DA figures were plotted 
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to show the grouping of each test subject based on their gut microbiota, as well as plotted 

to demonstrate which genera were associated with which trial as well as which treatment 

(Figure 5). The score scatter plot (Figure 5a) agrees with the UniFrac analysis in that the 

Vijay et al. test subjects clustered based on whether they were TLR-5 KO or WT, while 

the Hartmann et al. test subjects clustered together separately, however did not 

differentiate between WT or KO. This, once again, is in agreement with discrete 

differences between the Vijay et al. TLR-5 KO and WT mice based solely on their gut 

microbiota, and could explain why only the Vijay et al. KO mice experienced metabolic 

syndrome, as well as in agreement with the fact that both the Hartmann et al. WT and KO 

mice both developed metabolic syndrome. However, this does not account for the fact 

that the Hartmann et al. TLR-5 KO mice developed a more severe extent of metabolic 

syndrome. To shed light on discrete differences between the Hartmann et al. KO and WT 

mice, the plotting of the bacterial taxa based on their association with each research 

group as well as each treatment protocol can be used to highlight taxa that may be more 

capable of contributing to the development of metabolic syndrome (Figure 5b). The only 

bacterial taxa to be found to be more significantly associated with the Hartmann et al. 

TLR-5 KO mice are family Rikenellaceae, Sporobacter, and the phylum TM7. It could be 

thought that perhaps these bacteria play a role in the development of metabolic syndrome, 

however currently it is unclear in the literature. Interestingly, the Vijay et al. WT mice 

had 8 bacterial taxa significantly associated with them, leading to the potential for some 

of these bacteria to have certain protective effects against metabolic syndrome, perhaps 

through immunomodulation or out-competing the pathogenic bacteria.  
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Figure. 5. PCOA graphs of the differences in the microbial 
composition of the gut between the treatments in both Vijay et 
al.’s, and Hartmann et al.’s study.  
Pyrosequencing data was analyzed with QIIME and subjected to both unweighted and 
weighted UniFrac analysis.1-3) Unweighted UniFrac analysis, component 1 explains 
28.21% of the variation, component 2 explains 11.92% of the variation, and component 3 
explains 6.42% of the variation. 4-6) Weighted UniFrac analysis, component 1 explains 
74.71%% of the variation, component 2 explains 8.41% of the variation, and component 
3 explains 3.92% of the variation. 
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Figure. 6. PLS-DA graphs of the differences in the microbial 
composition of the gut between the treatments in both Vijay et 
al.’s, and Hartmann et al.’s study. 
Pyrosequencing data was subjected to partial least squares discriminant analysis (PLS-
DA). a) Score scatter plot representing individual animals from each study, grouped 
based on the composition of fecal microbiota. The R2Y and Q2 of the model were 0.63 
and 0.56, respectively. b) Bacterial taxa plotted using weighted PLS component 1 and 2. 
Genera in the plot closer to a treatment are more strongly associated to it. Genera found 
to significantly contribute to the model prediction are shown in light red (Vijay et al. 
wild-type), dark red (Vijay et al. TLR5 knock-out), light blue (Hartmann et al. wild-
type), and blue (Hartmann et al. TLR5 knock-out). Genera that significantly contributed 
to both Vijay et al. trials shown in pink, and genera that significantly contributed to both 
Hartmann et al. trials shown in green. When a sequence could not be classified to the 
genus level, the closest level of classification was given, preceded by F (family), O 
(order), C (class), or P (phylum). 
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According to the results from these intensive analyses, the gut microbiota 

compositions observed in the current study are generally distinct from the observations in 

the previous study, which may lead to the discrepancies of metabolic phenotypes 

observed in these two studies. 
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Discussion!

General*Discussion*of*Results*

 A fundamental problem with diseases such as complex syndromes that encompass 

a wide variety of symptoms and conditions is that pinpointing a single specific 

preventable cause is often incredibly difficult to do. With dozens of confounding 

variables and red herrings, years of research can be applied down one specific train of 

thought only to conclude that it is simply another symptom of the syndrome, or even an 

exacerbator, not a precipitant. This is the case with metabolic syndrome. With genetics, 

environment, diet, and gut microbiota all being equally pursued as main causes, it is 

difficult to know which, if any, of these potential causes are in fact causes, or simply 

symptoms or exacerbators of the disease.  

 One of the biggest confounders in the literature so far are the shifts in gut 

microbiota that are found within individuals with T1Ds and T2Ds. Interestingly, these 

shifts are consistent between both human and murine models143,144. Since it is known that 

T1Ds and T2Ds involve changes in the GALT and inflammatory state of the gut, as well 

as gut permeability, one could easily see how the shifts in the gut microbiota could be 

caused due to the change in the gut environment14,15,101. Within our experiments, we not 

only found the shifts in out gut microbiota to be consistent with the literature for T1Ds ( a 

decrease in Firmicutes and a concomitant increase in Proteobacteria and Bacteroides) 

and T2Ds (an increase in Firmicutes and a concomitant decrease in Bacteroides), but we 

also found that these shifts always occurred where disease was present, and were never 

absent when the disease was present. Additionally, these shifts in gut microbiota were 
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never present when the disease was absent. While this information does not preclude the 

possibility that the shifts in the gut microbiota are simply a symptom of the diseases, it 

does help to argue towards these shifts being necessary for the syndromes to occur. 

 An additional point that we found that helps lend itself towards an argument that 

the shifts in gut microbiota are necessary for metabolic syndrome to occur was found in 

our direct comparison between our experiments and those done by Vijay et al.. Both 

experiments were performed identically, however we found different results from those 

of Vijay et al.. Specifically, Vijay et al. found that the TLR-5 KO mice had increased 

weight, food intake, fasting blood glucose levels, fasting insulin levels, insulin 

intolerance, and glucose intolerance when compared to the WT mice. On the contrary, we 

found that there was no significant difference between the TLR-5 KO and WT mice, with 

both of them developing T2Ds. Finally, Vijay et al. also found that neither the TLR-5 KO 

nor the WT mice developed T2Ds on the normal chow diet, though the TLR-5 KO mice 

developed the disease on the HFD. Contradictory to that, we found that both our WT and 

TLR-5 KO mice developed T2Ds on the normal chow diet, and that the disease was 

exacerbated when placed on a HFD. Without any explicit differences found between how 

our two experiments were run, the analysis of the gut microbiota showed the only notable 

differences. Specifically, we found that our TLR-5 KO and WT mice both had significant 

shifts in the gut microbiota (tremendous increase in Firmicutes, 88% of total population, 

and concomitant decrease in Bacteroides, 5% of the total population) when compared to 

the healthy WT in Vijay et al.’s study (Firmicutes 40% of the total population and 

Bacteroides 55% of total population). Finally, of perhaps greatest interest, is that Vijay et 

al.’s TLR-5 KO mice had a less severe disease when compared to both our WT and TLR-
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5 KO mice, and also had a less severe shift in gut microbiota when compared to our mice. 

This shows a correlation between the degree of the shift in the gut microbiota with the 

severity of disease. This further helps us argue that the shift in the gut microbiota is 

necessary to cause metabolic syndrome. 

 The finding that the HFD exacerbated the disease in both the TLR-5 KO and WT 

mice in our TLR-5 KO trial could be accounted for by prior research done by Roberts et 

al. (2013). They found that insulin resistance can be directly caused by decreasing the 

intracellular signalling ability of the insulin receptor on cells through the induction of 

ROS from the mitochondria13. Additional research has also found that consumption of 

HFDs can cause an increase in the generation of ROS within the mitochondria, leading to 

a direct explanation of how the HFD in our trial exacerbated the disease60–62. While this 

information does not exclude the possibility that a HFD alone could cause metabolic 

syndrome, the fact that Vijay et al. found no metabolic syndrome nor any shifts in the gut 

microbiota in the WT mice on a HFD, this indicates that the HFD was not sufficient to 

cause the disease. Moreover, our findings of a shift in the gut microbiota and the 

incidence of metabolic syndrome in our WT mice on a normal chow diet indicates that a 

HFD is also not necessary to cause the disease. Finally, finding that the disease occurred 

in both TLR-5 KO and WT mice in our study, helps demonstrate that a genetic model 

where TLR-5 KO is necessary and sufficient to cause metabolic syndrome is incorrect, 

however there may be an unnoticed genetic predisposition within both our experimental 

trials that may not be accounted for. 

 Perhaps the most interesting and convincing data comes from our acidified water 

experiments, as these experiments coincide with much of the previous research. Firstly, 
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as previously mentioned, it was noted that the shifts in the gut microbiota followed 

previously described data143,144. These shifts included a decrease in the amount of 

Firmicutes, a phylum that is mostly Gram-positive, and an increase in the Gram-negative 

phyla Proteobacteria and Bacteroides. These shifts are interesting as previous research 

has found that an increase in bacterial LPS (found exclusively in Gram-negative bacteria) 

not only increases the incidence of metabolic syndrome, obesity, and generalized 

inflammatory states leading to insulin resistance, but also increased gut permeability 

which can cause a vicious cycle leading to increased LPS entering the systemic 

circulation from the gut101,113,114. Secondly, and perhaps most importantly, it was found 

that these shifts in the gut microbiota occurred by two-weeks of age, which was prior to 

the development of any symptoms of T1Ds including insulitis or peri-insulitis. Following 

this non-diseased state of dysbiosis, the immunoregulators such as TH-17 CD4 cells, and 

IL-10 levels were found drop in the animals that went on to develop peri-insulitis, 

indicating a cause and effect between the shift in the gut microbiota and the 

disappearance of protective immune cells in the GALT. While it could still be argues that 

the shift in the gut microbiota was an extremely early symptom of the disease, it could be 

reasoned that a more realistic explanation is that the neutral water allowed for a change in 

the gut pH, leading to an overgrowth of the above mentioned Gram-negative bacteria 

causing the increase in LPS, intestinal permeability, and systemic inflammation. This 

helps us to argue that the change in the gut microbiota that in this case was induced by 

the neutral water is necessary and sufficient in causing T1Ds. This is in agreement with 

previous studies by Caricilli et al. and Turnbaugh et al. who found that transplanting gut 

microbiota from healthy mice to mice with T2Ds ameliorated the disease, while 
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transplanting gut microbiota from obese mice to health mice lead to obesity in the healthy 

mice36,44. However, this argument does not hold when we look at the data from the TLR-

5 KO mice. In these studies, the shift in bacteria for diseased mice included a significant 

increase in the number of Firmicutes with a proportional decrease in Bacteroides. While 

not all Firmicutes are Gram-positive, most of them are. This means that the mice that 

developed metabolic syndrome in the TLR-5 study had a decrease in the number of 

Gram-negative bacteria within the gut, making the LPS argument fall apart. Yet, it is still 

known that the LPS from different bacteria have different chemical and antigenic 

properties, leading to the possibility that certain Gram-negative bacteria with highly 

pathogenic LPS could have increased in population sufficiently, though not drastically, in 

order to elicit the effects of LPS on the intestinal permeability and host metabolism. 

 A final confounding factor that should be discussed is the possibility of a single 

pathogen causing the disease. This argument stems from diseases such as Johne’s disease 

in cattle where Mycobacterium avium subspecies paratuberculosis is the aetiological 

agent71,100. In our studies, we did not discover a single bacterial agent that could be 

highlighted and further investigated as being the cause of metabolic syndrome, T1Ds, and 

T2Ds. In fact, our TLR-5 KO study helps us lean towards an argument that it is a global 

shift in the gut microbiota that causes the disease instead of a single agent. While the 

global shifts in the gut microbiota between our trials and those run by Vijay et al. showed 

consistent shifts at the phylum level across diseased animals, not a single bacterial genera 

was found to be consistent across all samples in diseased animals. However, in Figure 4, 

it is highlighted that all the diseased animals in both trials had marked increases in the 

amount of unclassified bacteria in their samples. This highlights one of the key 
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limitations to our experiments that will be discussed later. Certain specific bacteria were 

found in the Vijay et al. TLR-5 KO mice that could be of interest. Specifically, they were 

the genus Prevotella and family Desulfovibrionaceae. These may be of interest because 

they are known mucin degraders, leading to a possibility that their destruction of the gut 

protective layers may facilitate disease52. However, their absence in our samples where 

disease was highly exacerbated does not support this theory. 

 

Limitations*

 As with all studies, the limitations within our experiments fall into both general 

and specific categories. Within these experiments, one of the major limitations is a limit 

currently placed on the abilities of bioinformatic analysis of faecal bacteria. It is currently 

not feasible to be able to accurately sequence precisely every bacterial genera within a 

sample both due to the restrains of current generation sequencing technology, the 

unintended exaggeration or ignorance of certain bacterial genera due to superfluous or 

non-existent binding of the primers to the bacterial RNA, as well as limitations in 

properly assigning bacteria to specific genera due to the use of a manmade database. 

 A second potential shortfall within these experiments, following along with the 

bioinformatic analysis, is that current technology as well as the shear nature of bacteria 

makes it incredibly difficult to determine what all the faecal bacteria are down to the 

species level. As there can still be much difference between bacteria at the species level, 

it is possible that a single common pathogen be found if this were possible. Additionally, 

attempts to culture the faecal bacteria is deemed an insurmountable feat due to the shear 
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diversity within the samples and the number of bacteria that are currently not culturable 

with our known techniques. 

 Limitations that are more specific to these two experiments include the obvious 

limitation that mouse models may not be directly transferable to humans. However, as 

mentioned earlier the shifts in the gut microbiome, as well as the development of 

metabolic syndrome, in the mice is remarkably similar to that of humans making it more 

likely that these findings are directly transferable. 

 Specific to the NOD-A/NOD-N experiment, we failed to monitor the volume of 

water consumed by the sample groups. It is unclear whether acidifying the water caused 

an increase or a decrease in the consumption of water, which could have lead to the 

effects on the gastrointestinal system seen in the experiment. While this may not have 

affected the conclusions that the shifts in the gut microbiota occurred prior to the onset of 

peri-insulitis and T1Ds, it makes the conclusions regarding the protective effects of breast 

milk a larger leap than it currently is.  

 

Future*Research*

 The findings in the current study continue to highlight and elevate the generalized 

theory that the gut microbiota are necessary and sufficient in being able to cause, as well 

as to protect, from metabolic syndrome, T1Ds, and T2Ds. As such, further research 

should be conducted in order to more tightly associate the gut microbiome and the 

pathophysiology of the diseased state. As our technologies get better, further research can 

be performed to perform more specific analysis of the gut microbiota to both the species 
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and genus levels in hopes of further solidifying the changes in gut bacteria seen in the 

diseased state.  

Furthermore, in order to further demonstrate and solidify the importance in the 

gut microbiota as a sole requirement for the diseased state, additional experiments should 

be run wherein we perform faecal transplant. These experiments can be performed by 

transplanting from diseased mice into healthy control mice who have no incidence of 

disease (in order to demonstrate that this dysbiosis in gut microbiota causes the 

development of the identical disease with a similar degree of manifestation), as well as 

from healthy control mice into diseased mice (in order to demonstrate that a shift back to 

normal causes amelioration of disease symptoms). While Turnbaugh et al. have 

performed similar studies on ob/ob mice as well as by Vijay et al. in the TLR-5 study, 

their trials only scratched the surface and failed to analyse the effects on the inflammation 

within the GALT and the pancreas, the intestinal permeability, and whether the shift in 

gut microbiota could be maintained26,44. 

With the recognition of relative shifts in gut microbiota associated with T1Ds and 

metabolic syndrome, it would also be reasonable to run longitudinal studies on a patient 

population monitoring their faecal bacteria in a hope of discovering a way of screening 

patients for development of these diseases. Since our NOD-A/NOD-N study found that 

the shifts in gut microbiota occurred prior to disease onset, it may be possible to catch 

these diseases prior to the onset of damaging inflammation and permanent damage, 

allowing us to treat the before any damage occurs. 

Finally, with research in faecal transplant therapy being performed on humans 

being conducted in other diseases related to changes in the microbiota of the gut, 
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including recurring or chronic Clostridium difficile infections as well as inflammatory 

bowel disease, this research could potentially be extended into metabolic syndrome and 

T1Ds as a potential treatment to prevent progression of the disease147,148. Trials could be 

run in a similar manner to what has already been done for these diseases, with patient 

outcomes being monitored through glucose tolerance testing, fasting glucose levels, 

fasting insulin levels, as well as insulin resistance testing. While it is doubtful that this 

will be able to cure these diseases, it may be possible to halt their progressions 

completely to a point where patients will simply have to live with the irreversible damage 

that had been caused. 

 

Final*Comments*

 

 With metabolic syndrome becoming prevalent in North America and the world, 

with some studies estimating the prevalence to be around 25% in the United States alone, 

the need to identify the key cause of this disease to be able to better tailor our treatment 

and prevention programs is a must to insure patient well-being, as well as to save 

government expenses treating a preventable disease149. With overall diet and exercise, 

genetics, environment, and gut microbiota all being blamed for this disease, it is difficult 

to focus screening, prevention, and treatment with so many moving targets. 

 The current experiments performed in this thesis help to shed the light and try to 

pin down these targets. With the data from both experiments both directing our attention 

to the changes in the gut microbiota as the sole differences between the diseased and the 

non-diseased state, as well as the data from the NOD-N/NOD-A mice experiment 
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demonstrating that the dysbiosis occurred prior to disease onset, this all indicates that the 

shifts in the gut microbiota are both necessary and sufficient in causing the disease, and 

are not simply another symptom. However, the other factors should not be ignored and 

can easily be seen as being able to make an individual predisposed to developing the 

dysbiosis and the disease, as well as being exacerbating factors of the disease. 

 Further experiments should be designed to shed more light on the dynamic effects 

the changes in gut microbiota have on the animal system, as well as should be directed 

towards developing methods in treating these disturbances to the gut microbiomes. 

Finally, with the advancement of sequencing technologies, research can also be applied 

into developing screening tools for metabolic syndrome, T1Ds, as well as T2Ds in hopes 

of catching these diseases prior to them becoming malicious.
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Table A1: Summary statistics for the pyrosequencing data in NOD-

A/NOD-N mouse study 

Alpha diversity analysis of the pyrosequencing data from mothur analysis of 
experimental trials of NOD-A and NOD-N mice. Data was analyzed for richness, 
diversity, and coverage, to determine that there was adequate sampling, proper 
pyrosequencing, and appropriate bioinformatic analysis. 

Treatment 

Mean results for indicated variable 
Average 

Sequences 
per Sample 

Number 
of OTUs1 

Coverage 
(%) 

Richness Diversity 

Chao1 ACE Shannon Simpson 

NOD-A 1337.60 178.20 93.46 311.58 308.70 3.68 0.08 
NOD-N 1572.20 156.00 95.32 267.53 384.66 3.21 0.17 

SEM - 33.87 1.00 63.29 72.91 0.42 0.07 
P-value - 0.66 0.22 0.64 0.48 0.45 0.28 

1 OTU = operational taxonomic unit. 
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Table A2: Genera removed from total analysis with a population below 0.1% 

of the total faecal bacterial population in NOD-A and NOD-N mice 

Bacteria taxa were removed from the total analysis following mothur analysis if their 
population fell below 0.1% of the total population to avoid over-parameterization and to 
optimize the statistical analysis 
Acetanaerobacterium Filifactor Lutibacter PlanctomycetaceaeF 
Arcobacter FlammeovirgaceaeF Lutimonas Proteiniborus 
BacteroidetesC Fusibacter Microvirga Roseibaca 
ChromatiaceaeF Guggenheimella NitrospiraceaeF Streptococcus 
CyanobacteriaC Helcococcus Paralactobacillus Thermacetogenium 
Desulfotomaculum Klugiella PeptococcaceaeF Veillonella 
Enterococcus Lawsonia Persicirhabdus Vulcanibacillus 
1When Genus is Unclassified, C signifies Class, F signifies Family, and O signifies Order. 
 

 

 

 Table A3: Genera removed from PLS-DA of NOD-N and NOD-A 

mouse analysis with a Variable Influence on Projection value less 

than 0.3. 

Bacteria taxa were removed from the PLS-DA following statistical model 
building if their VIP fell below 0.3 to avoid over-parameterization 
Actinomycetales Cohnella Sporobacterium 
Henriciella Parasutterella Akkermansia 
1When Genus is Unclassified, O signifies Order. 
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onadaceae, Aerom

onas 
1.13E-6 

0.39 
0.14 

0.98
P 

Proteobacteria 
A

erom
onadaceae, Tolum

onas 
0.83

A 
0.08

B 
0.25 

0.070
G 

Proteobacteria 
Ectothiorhodospiraceae, Thioalkalivibrio 

1.13E-6 
0.22 

0.10 
0.98

P 
Proteobacteria 

Enterobacteriaceae, Enterobacter 
0.20 

0.50 
0.26 

0.47
P 

Proteobacteria 
M

ethylococcaceae, M
ethylohalobius 

1.13E-6 
0.39 

0.14 
0.98

P 
Proteobacteria 

Pseudom
onadaceae, Azotobacter 

0.18 
0.61 

0.29 
0.33

G 
Proteobacteria 

Piscirickettsiaceae, Thioalkalim
icrobium

 
0.39 

1.13E-6 
0.14 

0.98
P 

Spirochaetes 
Spirochaetaceae, Spirochaeta 

1.13E-6 
0.26 

0.11 
0.98

P 
Tenericutes 

M
ollicutes C, U

nclassified 
0.56 

1.05 
0.24 

0.19
G 

TM
7 

U
nclassified, U

nclassified 
0.09 

0.61 
0.29 

0.24
G 

V
errucom

icrobia 
V

errucom
icrobiaceae, Akkerm

ansia 
0.47 

0.42 
0.30 

0.92
P 

1 Statistically different (P<0.05) denoted by a,b,c. 
2 Statistically different (P<0.10) denoted by A

,B
,C. 

3 W
hen Fam

ily and G
enus are both U

nclassified, C signifies C
lass,  and O signifies O

rder.  

4 M
ethod of analysis denoted by G (G

aussian), N (N
egative B

inom
ial), and P (Poisson). 

5 U
nclassified bacteria accounted for 0.26%

 of N
O

D
-A

 sequences and 1.21%
 of N

O
D

-N
 sequences. 
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Figure. A1. Rarefaction curve of the mothur analysis of the 
fecal bacterial pyrosequencing data of NOD-N and NOD-A 
mice 
Rarefaction curve generated using the mothur algorithm starting at 5 sequences, with a 
step size of 5 and 1000 iterations. 
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Figure A2. Coefficient plots of the taxa analysed by PLS-DA 
found in 454 pyrosequencing.  
Bacteria that significantly contribute to the model are highlighted in the treatment colour 
they are associated with: green for NOD-N, magenta for NOD-A. a) Plot based on 
coefficients determined from statistically determined model component 1. b) Plot based 
on coefficients determined from statistically determined model component 2.  



 109 

 
 
 
 
a) 

 
b) 



 110 

Loss$of$Toll(like$receptor$5$does$not$exacerbate$obesity$and$metabolic$

syndrome:$complex$roles$of$innate$immunity$and$environment$in$

mediating$alterations$of$gut$microbiome$and$metabolic$syndrome$

 

 

Table A5:!Summary statistics for sequences in both Vijay et al. and 

Hartmann et al.’s studies. 

Alpha diversity analysis of the pyrosequencing data from QIIME analysis of Vijay et 
al. (VKO and VWT) and Hartmann et al. (HKO and HWT) experimental trials of TLR-
5 KO mice on a HFD. Data was analyzed for richness, diversity, and coverage, to 
determine that there was adequate sampling, proper pyrosequencing, and appropriate 
bioinformatic analysis. 

Treatment 

Mean results for indicated variable1 

Average 
sequences 

per 
sample 

Number 
of 

OTUs2 

Coverage 
(%) 

Richness Diversity 

Chao1 ACE Shannon Simpson 

VKO 3351.2 873.2a 82.53 2354.25a 3913.58a 5.65 0.015b 

VWT 2376.6 660.2ab 70.37 1786.53ab 3252.88a 5.14 0.021ab 

HKO 1553.8 350.4b 87.04 706.72bc 975.23b 4.91 0.028ab 
HWT 1090.4 274.4b 85.01 537.81c 741.7b 4.76 0.032a 
SEM - 103.57 5.34 294.45 552.1 0.28 0.004 

P-Value - 0.003 0.16 0.001 0.001 0.16 0.04 
1 Statistically different (P<0.05) denoted by a,b,c. 
2 OTU = operational taxonomic unit. 

 
 

 

 

 

 

 



 111 

 Table A6: Genera removed from total analysis with a population below 0.1% 

of the total faecal bacterial population in both Vijay et al. and Hartmann et 

al.’s studies. 

Bacteria taxa were removed from the total analysis following mothur analysis if their 
population fell below 0.1% of the total population to avoid over-parameterization and to 
optimize the statistical analysis 
Acetanaerobacterium CarnobacteriaceaeF GracilibacteraceaeF Paraprevotella 
Acetivibrio ChitinophagaceaeF Guggenheimella PeptococcaceaeF 

ActinobacteriaC Cohnella HeliobacteriaceaeF RhodobacteraceaeF 

Akkermansia CoriobacteriaceaeF Hespellia RhodospirillaceaeF 

AlphaproteobacteriaC CyclobacteriaceaeF Incertae Sedis XIIF Slackia 
Anaerophaga Delftia Incertae Sedis XIVF Sporacetigenium 
Anaerovorax DeltaproteobacteriaC LactobacillalesO Stenotrophomonas 
Aquiflexum Desulfovibrio Lactococcus Streptococcus 
Atopobacter DesulfovibrionalesO Lawsonia StreptophytaF 

Azotobacter Ethanoligenens Loktanella Subdoligranulum 
BacillalesO FlammeovirgaceaeF Moryella Syntrophococcus 
BacilliC Fusibacter Odoribacter Turicibacter 
Bifidobacterium GammaproteobacteriaC Olsenella Verminephrobacter 
BurkholderialesO Geosporobacter Papillibacter  
1When Genus is Unclassified, C signifies Class, F signifies Family, and O signifies Order. 
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Figure. A3. Rarefaction curve of the treatments in both Vijay 
et al. and Hartmann et al.’s study. 
Rarefaction curve generated using QIIME with a depth of sequencing of 750 sequences 
per sample in order to maintain even sampling between samples. 
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