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Summary

Type 2 diabetes (T2DM) is a global epidemic with increasing incidence, accompanied
by many comorbidities, such as cardiovascular (CV) disease, nonalcoholic fatty liver
disease, and dementia, which lead to much death each year. Insulin resistance (IR), a
pathological condition related to T2DM and above comorbidities, presents a high
degree of heterogeneity in organs/tissues. Recently, alterations of gut microbiota (GM)
are found to be associated with T2DM. However, the relationship between GM and
tissue/organ-specific IR in T2DM is not clear, as well as the effects of age and gender

on T2DM.

Therefore, a proof-of-concept clinical trial comprised of forty-six T2DM patients and
twenty-one healthy volunteers was conducted. *H-NMR-based metabolomics was
applied to identify plasma and fecal metabolites. Tissue/organ-specific IR in T2DM
patients was assessed by two ®F-FDG PET/CT scans, before and after a
hyperinsulinemic-euglycemic clamp. GM was quantified in the patients and controls
by next-generation sequencing. Biochemical analyses and anthropometric
measurements were performed at the Department of Biochemistry and Endocrinology
of the Vall d'Hebron University Hospital respectively.

Thus, T2DM patients showed higher IR, elevated cardiovascular risk factors reported
by the atherogenic index of plasma, increased hepatic risk factors reported by the fatty
liver index and NAFLD fibrosis score, and significant alterations in GM, plasma, and
fecal metabolites against healthy controls. In addition, patients had a lower abundance
of Firmicutes and Firmicutes/Bacteroidetes ratio than controls as well as a higher
abundance of Proteobacteria. Accordingly, at a smaller level, a lower abundance of
Faecalibacterium prausnitzii and a higher abundance of Escherichia was found in
patients. Moreover, T2DM patients had a higher concentration of fecal malonate and
plasma acetoacetate and lipids:CH,CO as well as a lower concentration of fecal

isovalerate, 2-hydroxyvalerate, and plasma LDL(CHs3), LDL(aliphatic chain),



VLDL(CHj3), phosphorylcholine, N-acetylated proteins and glutamine/glutamate ratio.
Regarding associations, fecal malonate, plasma acetoacetate, and lipids:CH,CO were
positively associated with IR and some CV risk factors. On the other hand, fecal
2-hydroxyvalerate and plasma LDL(CHs), LDL(aliphatic chain), phosphorylcholine,
N-acetylated proteins, and glutamine/glutamate ratio were negatively associated with
IR and some CV risk factors. Despite this, no specific bacteria were found to be
significantly related to IR and CV risk factors unlike HbAlc and plasma insulin
which had a significant association with GM profiles as well as feces and plasma
metabolic profiles. Faecalibacterium prausnitzii was detected to be negatively
associated with the NAFLD fibrosis score.

Further, some differences were found in T2DM patients caused by age and gender.
Old-aged patients showed increased plasma troponin 1 levels, liver fibrosis scores,
coronary artery calcium scores (CACs), and decreased glomerular filtration rate (GFR)
compared with middle-aged patients. Additionally, old-aged patients presented a
lower abundance of bacteria from Chromatiales and higher concentrations of fecal
2-hydroxyvalerate, B-hydroxybutyrate, methylsuccinate, and lysine. Regarding
associations, positive relationships were found between fecal methylsuccinate and
liver fibrosis scores, as well as between CACs and the NAFLD fibrosis score.
Negative relationships were found between Thiorhodococcus and troponin I, and
between CACs and GFR.

On the other hand, compared with male patients, female patients depicted higher
plasma ALP concentrations and hepatic steatosis index, but lower serum creatinine,
urate concentrations, and epicardial adipose tissue (EAT) volume. In addition, females
showed a lower abundance of bacteria from Clostridia and a higher abundance of
Bacteroides thetaiotaomicron and Phascolarctobacterium faecium. Also, decreased
fecal butyrate and hypoxanthine and increased fecal succinate were shown in females.
Positive relationships showed between the species Bacteroides thetaiotaomicron and
Phascolarctobacterium faecium with plasma ALP as well as between Clostridia and
serum creatinine and urate. Instead, negative relationships were shown between

Tindallia magadiensis and the hepatic steatosis index.



Concerning the tissue/organ-specific insulin resistance in T2DM patients, significant
differences were found in patients caused by myocardial IR and liver IR where two
phenotypes of T2DM patients were analyzed, with IR and IS. Patients with
myocardial IR presented lower global insulin sensitivity (1S¢iamp) and higher levels of
many cardiovascular and hepatic risk factors, such as higher total cholesterol/HDL
ratio and liver stiffness measurement (LSM) value, than T2DM patients with
myocardial IS. Alterations in GM, plasma and fecal metabolites were also found in
patients with myocardial IR. Therefore, Faith’s phylogenetic diversity index, the
abundance of Thermicanales, the concentration of fecal arabinose, 3-galactose, ribose,
aspartate, lactate, and histidine, and the concentration of plasma creatinine,
myo-inositol, threonine, p-galactose, glycerol, and choline were decreased, while the
abundance of Eubacterium callanderi and the concentration of plasma VLDL(CHy)
were increased. Regarding associations between myocardial IR and IS patients, IScjamp
was found to be positively correlated with fecal B-galactose and the genera
Caloramator and Desulfosporosinus. These genera and the species Coprobacillus
cateniformis were also positively associated with myocardial 1S. Finally, bacteria
from Thermicanales were negatively correlated with hepatic enzymes such as AST,
ALT, and GGT.

Regarding liver IR, patients with this affectation depicted higher plasma total bilirubin,
GGT, hyaluronic acid concentrations, enhanced liver fibrosis (ELF) score, and higher
LSM value, but lower 1S¢amp and serum chloride levels. Patients with liver IR had an
elevated abundance of Eubacterium but decreased concentrations of fecal
2-hydroxybutyrate and plasma glycerol. In addition, plasma glycerol was negatively
associated with ELF, plasma GGT, hyaluronic acid, and liver **F-FDG uptake.

Finally, due to the lack of T2DM phenotypes, the relationships between IS of skeletal
muscle and brain with clinical parameters, GM, fecal, and plasma metabolites were
explored. Skeletal muscle IS was positively related to I1Sciamp, plasma adiponectin,
tyrosine, histidine, and bacteria from Caldilineales, but negatively with plasma ALT,
hepatic steatosis index, liver fat content, and Veillonellaceae. Regarding significant

brain regions, the left superior temporal gyrus, and right precuneus were positively



associated with HOMA-IR, while the left olfactory bulb was negatively associated.
On the other hand, several relationships were obtained between these regions with
plasma metabolites and GM. Thus, the left superior temporal gyrus was negatively
associated with plasma formate concentration. The left olfactory bulb was negatively
associated with the abundance of Streptococcus vestibularis, while positively with the
abundance of Desulfosporosinus and Caloramator mitchellensis. In addition, the right
precuneus was positively correlated with the abundance of Megasphaera elsdenii and
negatively with the abundance of the family Caulobacteraceae and the species

Desulfotomaculum indicum.

In summary, this is the first study to reveal the relationships in T2DM patients
between GM, fecal, and plasma metabolomics, showing several differences and
associations after comparing with healthy controls. In addition, this is the first study
to assess the effects of GM and plasma and fecal metabolomics profiles with
tissue/organ-specific IR in the myocardium, liver, skeletal muscle, and brain. Thus,
specific gut bacteria, and plasma and fecal metabolites alterations and associations
were found. On the other hand, age and gender effects should be considered in the
assessments of alterations in T2DM. Our study enhanced the understanding of the
roles of GM and fecal and plasma metabolites in T2DM and the specific IR of its key
tissue/organs, providing valuable information for the personalized management of
T2DM patients. However, further analysis for validation of these findings is required

to avoid the limitation of the present thesis.



Resum

La diabetis de tipus 2 (DM2) es considera una creixent epidénia mundial, associada a
diverses comorbiditats, que inclouen les malalties cardiovasculars, malalties del fetge
0 demeéncies, generant un nombre important de morts cada any. La resistencia a la
insulina (RI), una condiciO patolcgic associada a la DM2, presenta un elevat grau
d’heterogeneitat als diferents organs i teixits. Per altra banda, s’ha descobert una
relacio directa entre la DM2 1 alteracions de la microbiota (GM). Pero fins ara no s’ha
estudiat les relaciones que hi ha entre GM i RI especifica d’organs i teixits.

A la present tesi s’ha realitzat un estudi pilot amb 46 pacients amb DM2 i 21
voluntaris sans. S’han fet un analisi complert basat en la metabolomica amb
resonancia magneica nuclear de plasma i femta, la seqiienciaci6 de la GM, i I’analisi
de la IR especfica en teixits mitjan@nt 18F-FDG PET/TC abans i després d’un
pin@ment hiperinsulinic-euglucémic.

A la primera part del nostre estudi es va demostrar que hi havien diferencies
consistents entre la GM de pacients i de controls sans, afectant la relaci®
Firmicutes/Bacteroidetes 1 1’abundancia de Proteobacteria. A nivell metabolomic, es
van detectar alteracions en els nivells de malonat, isovalerta i 2-hydroxyvalerat en
femta, i acetoacetat, 1Ppids:CH2CO, LDL, VLDL(CH3), fosforilcolina, relacio
glutamina/glutamat y N- prote'fies acetilades del plasma. A més, es va trobar una
correlacid directa entre alguns d’aquests metabolits 1 els nivells de RI, HbAic, insulina
plasmdica i factors de risc cardiovascular.

Al analitzar pacients de dos grups d’edat, €s van detectar canvis associats
especificament a pacients d’elevada edat, afectant les Chromatiales, aixi com la
concentraciOde 2-hidroxivalerat, B-hidroxibutirat, metilsuccinat i lisina fecal. També
es van detectar canvis associats espec ficament a uns dels dos géneres.

En quan a I’anélisi de RI especific, es va demostrar una afectacié de Thermicanales,
Eubacterium callanderi, Caloramator y Desulfosporosinus, i de la concentracicn
d’arabinosa, B-galactosa, ribosa, aspartat, lactat e histidina fecals, aix¥como de la

creatinina, VLDL(CH3), treonina, B-galactosa, glicerol, i la colina plasmaics en



pacients amb RI miocadia. A més, en aquests pacients, la pB-galactosa fecal i 2
bact&ries van correlacionar positivament amb la sensibilitat sisténica a la insulina
(ISclamp) aix®¥ com la IS miocadia. Per altra banda, las Thermicanales van
correlacionar negativament amb factors de risc hepdic.

Els pacients amb RI hepdica van presentar alteracions en Eubacterium,
2-hidroxibutirat fecal y glicerol plasmaic. Aquest dtim es va associar negativament
amb els biomarcadors hepaics GGT, ELF, &id hialurcnic plasmaiic i la IS hepaica.
En relacioal grup de pacients amb IS cerebral, se va detectar una associaciOdirecta
del bulb olfactiu esquerra i del precuni amb diversos canvis bacterians.

En conclusion, s’han pogut identificar una serie de canvis especifics en les bacteries
intestinals i els metabdits plasméaics i fecals associats a la DM2 i a les RIs
espec Fiques de miocardi, fetge, muUscul esqueléic i cervell. Les molésules i soques
bacterianes identificades poden representar interesants candidats com a biomarcadors
per a comorbiditats espec Fiques. Per altra banda, aquestes alteracions es poden veure
afectades tant per ’edat com per al geénere, que per tant sempre s’ha de tenir en

compte per al diagndstic i tractament de la malaltia.



Resumen

La diabetes tipo 2 (DM2) es una epidemia mundial con una incidencia creciente, que
puede generar una serie de comorbilidades, como las enfermedades cardiovasculares,
la enfermedad del hgado graso no alcohdico o la demencia, provocando muchas
muertes cada afp. La resistencia a la insulina (RI), condicicn patol&yica relacionada
con la DM2 y comorbilidades, presenta un alto grado de heterogeneidad en los
diferentes &ganos/tejidos. Recientemente, se descubrid que las alteraciones de la
microbiota intestinal (GM) estaban asociadas con la DM2. Sin embargo, a d & de hoy
no se han estudiado las relaciones entre GM y la RI espec fica de &gano vy tejido en la
DM2.

En el presente trabajo se ha realizado un estudio cl mico piloto con 46 pacientes con
DM2 y 21 voluntarios sanos. Se realizoun estudio completo de los sujetos, aplicando
la metabolGmica basada en resonancia magnéica nuclear (RMN) de muestras
plasmdicas y fecales, un andisis IR espec fico de &gano/tejido mediante 18F-FDG
PET/TC antes y despué del pinzamiento hiperinsulinénico-euglucémico, y la
determinacid de la GM por secuenciacién de préima generacion.

En una primera parte de nuestro estudio, se realizduna comparacicn general entre
pacientes con DM2 y controles sanos. Como previsto, los pacientes mostraron niveles
elevados de RI y diferentes factores de riesgo hepdico y cardiovascular. En el estudio
de la GM, se confirmaron alteraciones significativas, afectando la relacicn
Firmicutes/Bacteroidetes y la abundancia de las Proteobacteria. En el estudio
metaboldnico, se detectaron alteraciones en el malonato, isovalerato vy
2-hidroxivalerato en heces, y cambios en el acetoacetato, | pidos:CH,CO, LDL(CHj3),
LDL (cadena alifdica), VLDL(CHy), fosforilcolina, relacién glutamina/glutamato y N-
prote mas acetiladas del plasma Adem&s, varios de estos metabolitos tuvieron una
correlacidn directa con los niveles de RI, la HbAlc, la insulina plasmdica y los
factores de riesgo cardiovascular.

Cuando comparamos pacientes de mediana edad con pacientes de edad avanzada,



detectamos una menor abundancia de bacterias de Chromatiales, pero una mayor
concentracicn de 2-hidroxivalerato, B-hidroxibutirato, metilsuccinato y lisina fecales.
Adem&, se identificaron cambios espec ficos asociados al género de los pacientes con
DM2.

En cuanto al andisis de los cambios asociados a RI espec ficos, se puedo demostrar
que la abundancia de Thermicanales, Caloramator y Desulfosporosinus, y la
concentracidn de arabinosa, B-galactosa, ribosa, aspartato, lactato e histidina fecales,
ast como la creatinina, mioinositol, treonina, B-galactosa, glicerol, y la colina
plasmd&icas disminuyeron en pacientes con IR miocadica, mientras que la
abundancia de Eubacterium callanderi y la concentracién plasméica de VLDL(CHy)
aumentaron. Adem&, se encontrd que la pB-galactosa fecal y 2 bacterias
correlacionaron positivamente tanto con la sensibilidad sisténica a la insulina (ISciamp)
asicomo con la IS miocadica. Las Thermicanales se correlacionaron negativamente
con los factores de riesgo hepédico.

Los pacientes con RI hepdica presentaron alteraciones en Eubacterium,
2-hidroxibutirato fecal y glicerol plasméico. Este Utimo se asociGnegativamente con
los biomarcadores hep&icos GGT, ELF, el &ido hialurénico plasméico e IS hepdico.
Adem&, el IS muscular esqueléico se relaciondcon 1S¢iamp, adiponectina plasméica,
ALT, tirosina e histidina, mdice de esteatosis hepd&ica y contenido de grasa hepdica,
asicomo Caldilineales y Veillonellaceae. Con respecto a los grupos de IS cerebrales,
el bulbo olfativo izquierdo yl prectneo se pueden asociar con cambios bacterianos.

En conclusin, tanto la DM2, como las RIs espec Ficas de miocardio, h gado, mUsculo
esqueléico y cerebro se pudieron correlacionar con cambios en las bacterias
intestinales y metabolitos plasméicos y fecales. Adem&, los efectos de la edad y el
género pueden afectar de forma significativa las alteraciones en la DM2. Algunos de
los metabolitos y cepas bacterianas identificadas podr Bn representar interesantes

candidatos como biomarcadores para diferentes comorbilidades en DM2.
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1.1 Diabetes

1.1.1 General overview

Diabetes mellitus is a group of metabolic diseases characterized by persistent
hyperglycemia resulting from insufficient insulin production of the pancreas, or the
body cells not responding properly to the insulin produced, or both [1]. It may cause
long-term micro- and macro-vascular complications leading to many comorbidities
such as cardiomyopathies, neuropathies, diabetic retinopathies, nonalcoholic fatty
liver disease (NAFLD), nephropathies and stroke, reducing life quality and
expectancy of the affected individuals [2]. It was estimated that in 2017, worldwide
424.9 million people were living with diabetes and that the prevalence in adults
increased from 4.7% in 1980 to 8.8% in 2017 [3]. Four million deaths were
attributable to diabetes and its complications worldwide in 2017 and the annual cost
spending on diabetes among adults was up to around 850 billion dollars in 2017 [3].
Figure 1.1 shows the distribution of adults with diabetes mellitus by regions in the
world, where two Asian countries (China and India) and the USA stand out in
particular with the highest number of cases [4]. Estimations predict that if we do not
take any actions to stop the increase in diabetes, there will be at least 629 million
people diagnosed with diabetes by 2045 [3, 5]. Diabetes has become a major health
threat in the world and the biggest burden for many families. Many authors
considered it a pandemic [6]. Therefore, it is necessary to investigate this pathology to

minimize its consequences.

There are two main types of diabetes, type 1 diabetes mellitus (T1IDM) and type 2
diabetes mellitus (T2DM), called insulin-dependent diabetes mellitus and
non-insulin-dependent diabetes mellitus, respectively [5, 7]. There are some
differences between them: 1) T1DM is less prevalent than T2DM and represents

around 10% of all cases of diabetes [8]. T2DM is more prevalent and accounts for



Introduction

about 90% of all diabetic cases [7]. 2) TIDM is an autoimmune disorder caused by a
lack of insulin secretion by beta cells of the pancreas and the patients require daily
injections of insulin to survive. T2DM is not an autoimmune disorder, resulting from
a combination of genetic factors related to impaired insulin secretion, insulin
resistance, and environmental factors, and the body can produce insulin but cannot
use it effectively [1]. 3) Most cases of TLDM are diagnosed between the ages of 4 and
14, while most people are diagnosed with T2DM after the age of 40 years [1]. Despite

that there are several types of diabetes, this thesis is focused on T2DM.

G

Figure 1.1 Estimated total number of adults (20-79 years) living with diabetes mellitus in 2015.
The red color and pink colors indicate more serious areas with the diabetes mellitus pandemic. The
figure is from Zheng et al [4].

1.1.2 Type 2 Diabetes

1.1.2.1 Overview

T2DM accounts for between 90% and 95% of all diabetic patients, with the highest
proportions in low- and middle-income countries or regions [7]. Therefore, T2DM is
the most common type of diabetes in the world. The main characteristic symptoms of
this type of patient are hyperglycemia, thirst, polyuria, blurred or decreased vision,
and weight loss [7]. The most serious clinical manifestations are ketoacidosis or
non-ketotic hyperosmolar states such as dehydration, coma, and even death without
prompt and effective treatment [7]. However, in the first years of the disease, T2DM

7
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symptoms are often not severe or even absent, causing many individuals with T2DM
to remain unknown until biochemical detection or the presence of complications. It is
estimated that 30-80% of diabetic cases are undiagnosed [9]. T2DM used to affect
mainly adults, but currently can also be found in children, with an alarming annual
growth [5].

In the past three decades, epidemiological research on T2DM has improved our
understanding of a wide range of risk factors for the development of T2DM, including
age, overweight and obesity, unhealthy lifestyles such as unhealthy dietary and
sedentary lifestyle, prior gestational diabetes (GDM) and genetic factors [4,7]. Among

them, being overweight and obese are the strongest factor leading to T2DM.

1.1.2.2 Diagnostic methods

The current WHO guidelines provide four recommendations for the diagnosis of
T2DM [7]. These recommendations (Table 1.1) are: 1) fasting plasma glucose > 7.0
mmol/L or > 126 mg/dL, 2) 2-hour post-load plasma glucose after a 75 g oral glucose
tolerance test (OGTT) > 11.1 mmol/L or > 200 mg/dL, 3) HbAlc > 6.5% or > 48
mmol/mol and 4) random blood glucose > 11.1 mmol/L or > 200 mg/dL in the
presence of signs and symptoms of T2DM. If elevated values are detected in
asymptomatic persons, it is recommended to repeat the same tests the next day to

confirm the diagnosis.

Table 1.1 Current diagnostic criteria for T2DM.

Number Diagnostic tests Diagnostic criteria

1 Fasting plasma glucose > 7.0 mmol/L or > 126 mg/dL

2 2-hour (2-h) post-load plasma glucose after a > 11.1 mmol/L or > 200 mg/dL
759 OGTT

3 HbAlc >6.5% or > 48 mmol/mol

4 Random blood glucose in the presence of signs > 11.1 mmol/L or > 200 mg/dL

and symptoms of diabetes

Four diagnostic tests for T2DM are currently recommended, shown in Table 1.1. Abbreviations:
HbAlc, hemoglobin Alc; OGTT, oral glucose tolerance test. This table is summarized by WHO
publication [7].
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1.1.2.3 Aetiopathology

T2DM is widely regarded as a long-term consequence of multiple risk factors which
have been described above. They can be summed up in genetics (family heredity,
carrying risk alleles in the TCF7L2 gene) and environmental factors (lack of exercise,
unhealthy diet, stress, hypertension, obesity, and aging) [4]. It is characterized by
relative insulin deficiency caused by pancreatic B-cell dysfunction and insulin
resistance (IR) in target organs [10]. The pancreas is the only organ in humans to
produce and secrete insulin, and it seems incapable of renewing B-cells after the age
of 30 years [11]. A decline in function or the destruction of pancreatic $-cells can lead
to reduced or no insulin secretion, which severely influences the glucose balance.
There are some mechanisms involved in alterations of functions of the pancreas,
including genetic factors, insulin resistance, and environmental factors [7].

IR is a common and predominant feature at the early stage of T2DM, caused by
impaired insulin sensitivity (1S) in specific organs or improper action of insulin. Due
to these reasons, it is compensated by hyperinsulinemia that enables glucose
metabolism to remain normal. Individuals with IR or impaired insulin develop
postprandial hyperglycemia, which leads to impaired glucose tolerance (IGT) or
prediabetes. IGT, or chronic hyperglycemia, further suppresses pancreatic B-cell

insulin secretion and worsens IR, resulting in T2DM [12].

1.1.2.4 Complications

Most patients with T2DM have at least one complication and usually several, with
cardiovascular complications being the main ones, being also the main cause of death
in these patients [13]. The long-term complications traditionally include
macrovascular and microvascular complications (Figure 1.2) triggered by
hyperglycemia [14]. Macrovascular complications include coronary artery disease,
peripheral vascular disease, cerebrovascular disease, cardiomyopathy, arrhythmias,

and sudden cardiac death [14, 15]. Microvascular complications of T2DM include
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diabetic nephropathy, diabetic retinopathy, foot ulcer, and diabetic neuropathy [14,
16].

Long-term Complications of
Type 2 Diabetes

® & @
ee® ¢ o
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Figure 1.2 Long-term complications of T2DM. Generally, the detrimental effects of hyperglycemia
are separated into macrovascular complications and microvascular complications, as shown in the
figure. This figure is derived from Seiosuwowei Allen [17].

1.1.2.5 Prevention and management

T2DM is considered a global epidemic by several authors since the population
affected by this pathology continues to increase at an alarming rate [3]. In addition to
the aforementioned health complications caused by T2DM in patients, there are others
related to the economy of the patients and their families as well as to healthcare
systems and national economies, through direct medical costs and loss of work and
wages [5]. Faced with this global challenge, many efforts through education, media,
periodic specialist assessment, and research are being done to prevent this disease [5].
There are effective approaches available to prevent T2DM and its complications such
as raising knowledge and awareness of T2DM, receiving regular health evaluations,
and maintaining a healthy lifestyle [5]. It has been shown that regular physical activity
and the consumption of a healthy diet are valid, favorable, and feasible ways to

prevent T2DM [5].
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Unfortunately, the food industry continues producing high amounts of ultra-processed
food products containing masked sugar and sugary drinks that have been significantly
associated with an increased risk of T2DM [18, 19]. Unless governments start to
make serious measures to reduce the promotion of these kinds of products, especially

for children, a significant reduction of T2DM will be difficult.

Since many patients suffering from T2DM are not diagnosed, an early diagnosis
would be the first step for the proper management of patients. After this, a series of
cost-effective interventions [5] can be done to improve the patient outcomes such as 1)
regular blood glucose control; 2) eating healthy diets avoiding mainly sugar and
refined carbohydrates; 3) physical activity; 4) medication, where metformin and
insulin are the most habitual drugs used for this type of patients and currently
homologs of GLP-1 and inhibitor of SGLT2 and DPP-IV are becoming very important
for the treatment of patients; 5) control of blood pressure and lipids to mainly reduce
cardiovascular risk; 6) and regular screening of eyes, kidneys, and feet to control

diabetic retinopathy, nephropathies, and diabetic foot respectively.

1.1.3 Insulin resistance

1.1.3.1 Overview

Insulin is a hormone produced by the pancreatic B-cells in response to body
nutritional stimuli [20]. It controls the excess of blood glucose by a series of actions
such as stimulating the uptake of glucose into the cells of the whole body to generate
energy; promoting glycogen, fat, and protein synthesis; and inhibiting hepatic glucose
production [21, 22]. Therefore, insulin plays a pivotal role in glucose homeostasis in
the body.

After the release of insulin from pancreatic -cells, it enters the bloodstream to target
the body cells through the insulin receptors placed on the cell membrane to perform

its signaling pathway function, incorporating glucose into the cells [23]. Some key
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components taking part in the insulin signaling pathway (Figure 1.3) are the insulin
receptor, insulin receptor substrate (IRS), phosphatidylinositol 3-kinase (PI3K),
glucose transporter protein (GLUT), and Akt/protein kinase B [24]. The glucose
transporter GLUT?2 in the liver releases glucose, while the insulin-sensitive GLUT4 in
the muscle and fat mediates glucose uptake. This Akt protein kinase is required for
insulin regulation of the pathways controlling systemic glucose homeostases, such as
glucose transport in adipocytes and muscle, inhibition of hepatic gluconeogenesis, and
cell autonomous activation of hepatic lipogenesis [25]. When blood glucose levels
return to normal (99 mg/dL or lower), it is critical to turn off the insulin signal as soon
as possible. Precision modulation of this pathway is crucial for adaptation as the
individual transitions from a fed to a fasted state. Uncontrolled activity in the
downstream pathways could cause severe metabolic disruptions, most notably insulin

resistance [26].
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Figure 1.3 Schematic diagram of the general insulin signaling pathway in cells. Insulin binds to the
insulin receptor, activating PI3K and, later, AKT, which inhibits GSK-3p. Abbreviations: IRS, insulin
receptor substrate; PI3K, phosphatidylinositol 3-kinase; GLUT, glucose transporter protein; GSK-3,
glycogen synthase kinase; GS, glycogen synthase; MTOR, mammalian/mechanistic target of
rapamycin; AMPK, AMP-activated protein kinase. Black and red arrows indicate phosphorylation
activation and inhibition, respectively. The figure is from Arneth et al [27].

IR, also known as impaired IS, is present when a normal or high insulin blood level
produces a reduced biological response after a nutritional stimulus [28]. In other

words, in this situation cells from specific organs and tissues are not sensitive to
12
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insulin and do not incorporate glucose. To compensate for resistance and maintain
normal or near-normal blood glucose levels, the pancreas secretes more insulin that
results in a state of hyperinsulinaemia, which in turn causes IR [29] and possibly other
health problems [30].

Insulin is potent to lower the increasing glucose after food intake and enables the
body to maintain blood glucose homeostasis and energy balance. Insulin suppresses
hepatic glucose production and stimulates glucose uptake in the muscle and adipose
tissue. Besides, insulin is also involved in some signaling pathways in the brain that
control both positive and negative aspects of food intake and energy metabolism.
Disruption of insulin signaling can then lead to IR and progression toward various
metabolic disorders, including cardiovascular disease, obesity, and T2DM [31]. Many
mechanisms contribute to the associations between IR and T2DM (Figure 1.4). At the
molecular level, besides changes in insulin signaling transduction pathways, the
mechanisms also include changes in mitochondrial function and glucose metabolism,

and free fatty acids (FFASs) in skeletal muscle cells and cardiomyocytes [32].
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Figure 1.4 Molecular mechanisms of IR and changes in insulin-targeted organs in T2DM. In

T2DM, alterations may occur in the pancreas, skeletal muscle, liver, and adipose tissue, among other
organs and tissues. Molecular mechanisms of insulin resistance include altered levels of adipokines,
oxidative stress, lipotoxicity, mitochondrial dysfunction, and endoplasmic reticulum stress. ER,
endoplasmic reticulum. The figure is from Rocha et al [36].

Furthermore, oxidative stress has also been implicated in the pathophysiology of IR
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both in animals and in cultured cells [33]. In obesity and insulin-resistant states,
strong evidence showed that oxidative stress can lead to mitochondrial dysfunction
[34]. It is widely acknowledged that inflammatory cytokines, such as interleukin-6
(IL-6) and tumor necrosis factor-a (TNF-a), contribute to IR, which may influence
glucose uptake and utilization in the skeletal muscle and affect glucose and fatty acid

utilization in the heart [35].

1.1.3.2 Insulin resistance syndrome

Insulin resistance and compensatory hyperinsulinemia in non-diabetic individuals
were associated with a cluster of related abnormalities, including some degree of
glucose intolerant, essential hypertension, a high plasma triglyceride, and a low
high-density lipoprotein (HDL) cholesterol concentration [37]. This cluster of related
abnormalities associated with IR/compensatory hyperinsulinemia represented an
important clinical syndrome, which was called Syndrome X in 1988, but now is
designated as the Insulin Resistance Syndrome [37].

In the present, abnormalities associated with Insulin Resistance Syndrome were
summarized to include glucose intolerance, dyslipidaemia, endothelial dysfunction,
elevated procoagulant factors, haemodynamic changes, elevated inflammatory
markers, abnormal uric acid metabolism, increased ovarian testosterone secretion, and
sleep-disordered breathing [37, 38]. Clinical syndromes associated with IR include
mainly T2DM, cardiovascular disease (CVD), essential hypertension, polycystic
ovary syndrome, non-alcoholic fatty liver disease, certain forms of cancer and sleep

apnoea [37, 38].

1.1.3.3 Tissue/Organ-specific insulin resistance

The abnormalities or clinical syndromes related to IR in humans show a high degree
of heterogeneity, and severity may vary between different organs [37, 39]. In addition,

animal studies prove that the actions of insulin vary according to the physiological
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function of the tissues and organs concerned [22, 25]. This has suggested that the
studies focused on IR should also focus on individual tissues or organs and not only
on the whole body. In fact, this is a good starting point to study T2DM or other
metabolic syndrome diseases from an IR-based personalized medicine point of view.
The main organs affected by IR are the liver, adipose tissue, skeletal muscle,
endothelial cells, brain, and myocardium (Figure 1.5). IR in skeletal muscle,
myocardium, adipose tissue, liver, and brain were introduced because they are

involved in this thesis.

Adipose Tissue Central Nervous System

Heart

Vascular bed

Skeletal Muscle
Figure 1.5 Insulin targeted organs or tissues. Major canonical insulin-sensitive tissues are the liver,
skeletal muscle, and adipose tissue. However, recent advances demonstrate that both the brain and heart
are also insulin-responsive organs. This figure is from Schmidt et al [40].

1.1.3.3.1 Skeletal muscle

There are three types of muscle tissue in humans and other vertebrates, namely
skeletal muscle, cardiac muscle (myocardium), and smooth muscle, all affected by IR
[41].

Skeletal muscle, which is attached to bones, plays a crucial role in providing access to
various activities such as walking, running, bowing and maintaining posture,
regulating the body temperature, and maintaining systemic glucose metabolism [42].

Skeletal muscle accounts for almost 40% of the body mass [43] and is the main tissue
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responsible for insulin-mediated glucose uptake. A hyperinsulinemic-euglycemic
clamp (HEC) study on healthy subjects showed that approximately 80% of the
whole-body insulin-stimulated glucose is taken up by skeletal muscle and used for
glycolysis and glycogen synthesis [44]. In skeletal muscle, the GLUT4 glucose
transporter is promoted by insulin to uptake glucose in its cells. In IR conditions such
as obesity and T2DM, insulin-stimulated glucose uptake is markedly reduced in
skeletal muscle [45, 46]. As a result of this impaired insulin signaling, multiple
post-receptor intracellular defects appear, including impaired glucose transport,
glucose phosphorylation, and reduced glucose oxidation and glycogen synthesis
[47-50]. Interestingly, in a mouse model with a muscle-specific insulin receptor
knockout, severe insulin resistance was observed in the muscle but glucose tolerance
remained normal [51]. These researchers also found that insulin-stimulated glucose
uptake in fat was increased 3-folds and fat mass was increased as well. Besides
glucose, FFA can also be utilized by skeletal muscle as a fuel source for energy
production, especially under fasting conditions [52]. In myocytes, fatty acids are
directed toward the synthesis of lipid metabolites or towards mitochondrial
B-oxidation. When fatty acid uptake exceeds the rate of [-oxidation, lipids can
accumulate in the muscle, which has subsequent deleterious effects on insulin action.
This imbalance between fatty acid uptake and B-oxidation could contribute to muscle
IR [53]. In addition, several studies have shown that elevated plasma FFA levels could
impair insulin signaling and cause IR in skeletal muscle [54].

Skeletal muscle cells are rich in mitochondria. Mitochondria are organelles that play
an important role in the cellular regulation of energy metabolism and that produce the
largest amount of ATP through the use of several metabolites as fuel, being glucose
the main one [55]. It has been reported that in patients and animals with T2DM, the
number and function of mitochondria are reduced in skeletal muscle [56, 57].
Substantial evidence shows that mitochondrial dysfunction and oxidative stress in

skeletal muscle are key mechanisms mediating IR [58, 59].
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1.1.3.3.2 Myocardium

The myocardium is the muscular layer of the heart wall (Figure 1.6A), also called
heart muscle or cardiac muscle, the thickest layer between the single-cell
endocardium layer and the outer epicardium [60]. It is responsible for the contractile
function of the cardiac pump and has distinctive cellular and physiological features
that allow it to generate force to maintain adequate tissue and organ perfusion

throughout the body [61].
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Figure 1.6 Location of the myocardium and its blood supply. A) Layers of tissue surround the heart.
B) Myocardium’s blood supply comes directly from the system of coronary arteries. There are two
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main coronary arteries, the left coronary artery (LCA), which branches into the left anterior descending
(LAD) coronary artery and the left circumflex (LCx) coronary artery, and the right coronary artery
(RCA). The figure A is from Krishnan et al [62] and the figure B is from online
(www.texasheart.org/heart-health/heart-information-center/topics/the-coronary-arteries/).

The myocardium is made up of cardiac muscle cells called cardiomyocytes (Figure
1.7), which are striated, mononuclear muscle cells found exclusively in the heart
muscle. For this reason, the myocardium is also known as the striated muscle. A
unique cellular and physiological feature of cardiomyocytes is its intercalated discs,
which contain cell adhesions such as gap junctions, to facilitate rapid cell-to-cell
communication [61]. Functionally, the myocardium relies on electrochemical
gradients and potentials to generate contractile force for each heartbeat. The
myocardium is found in the walls of all four heart chambers, though it is thicker in the

ventricles and thinner in the atria [61].
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Intercalated discs

Desmosomes

Figure 1.7 Representation of cardiomyocyte structure. The figure depicts the shape of
cardiomyocytes (cardiac muscle cells) and intercalated discs, as well as gap junctions. The figure is
derived from Fakhrielddine et al [63].

The blood supply of the myocardium comes directly from the system of coronary
arteries (Figure 1.6B) that runs within the epicardial layer. There are two main
coronary arteries, the left coronary artery (LCA) and the right coronary artery (RCA),
and the former quickly branches into the left anterior descending (LAD) coronary

artery and the left circumflex (LCXx) coronary artery [61].

While the actions of insulin in the liver, skeletal muscle, and adipose tissue have
attracted a lot of attention, its role in the heart has received less attention, basically
because its main sources of energy are fatty acids and not glucose, unlike the rest
because of its important beta-oxidation equipment [64]. Despite this, the heart uses
glucose, commonly when it needs an energy boost, and this process could be
compromised by IR, causing deleterious alterations in its operation [65]. The
consumption of energy in the myocardium is essential for the cardiac function to
maintain a continuous supply of a variety of molecules including oxygen, ADP,
creatine, calcium, and other components to the rest of the organs and tissues. Under
normal physiological conditions, myocardial metabolic energy is derived from the
oxidation of long-chain fatty acids (LCFAs) (60 — 70%), glucose (20%), and lactate
(10%) [66]. And when glucose and insulin concentration rise, glucose becomes the
favored oxidized substrate of the heart [66]. A large amount of insulin receptors have
been found to be located on the surface of cardiomyocytes. Thus, insulin acts directly

on the heart muscle, and its action is mediated primarily through PKB/Akt signal
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pathway [66]. Similar to the skeletal muscle, activation of insulin signaling pathways
in cardiomyocytes leads to an increase in glucose uptake by promoting the
translocation of GLUT4, to perform its metabolization via glycolysis [67] (Figure
1.8). Thus, insulin promotes glucose in cardiomyocytes as the main cardiac energy
substrate, reducing myocardial oxygen consumption and increasing cardiac efficiency
[68]. In addition, insulin also participates in the regulation of LCFA uptake, protein
synthesis, and vascular activity in the myocardium [66].
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Figure 1.8 The potential mechanisms by which AMPK activation mediates glucose uptake in
cardiac myocytes. AMPK activates either p38 MAPK or eNOS, which subsequently increases GLUT4
translocation to the sarcolemmal membrane. The activation of AMPK also facilitates glucose uptake in
cardiac myocytes by preventing endocytosis of GLUT4 transporters present at the sarcolemmal
membrane. AMPK can also enhance glucose uptake by affecting GLUT1.The figure is from Lee et al
[67].

Multiple mechanisms, based mainly on cell and murine model studies, have been
proposed to contribute to the increased vulnerability of the heart in insulin-resistant
states, such as alterations in myocardial insulin signaling, increased fatty acid
utilization, impaired mitochondrial oxidative capacity, mitochondrial dysfunction,
decreased cardiac efficiency, excess intramyocardial lipid accumulation, oxidative
stress, inflammation, increased apoptosis and myocardial fibrosis, and altered calcium
metabolism and signaling [69]. Myocardial IR translates into reduced myocardial
insulin sensitivity and compromised intracellular insulin signaling, which adversely

affects myocardial mechanical function and tolerance to ischemia and reperfusion.
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Myocardial IR, associated with cardiac hypertrophy, can also contribute to the
development of heart failure [70].

Structural and functional abnormalities of the myocardium in diabetic patients
characterize diabetic cardiomyopathy [71]. Diabetic cardiomyopathy is highly
prevalent in asymptomatic T2DM patients, so screening for its presence at the earliest
stage of development is very important for T2DM prevention [72]. Since diabetic
cardiomyopathy was first recognized and described by Rubler et al [73], people found
that it was not a rare condition but instead a very common one, and its etiology is
primarily due to hyperglycemia, with contributions from the insulin resistance

syndrome, which causes left ventricular hypertrophy [74].

1.1.3.3.3 Adipose tissue

In healthy conditions, adipose tissue accounts for about 20% of the body mass in men
and about 30% in women [75]. There are two main types of adipose tissue (AT), white
and brown. White adipose tissue is the most common type, widely spread throughout
the body, and comprises the largest AT volume in most mammals including humans,
which is critical for energy storage, endocrine communication, and insulin sensitivity.
In contrast, brown adipose tissue, largely present in mammals postnatally and during
hibernation, uses energy for non-shivering heat production, which is critical for body
temperature maintenance [76].

AT plays a crucial role in the regulation of whole-body fatty acid homeostasis (Figure
1.9). Thus, in periods of calorie abundance (after feeding), it stores FFAs in the form
of triglycerides through their esterification to glycerol. Insulin stimulates this
process—Ilipogenesis. And at a state of energy shortage (such as during fasting), it

releases FFAs back into circulation as a source of energy and fuel for the body [77].
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Figure 1.9 Lipid metabolism in adipocytes. Adipocytes function effectively as the body’s fuel stores
with the biochemical machinery. To this end, it mediates lipogenesis and lipolysis in different
conditions. Lipogenesis, conversion of FFA to triglycerides (TG) for storage; lipolysis, breakdown of
TG to FFA and glycerol. Adipocytes are insulin-sensitive, and insulin stimulates glucose uptake and
lipogenesis and inhibits lipolysis. FFA, free fatty acid; ACS, acyl-CoA synthase; AC, adenylate cyclase;
IR, insulin receptor; PKA, protein kinase A; PI3K, phosphatidylinositol 3-kinase; HSL, hormone
sensitive lipase. The figure is from Sethi et al [78].

AT is the primary site for energy storage. Over the past few decades, it has become
clear that adipose tissue is also an endocrine organ, releasing a variety of
adipocyte-specific factors known as adipokines [77]. These adipokines are involved in
diverse key biological functions such as energy homeostasis, insulin sensitivity, lipid
metabolism, inflammation, and immunity [79]. Adipokines include hormones such as
leptin, adiponectin, visfatin, apelin, vaspin, hepcidin, chemerin, omentin, and
inflammatory cytokines including tumor necrosis factor alpha (TNF-a), interleukin 6
(IL-6), monocyte chemoattractant protein-1 (MCP-1), and plasminogen activating
inhibitor (PAI) [80]. Leptin, one of the first discoveries of an adipocyte-derived
signaling molecule, has been found to play a profound role in the regulation of body
weight and energy homeostasis. Leptin can regulate the appetite to control food intake.
A minor increase in leptin concentration reduces the appetite and leads to a decrease
in body weight. A decrease in tissue sensitivity to leptin (leptin resistance) was found
in obesity, T2DM, and other metabolic disorders, such as IR and dyslipidemia [81].
On the other hand, adiponectin, exclusively secreted by mature adipocytes, acts to

increase insulin sensitivity, fatty acid oxidation, as well as energy expenditure and
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reduces hepatic glucose production [82]. In contrast to leptin, adiponectin expression
and serum concentrations are reduced in insulin-resistant states, including obesity and
T2DM [83]. Reduction of adiponectin has been associated with IR, dyslipidemia, and
atherosclerosis in humans and animals [84]. In the case of TNF-a, a classical
pleiotropic pro-inflammatory cytokine expressed by adipose tissue that appears within
minutes of any injury or stress to regulate immune cells [85]. In recent decades, it has
also come to be known as an adipokine, promotes insulin resistance, and is associated
with obesity and obesity-associated metabolic disease such as T2DM [85]. IL-6,
expressed in adipose tissue and other types of cells, is reported to have multiple
effects from inflammation to host defense and tissue injury. Plasma IL-6
concentrations were found to be positively correlated with human obesity and IR, and
high concentrations of IL-6 were predictive of T2DM [86]. Changes in adipokine
levels, induced by obesity, affect the liver and skeletal muscle functions and trigger IR,

which are summarized in Figure 1.10.
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Figure 1.10 Adipocyte dysfunctions linking obesity to insulin resistance and T2DM. IR, insulin
receptor; TNF-a, tumor necrosis factor a; IL-6, interleukin 6; FFA, free fatty acids; TAG,
triacylglycerol; ACC, acetyl-CoA carboxylase; LCACO0A, long-chain acyl-CoA; DAG, diacylglycerol.
The figure is from Kojta et al [87].

Glucose uptake by adipocytes in the postprandial state is also insulin-dependent via
GLUT 4. It is estimated that adipose tissue accounts for about 10% of
insulin-stimulated whole-body glucose uptake. In diabetic and IR individuals,

adipocytes have reduced GLUT 4 translocation and impaired intracellular signalling
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[87]. In addition to stimulating glucose uptake, the actions of insulin on adipose tissue
include enhancing triglyceride synthesis and suppressing triglyceride hydrolysis as
well as the release of FFAs and glycerol into the circulation [88, 89]. With the
development of obesity, the ability of adipocytes to store triglycerides is impaired, and
the suppression of lipolysis in adipose tissue by insulin decreases [90]. Consequently,
fat is stored in other cell types including liver and skeletal muscle, triggering
deleterious effects such as obesity, NAFLD, insulin resistance, and T2DM [91, 92].
Ectopic lipids and their metabolites or increased concentrations of circulating FFAs
cause IR in muscle and other tissues. Circulating cytokines released by adipose tissue

also contribute to IR in muscle, liver, and other tissues [87], as shown in Figure 1.10.

1.1.3.3.4 Liver

The liver is the largest organ in the body and comprises around 2% of an adult's body
weight, located between the organs of the gastrointestinal tract and the heart [93]. It is
a vital organ that is responsible for a large variety of functions that help to support
metabolism, immunity, digestion, detoxification, and vitamin storage among other
functions [93]. It is also a unique organ due to its dual blood supply from the portal
vein and the hepatic artery (Figure 1.11). Oxygenated blood flows in from the hepatic

artery, while nutrient-rich blood flows in from the hepatic portal vein [94].
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Figure 1.11 Dual blood supply of liver. Oxygen-carrying blood and nutrient-carrying blood pool in
the liver. The figure is derived from online
(https://ib.bioninja.com.au/options/option-d-human-physiology/d3-functions-of-the-liver/liver-blood-fl
ow.html).
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The liver is extremely sensitive to insulin and plays an important role in maintaining
blood glucose levels. In the postprandial state, insulin tends to lower blood glucose by
stimulating glycogenesis (the process of storing insulin-mediated glucose in the form
of glycogen) and suppressing glycogenolysis (the opposite process of glycogenesis,
glycogen is converted back to glucose) and gluconeogenesis (glucose synthesis from
noncarbohydrate sources) [95], as seen in Figure 1.12. The liver accounts for
approximately 30% of the whole body's insulin-mediated glucose disposal [24]. On
the contrary, during the fasting state, hepatic glycogenolysis and gluconeogenesis are

important in maintaining blood glucose concentrations.

Figure 1.12 Regulation of glucose metabolism by insulin in the liver. In the postprandial state,
insulin tends to lower blood glucose by stimulating glycogenesis (left red arrows) and suppressing
glycogenolysis and gluconeogenesis (green arrows). The figure is adapted from Rix et al [95].

On the other hand, the liver plays a pivotal role in lipid metabolism (Figure 1.13)
since it can take up FFAs and lipoproteins (complexes of lipid and protein) from the
plasma [96]. During fasting or under conditions of low plasma circulating insulin,
FFAs derived from the plasma can be metabolized in the mitochondria of hepatocytes
via B-oxidation to provide energy or are channeled to ketogenesis [96]. After feeding
or under conditions of high plasma circulating insulin, more of FFAs is used for
triglyceride synthesis in the liver, which is necessary for very low-density lipoprotein
(VLDL) formation. Then, VLDLs carry most of the triglyceride from the liver to the
other organs to provide energy [96]. Another important function of the liver is to
produce and remove cholesterol in the body. The liver is a key site for endogenous

cholesterol synthesis and packages dietary and synthesized cholesterol into
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low-density lipoproteins (LDLs), which are secreted into the blood for transport to
other tissues. Like triglyceride, cholesterol is also circulated in the plasma as
lipoproteins, which are synthesized in the liver. There are two cholesterol-rich
lipoproteins, LDLs and high-density lipoproteins (HDLs). HDLs are thought to
remove cholesterol from peripheral tissues and transport it to the liver [96]. Because
of the above, the liver could be considered the regulator of cholesterol in the body
[96]. Cholesterol is essential for all body cells as a major structural component of cell
membranes and is also used as a substrate for the synthesis of other steroids such as
bile acids, vitamin D, and sex hormones. It is critical to maintaining healthy
cholesterol levels. However, elevated total and LDL cholesterol levels in plasma have
been demonstrated to be an important risk factor for the development of
cardiovascular diseases in humans and laboratory animals [97]. High cholesterol
biosynthesis and cholesterol-rich dietary can lead to increase plasma total and LDL
cholesterol concentrations [98]. Furthermore, it is well known that the liver serves as
an excretory organ, such as the production of bile, which helps break down fats in the
small intestine during digestion and eliminate waste [96]. Finally, the liver plays a
significant role in the clearance of bilirubin and the metabolism of drugs and

xenobiotics [99].
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Figure 1.13 Lipid metabolism in the liver. The liver is the main site of fatty acid and cholesterol
metabolism. LDL, low-density lipoprotein; VLDL, very low-density lipoprotein; HDL, high-density
lipoprotein; TG, triglyceride. The figure is from Liao et al [100].

Hepatic IR is characterized by enhanced gluconeogenesis in the fasting state and
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impaired suppression of hepatic glucose production in response to insulin in the
postprandial state [101]. IR in the liver is the major cause of fasting hyperglycemia in
the metabolic syndrome [44]. In a study with mice that had an insulin receptor
deletion in hepatocytes, insulin suppression of hepatic glucose production was
completely lost [102]. Alterations in lipoprotein metabolism represent a main hepatic
manifestation of IR, such as increased circulating levels of FFAs and triglyceride, and
decreased clearance of LDL and VLDL [103]. Evidence showed that excess
diacylglycerol (DAG) leads to hepatic IR and hyperglycaemia by protein kinase Ce
(PKCe) activation and subsequent inhibition of insulin signalling [104]. A study
performed on humans revealed that acute elevation of plasma FFA levels produces
hepatic IR primarily by inhibiting insulin-mediated suppression of glycogenolysis
[105]. Skeletal muscle IR has been demonstrated in rodents to exacerbate NAFLD
[106], which is strongly associated with hepatic IR.

Furthermore, hepatocytes can release functional proteins, called hepatokines, which
can influence metabolic processes through autocrine, paracrine, and endocrine
signaling [107]. These hepatokines include selenoprotein P, sex hormone-binding
globulin (SHBG), fibroblast growth factor 21 (FGF21), and adropin. Studies found
that SHBG secretion was inversely associated with liver steatosis, cardiometabolic
risk, and insulin resistance [108, 109]. FGF21 is reported to induce positive metabolic
functions. Administration of recombinant FGF21 to obese mice reversed hepatic

steatosis, increased energy expenditure, and improved insulin sensitivity [110].

1.1.3.3.5 Brain

The brain is a complex organ that controls all functions of the body such as thinking,
memory, emotion, touch, motor skills, vision, and breathing, and interprets
information from the outside world through our five senses: sight, smell, touch, taste,
and hearing [111]. The brain is composed of the cerebrum, cerebellum, and brainstem
[111]. At the cellular level, it is made up of two types of cells: nerve cells or neurons

and glial cells. Neurons convey information through electrical and chemical signals,
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and they communicate with each other by exchanging neurotransmitters across a tiny
gap called a synapse. Glial cells provide neurons with nourishment, protection, and
structural support [111]. There are two sets of blood vessels that supply blood and
oxygen to the brain (Figure 1.14): the vertebral arteries and the internal carotid

arteries [111].
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Figure 1.14 Arterial supply to the brain. There are two arteries that are responsible for the blood
supply to the brain: the vertebral arteries and the internal carotid arteries. The figure is derived from
online (www.cigna.com/es-us/knowledge-center/hw/blood-supply-to-the-brain-tp10153).

Although the roles of insulin in peripheral tissues are well understood, less is known
about its multifaceted roles in the brain. Ever since the brain was identified as an
insulin-sensitive organ, evidence has rapidly accumulated that insulin actions in the
brain produce multiple behavioral and metabolic effects, influencing eating behavior,
peripheral metabolism, and cognition [112]. Human and animal studies indicate that
insulin influences cerebral bioenergetics, enhances synaptic viability and dendritic
spine formation, and increases the turnover of neurotransmitters, such as dopamine.
Insulin also has a role in proteostasis, influencing clearance of the amyloid B peptide
and phosphorylation of tau, which are hallmarks of Alzheimer’s disease (AD) [113].
Moreover, insulin modulates vascular function in the brain through effects on
vasoreactivity, lipid metabolism, and inflammation [113]. Disturbances in brain
insulin action can be observed in obesity, T2DM, as well as in aging, and dementia

[114].

Insulin receptors are expressed on all cell types in the brain and are concentrated in

the olfactory bulb, hypothalamus, hippocampus, cerebral cortex, striatum, and

27



Introduction

cerebellum [115, 116]. Insulin enters the brain primarily by selective, saturable
transport across the capillary endothelial cells of the blood-brain barrier (BBB) [117,
118]. However, it takes a relatively long time for insulin to be transported to neurons
from external sources [119, 120]. Insulin has multiple functions in the brain, which
are outlined above, and therefore a normal supply of insulin in the brain is very
essential for neural function. Recent research suggests that insulin is also synthesized
locally in the cerebral cortex, which can ensure a normal concentration of insulin in
the brain and provide a rapid way of regulating local microcircuits [120, 121]. Insulin
has many roles in neurons. Briefly, insulin enhances neurite outgrowth, modulates
catecholamine release and uptake, regulates trafficking of ligand-gated ion channels,
regulates expression and localization of gamma-aminobutyric acid (GABA),
N-methyl-D-aspartate (NMDA), and a-amino-3-hydroxy-5-methyl-4-isoxazole
propionic acid (AMPA) receptors, and modulates activity-dependent synaptic
plasticity [122]. Concerning glial cells, insulin modulates microglial inflammatory
responses [123]. Glucose maintains cerebral energy metabolism in part due to the
presence of glucose transporters in endothelial cells of the BBB, neurons, and glial
cells, as well as a relatively high plasma glucose concentration [124]. Neuronal
glucose uptake depends on the glucose transporter isoforms GLUT1, GLUT3, and
GLUTS8 on the plasma membrane [124]. Due to the relative abundance in the brain,
GLUTS3 is considered the major glucose transporter in neurons [125], which is
insulin-independent and present in very few other cell types in the body. GLUT-4 is
present at a low level in the brain, including the olfactory bulb, the dentate gyrus of

the hippocampus, the hypothalamus, and the cortex [126].

Further, insulin signaling in the central nervous system (CNS) regulates metabolic
pathways in peripheral tissues such as the liver and adipose tissue, and these effects
are thought to be mediated by the actions of insulin in the hypothalamus [122]. The
metabolic effects of brain insulin include the suppression of hepatic glucose
production [127, 128], hepatic catabolism of branched-chain amino acids [129],

hepatic triglyceride secretion and lipolysis in adipose tissue [130]. Brain insulin
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actions on other peripheral tissues were summarized previously [114] and depicted in
Figure 1.15.
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Figure 1.15 Insulin action in the brain regulates both central and peripheral functions. In addition
to regulating CNS (via neurons and/or astrocytes) functions, insulin acts in the brain to regulate
peripheral functions via the autonomic nervous system and the hypothalamic-pituitary axis. The figure
comes from Agrawal et al [114].

Similar to the definition of IR, brain IR is defined as the failure of brain cells to
respond to insulin [131]. This lack of response could be caused by insulin receptor
downregulation, insulin receptor inability to bind insulin, or faulty activation of the
insulin signaling cascade [122]. At the cellular level, this dysfunction may manifest as
the impairment of neuroplasticity, receptor regulation, or neurotransmitter release in
neurons. Or, it may occur as a result of the impairment of processes more directly
implicated in insulin metabolism [122]. Functionally, brain IR can manifest as
impaired central regulation of nutrient partitioning, cognitive and mood dysfunction,
and brain-specific neuropathology and neurodegeneration [122]. T2DM and AD,
which some authors classified as “type 3 diabetes”, are both associated with brain IR

and brain dysfunction [122, 132].

1.1.3.4 Measurement of insulin resistance

There are a variety of approaches to assess IR in the whole body and specific tissues
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or organs [133]. Most IR studies have been performed using the whole-body approach
to assess IR due to the simplicity of performing this measurement. Despite this, it is
well known that the contribution of each insulin-sensitive organ or tissue can be
different for the patient evaluated despite having the same whole-body IR value to
other patients [134]. Therefore, several controversial conclusions can be found in the

literature due to the use of the whole-body indexes [134, 135].

1.1.3.4.1 Whole-body insulin resistance

The gold standard method to measure whole-body IR is wusing the
hyperinsulinemic-euglycemic clamp (HEC) technique [136]. In this technique, plasma
insulin is raised to a constant predetermined level by a continuously primed infusion
of exogenous insulin, while plasma glucose is maintained at a constant euglycemic
level by adjusting the infusion of exogenous glucose [136]. Under these steady
conditions, the rate of infused glucose is equal to the rate of glucose uptake by all the
tissues in the body, namely the rate of whole-body glucose disposal. The rate of
insulin infusion should be sufficient to suppress endogenous glucose production; 120
mU/m?min insulin is a standard insulin infusion rate used in the practice [137].
Despite being the gold standard technique, HEC is invasive with a costly, laborious,
and time-consuming procedure [133].

Therefore, several easier and more practical approaches based on indices have been
developed, which are derived from measurements of fasting glucose and insulin levels
or from the measurement of the dynamic plasma assessment after an oral glucose
tolerance test (OGTT). Based on a single fasting blood sample, the homeostatic model
assessment of IR (HOMA-IR) [138] and the quantitative insulin sensitivity check
index (QUICKI) [139] were developed and have been widely used in the clinical
practice and several trials, due to their ease of use and well assessing whole-body IR.
Combining the fasting plasma test and the use of OGTT, two more invasive surrogate
indices Insulin Sensitivity Index (ISlp120) [140] and the Whole Body Insulin

Sensitivity Index (WBISI) [141] are available to choose from.
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HOMA-IR is used to quantify IR and beta-cell function from fasting plasma glucose
and insulin concentrations. It has proven to be a robust clinical and epidemiological
tool for the assessment of whole-body IR. Regarding the QUICKI index, it is also
calculated by a formula using fasting plasma glucose and insulin concentrations. It
provides a reliable, reproducible, and accurate index of insulin sensitivity with

excellent predictive power. Both indices are used in this study.

1.1.3.4.2 Tissue/organ-specific insulin resistance

Tissue or organ-specific IR can be evaluated ex vivo or in vivo. The in vivo approach
uses biopsy samples to apply a molecular biology technique to have a surrogate
indicator of IR or measure the concentration of radioactive glucose present in the
biopsy sample after administering this type of glucose to patients or animals [142,
143]. As for the in vivo method, tissue/organ-specific IR can only be assessed using
radioactive glucose with dynamic single-photon emission computerized tomography
(SPECT) or dynamic or static positron emission tomography (PET) [144, 145]
specifically on T2DM patients after an HEC condition, where tissue/organ-specific
insulin sensitivity is determined. In the case of dynamic PET evaluation, we always
have a surrogate value of IR because the rate of glucose uptake in the organ is
determined after comparing it with a control group to establish its rate of reduction.
However, in our laboratory, we have used the basis of the dynamic assessment to
establish a technique for the first time that allows IR to be quantified by performing
two static PET scans on the same fasting patient, at baseline, and after performing an
HEC procedure. In each scan, we used half the dose of
2-deoxy-2-[18F]fluoro-D-glucose (**F-FDG) to meet the dosimetric requirements for
patients. In addition, this technique can adequately determine the IR because the
alterations caused by diets, medications, and exercise, among other causes can be
eliminated because the IR is obtained as the difference in the uptake of *F-FDG in
any organ or tissue between the scan performed in HEC and baseline condition (IS in

an organ or tissue can be assessed by the formula: ASUV= SUVyec — SUVpaseling)-
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PET is a noninvasive imaging technique providing three-dimensional, whole-body,
and quantitative images, which has wide clinical applications in oncology, cardiology,
and neurology [146]. In recent years, it was found that the combination of PET and
CT (PET/CT) showed more precise anatomical localization of areas of increased
metabolic activity than previously one of them alone. It combines the physiological
sensitivity of PET with the anatomical accuracy of CT in one imaging session [146].
For instance, currently, a gold standard technique for IR quantification in adipose
tissue in humans is the determination of lipolysis fluxes by tracer-dilution techniques
during continuous intravenous insulin infusion [147]. In addition, the isotope dilution
technique is also a frequent method used to assess hepatic IR [148].

BE_FDG is the most widely used radiotracer for the measurement of tissue glucose
uptake in PET due to the following advantages: 1) it has a long half-life (109 minutes);
2) it decays by emitting positrons with the lowest positron energy (511 keV) which
contributes to high-resolution imaging and 3) it acts as a glucose analogue and can be
transported into the cells by the same carrier as glucose, but its phosphorylated
product FDG-6-phosphate can’t enter the standard metabolic pathways and leave the
cell slowly, and therefore it is trapped and accumulated in the cells [149]. This

'metabolic trapping' of FDG-6-phosphate forms the basis of the analysis of PET data.

1.1.4 Glucagon-like peptide-1

Glucagon-like peptide 1 (GLP-1) is an incretin hormone secreted by the L-cells of the
distal ileum and colon and is generated by tissue-specific posttranslational proteolytic
processing of the proglucagon gene [150]. Native GLP-1 is composed of 30 or 31
amino acids, has a very short half-life, and undergoes amination of the C-terminal
domain. Bioactive GLP-1 is truncated from GLP-1 (1-37) and exists as two
equipotent circulating molecular forms, GLP-1 (7-37) and GLP-1 (7-36 amide). In
humans, nearly all circulating GLP-1 is GLP-1 (7—36 amide), accounting for 80%
[151]. Nutrients including glucose, fatty acids, and dietary fiber can stimulate the

release of this hormone in the digestive tract. Thus, GLP-1 is released in response to
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meal intake, affects multiple target tissues throughout the body, and executes key
functions such as stimulating pancreatic insulin secretion and inhibiting food intake.
After many years of research, it has been recognized to have multifaceted actions in
different organs and tissues (Figure 1.16) such as the stimulation of insulin secretion
from pancreatic B cells, the decrease of gastric emptying, reduction of appetite and
food intake, the modulation of rodent B-cell proliferation, and cardio- and
neuro-protective effects [152, 153]. Actions of GLP-1 are believed to be mediated by
a single G protein-coupled receptor isoform in the cell membrane [150].

One of the most important functions of GLP-1 is its incretin effect or insulinotropic
activity, which has attracted numerous and continuous interests, as the stimulation of
insulin secretion by GLP-1 is strictly in a glucose-dependent manner [150]. However,
GLP-1 is quickly metabolized (in around 2 min in plasma) and inactivated by the
enzyme dipeptidyl peptidase 1V (DPP-1V) [152], which prevents its broad clinical use.
Therefore, different pharmacological approaches aiming to extend the in vivo half-life
of GLP-1 or to inhibit its inactivation are currently being evaluated, such as GLP-1
analogues exenatide and liraglutide (incretin mimetics), and DPP-1V inhibitors
(incretin enhancers) [154]. Incretin mimetics exenatide and liraglutide show
reductions in fasting and postprandial glucose concentrations [155]. DPP-IV
inhibitors such as sitagliptin and vildagliptin reduce HbAlc by 0.5~1.0% with few
adverse events and no weight gain [155]. All these treatments are currently approved
in Europe and USA only for specific circumstances in T2DM and obesity. Therefore,
despite the incretin mimetics and enhancers being very promising treatments for
T2DM and obesity, long-term clinical studies are needed to expand their uses in these

pathologies.
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Figure 1.16 Major biological actions of GLP-1 in peripheral tissues. Most GLP-1 effects are
mediated by direct interaction with GLP-1 receptors on specific tissues (continuous arrow). However,
the actions of GLP-1 in the liver, fat, and muscle most likely occur through indirect mechanisms
(discontinuous arrow). The above figure is from Gallwitz et al [153].

1.2 Gut microbiota

1.2.1 General overview

Gut microbiota (GM) is an assortment of microorganisms inhabiting the mammalian
gastrointestinal tract (GIT). In humans, the number of microorganisms in the GIT has
been estimated as many as 10**, which is 10-fold higher than the number of cells in
the human body [156]. The number and composition of microbes vary across the
length of the GIT, and its richness and diversity are gradually increased from stomach
to colon [157] (Figure 1.17). Over 70% of all the microbes reside in the colon, but a
few of them live in the stomach and duodenum [156]. According to oxygen demand,
GM consists of strict anaerobes, facultative anaerobes, and aerobes, with strict

anaerobes being the majority [156]. From biological taxonomy, GM consists of
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bacteria, archaea, viruses, and eukarya. GM has co-evolved with the host over
thousands of years to form an intricate and mutually beneficial relationship, where
some bacteria only live in a settled niche, and the microbial composition stays a

dynamic homeostasis.
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Figure 1.17 Composition and richness of gut microbiota along the gastrointestinal tract. From the
stomach to the colon, the pH increases and so does the density of microorganisms. Most aerobic
organisms reside in the upper gastrointestinal tract (GIT), while most anaerobic organisms live in the
lower GIT. The figure is adapted from Tsabouri et al [157].

Currently, the understanding of GM has been greatly improved due to the advent of
culture-independent approaches such as high-throughput and low-cost sequencing
methods. Thus, more than 50 bacterial phyla and around 500-1000 species have been
described [158, 159]. The human gut microbiota is mainly from two phyla:
Bacteroidetes and Firmicutes [160]. In bacterial taxonomy, a bacterium is placed
within a small but homogenous group in a rank or level, and the most commonly used
ranks or levels in their descending order (Figure 1.18) are kingdoms, phyla, classes,
orders, families, genera, and species. When it comes to talking about an organism, we
use the last two taxa, the genus, and the species, because they are more specific.
Binomial nomenclature is formally used for naming an organism. It is important to

note that the first letter of the genus is always capitalized, and the whole name of the
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genus and species is italicized.
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Figure 1.18 Ranks or levels of bacterial taxonomy. The closer the classification is to the genus or
species, the more specific it is. Relatively, each kingdom or phylum contains many genera and species.
The figure is from online (www.mometrix.com/academy/biological-classification-systems/).

Recent studies show that the function of GM extends far beyond digestion, playing
critical roles in host health [161]. The beneficial functions to the host include
strengthening gut integrity or shaping the intestinal epithelium, harvesting energy,
protecting against pathogens, and regulating host immunity [162]. Therefore,
maintaining GM homeostasis is essential to fulfilling the above functions. Many
intrinsic and extrinsic factors can affect the distribution and composition of GM,
including diet, drugs, probiotics, and antibiotics [163]. On the other hand, when the
GM is imbalanced and aberrant, it also may contribute to the pathogenesis of various
common metabolic disorders including obesity, T2DM, NAFLD, cardio-metabolic

diseases and dementia [161, 164].

1.2.2 Relationships of gut microbiota with Type 2 Diabetes,

insulin resistance, and related comorbidities
Over the past few decades, a lot of studies have been performed to explain how GM is
involved in the development of the above diseases. There is growing evidence that

GM and its alteration interact with other organs, highlighting the concept of the

gut-organ axis [165]. Figure 1.19 depicts the different gut-organ axes and various
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diseases associated with GM alterations. Metabolic components serve as
communication pathways between the GM and different organs, such as bile acids,
short-chain fatty acids (SCFASs), and neurotransmitters [165]. SCFAs are derived from
the GM fermentation of indigestible foods and have important metabolic functions
[166]. Increasing evidence demonstrates a beneficial role for SCFA in adipose tissue,
skeletal muscle, and liver substrate metabolism and function, thereby facilitating

improved insulin sensitivity [166].
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Figure 1.19 Gut-organ axes and disease examples. Through metabolic pathways and immune
signalling, GM dysbiosis will affect other organs such as the brain, liver, and heart, and could have an
impact on the progression of critical diseases. The figure is from Wozniak et al [165].

In addition to IR in some specific tissues/organs described above, the GM may play a
role in the IR of these tissues or organs through gut-organ axes [165, 167]. Aberrant
alterations in the GM composition have been detected in T2DM patients, including a
significant decrease in butyrate-producing bacteria, which are associated with IR and
the development of T2DM [168, 169]. Below, a summary of the relationships between
GM and T2DM, as well as T2DM-related comorbidities or IR-related diseases is

presented.

1.2.2.1 Gut microbiota and Type 2 Diabetes

One of the main features of T2DM is IR in target tissues, which leads to increased
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blood concentrations of glucose and insulin. Some studies have shown a relationship
between T2DM and changes in the GM composition and the gut itself [168, 170]. For
instance, patients with total colectomy show an increased risk of T2DM in
comparison to individuals without colectomy [171]. Furthermore, studies in rodents
have shown that hyperglycaemia may increase intestinal barrier permeability and
subsequently cause a leaky mucosa, allowing permeability of some metabolites to the
blood that could alter the metabolism of certain organs [172]. Therefore, there is
increasing interest in understanding if an altered GM is involved in triggering either
T2DM, a metabolic disease, or problems associated with this disease. A
metagenome-wide association study of GM in T2DM showed a moderate degree of
gut microbial dysbiosis, including a reduction in the abundance of some universal
butyrate-producing bacteria and an elevation in various opportunistic pathogens [168].
Similar results were got in gestational diabetes mellitus [173]. Because most T2DM
patients need to take drugs regularly to reduce the glucose blood levels or avoid
comorbidities, more conclusive findings are detected in individuals with prediabetes
who are drug-nawe, and then the effect of the drug is avoided. Relevant studies
indicated that their GM exhibited a loss of butyrate-producing taxa, a reduced
abundance of Akkermansia muciniphila, and an increased abundance of bacteria with
pro-inflammatory potentials such as Bacteroides vulgatus and Prevotella copri [174,
175]. Altogether, these studies suggest that an aberrant GM might be an important
contributor to the development of T2DM.

1.2.2.2 Gut microbiota and cardiovascular disease

Cardiovascular disease (CVD) remains the leading cause of death worldwide, and is
estimated to cause 17.9 million deaths globally in 2019, which accounts for 32% of all
deaths [176]. CVDs are a group of disorders of the heart and blood vessels and are
usually associated with atherosclerosis and increased blood clots, which cause
damage to arteries in organs such as the brain, heart, kidneys, and eyes. It includes

coronary artery disease (CAD), cerebrovascular disease, peripheral arterial disease,
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rheumatic heart disease, and other related conditions [176]. The heart is an important
organ for the body and heart disease (cardiopathy) is chosen as a unique type of

CVDs to address the relationships with the GM.

1.2.2.2.1 Gut microbiota and cardiopathy

Cardiopathies also called heart diseases include cardiomyopathy, myocardial
infarction, heart attack, CAD, and heart failure. Most of these heart diseases are
related to the presence of atherosclerotic plaques [177]. Atherosclerosis is a buildup of
plaque inside the artery walls, which causes the inside of the arteries to become
narrower and slows down the flow of blood to the heart, brain, or other parts of the
body. Atherosclerosis can be related to IR, as the affected individuals frequently have
clinically silent metabolic dysfunctions for many years, including elevated circulating
concentrations of glucose, insulin, and lipids in addition to IR [161]. Furthermore, it
has been proven that arteriosclerosis affects the gut microbiota [178]. Patients with
ischaemic heart failure were recently found an abnormal GM, which was an increased
abundance of genera Ruminococcus, Acinetobacter, and Veillonella and a decreased
abundance of genera Alistipes, Faecalibacterium and Oscillibacter [178]. In addition,
subjects with atherosclerotic cardiovascular disease were reported an enriched
abundance of Enterobacteriaceae, including Escherichia coli, Klebsiella spp., and

Enterobacter aerogenes [179].

Diabetes mellitus and obesity, as the two most important factors, can definitely
increase cardiovascular risk [180]. Some altered gut bacteria include the
above-mentioned in the studies of T2DM and heart diseases, which are associated
with CVD. Therefore, these studies demonstrated that GM is related to the

development of cardiovascular risk factors that can further result in CVDs.
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1.2.2.3 Gut microbiota and fatty liver disease

Fatty liver disease is a condition caused by an excess of fat storage in the liver. There
are two types of fatty liver disease: NAFLD and alcoholic liver disease.

NAFLD comprises a wide spectrum of hepatic pathology ranging from simple
steatosis causing the non-alcoholic fatty liver to non-alcoholic steatohepatitis (NASH)
and even cirrhosis [181, 182]. NAFLD is a common disease in many countries,
frequently diagnosed in overweight or obese individuals, with a prevalence of up to
20-40% in the adult population [183]. NAFLD is considered the hepatic
manifestation of metabolic syndrome. Therefore, IR is frequently found in patients
with NAFLD and is thought to contribute to the pathogenesis partly by enhancing
lipolysis in the adipose tissue, and subsequently increasing the flux of free fatty acids
into the liver [184]. Recent studies suggested that in addition to IR, GM may also
have a potential role in the pathogenesis of NAFLD [185]. For example, a study was
shown that the abundance of the bacterial genera Clostridium, Anaerobacter,
Streptococcus, Escherichia, and Lactobacillus was increased in individuals with
NAFLD, whereas Oscillibacter, Flavonifaractor, Odoribacter, and Alistipes were
decreased [186]. Furthermore, in comparison to healthy controls, the percentage of
Proteobacteria, Enterobacteriaceae, and Escherichia spp. is elevated in patients with

NASH [187].

1.2.2.4 Gut microbiota and dementia

Dementia is a general term used to describe a group of symptoms that affect memory;,
thinking, comprehension, calculation, learning capacity, orientation, language, and
judgement [188]. Dementia is a pathological condition that is the main cause of
disability and dependence in elderly people worldwide [188]. In 2019, it was
estimated that 55.2 million people were living with dementia. It was the seventh
leading cause of death worldwide, accounting for 1.6 million deaths [188]. Among all

types of dementia, Alzheimer's disease (AD) is the most common form of dementia
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and approximately accounts for 60-80% of cases [189]. Growing evidence supports
the notion that AD is fundamentally a metabolic disease in which brain glucose
utilization and energy production are impaired [190, 191]. In fact, some authors
considered AD as Type 3 Diabetes [132] and it has been associated with progressive
brain IR and insulin deficiency [113, 192]. On the other hand, the role of GM in the
brain-gut axis has been identified and studied [193]. Therefore, the contribution of
intestinal bacteria to cognitive dysfunction, specifically to the development of AD was
delineated. For example, a cross-sectional clinical trial comparing control individuals
with AD patients showed a decreased microbial diversity as well as significant
differences in bacterial abundance including decreased Firmicutes and

Bifidobacterium and increased Bacteroidetes in AD patients [194].

1.3Metabolomics

1.3.1 General overview

Metabolomics is the large-scale and comprehensive study of metabolites, within
biofluids, cells, tissues, or organisms [195]. Metabolites are small to medium-sized
molecules derived from cellular metabolism, and their concentrations can directly
reflect the underlying biochemical activity and physiological state of cells or tissues
[196]. Collectively, these small molecules and their interactions within a biological
system are regarded as the metabolome [197]. Metabolomics provides a “snapshot” in
time of all metabolites present in a biological sample, which directly represents the
molecular phenotype in contrast with other “omics” which provide former steps, such
as genetic or proteomic information. Therefore, metabolomics is a powerful approach
for the detection of temporal physiological changes in real time and can complement
transcriptomics, genomics, and proteomics [198].

Comprehensive metabolomic profiling has been made possible thanks to two
important advancements in recent decades. First, computational tools and resources

for automating the analysis of spectra and extracting meaningful biochemical
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information have been developed, which allow the interpretation of metabolite data in
the context of its relationship to metabolic pathways [199, 200]. Second, advances in
the sensitivity and specificity of small molecule detection methods enable the
characterization and quantification of complex metabolic profiles in biological
samples, allowing the simultaneous measurement of dozens or even hundreds of
metabolites in a single sample [201, 202]. Currently, metabolomics is widely utilized
for identifying disease biomarkers, aiding in drug discovery, and studying plants,

bacteria, nutrition, and the environment [203].

In metabolomics, three analytical chemistry strategies are used — untargeted,
semi-targeted, and targeted methods. Both untargeted and semi-targeted methods are
typically applied in hypothesis-generating studies, aimed to identify and quantify
metabolites as many as possible [204]. Semi-targeted metabolomics is a technique for
quantifying hundreds of known metabolites and simultaneously detecting thousands
of unknown features [205]. In contrast, targeted approaches analyze a relatively
smaller subset of biochemically annotated and relevant metabolites for validating and
translating hypothesis-generating studies. Untargeted and semi-targeted metabolomics
provide the opportunity to observe unexpected changes, while targeted metabolomics
offers higher sensitivity and selectivity [195]. Often, the choice of technique is
determined by the experimental objective and the type of sample/matrix.

The most frequently used analytical platforms for metabolomics are nuclear magnetic
resonance (NMR) spectroscopy and gas- or liquid-chromatography coupled to mass
spectrometry (GC-MS or LC-MS). In the MS platform, both LC and GC are used for
metabolite separation. MS and NMR are very effective and comprehensive to analyze
the molecular composition of a sample, but both have their pros and cons [205]. On
the one hand, MS has high sensitivity and selectivity, but quantification is more
time-consuming and it is destructive to the samples. NMR, on the other hand, has
very high reproducibility, and provides an easy quantification as well as deeper
structural information, but has low sensitivity and selectivity [206]. As such, NMR

and MS are complementary analytical techniques that can assist us in identifying
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metabolites. In this study, NMR spectroscopy was the selected analytical technique.

1.3.2 Nuclear Magnetic Resonance metabolomics

NMR is a spectroscopic technique that uses the energetic transition of nuclear spins in
the presence of a strong magnetic field to detect molecules. Nuclear spins encode
information about the chemical environment and thus the molecular structure [205].
The first NMR spectrum was published in the 1940s [207]. As a tool in analytical
chemistry, NMR can be applied in numerous areas and has proven to be a powerful
tool in life sciences, particularly in the identification and structural elucidation of
organic compounds, particularly metabolites [208]. Since NMR was first used in
metabolic studies by Wilson and Burlingame [209], it has contributed significantly to
our knowledge of metabolism and metabolic processes for about 50 years.

An NMR spectrometer consists of three main components: a superconducting magnet,
a probe, and a complex electronic system (console) controlled by a workstation, as
shown in Figure 1.20. The NMR spectrum provides the following information for
each metabolite: the number of signals produced by protons, the position of the
signals, the integration and intensity of the signals, and the splitting of the signals

produced [210]. All these information is used for the elucidation of compounds from

T
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Figure 1.20 General design of an NMR spectrometer with its principal components. An NMR
instrument generally contains three components: a superconducting magnet, a probe, and an NMR
console controlled by a workstation. The figure is from online
(www.technologynetworks.com/analysis/articles/nmr-spectroscopy-principles-interpreting-an-nmr-spec
trum-and-common-problems-355891).
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The workflow pattern of NMR-based metabolomics (Figure 1.21) can be divided into
four steps: sample preparation, NMR acquisition, data analysis, and biological

interpretation [211].

Data

NMR analysis
- Acquisition

samples - 3 i -
- Baseline correction
- Peak alignment

Biological
interpretation
\ Statistical Analy5|s
Pathways
NADP+ / \

NADPH . /

Figure 1.21 General workflow of NMR-based metabolomics. Typically, an NMR-based
metabolomics study includes the following steps: sample preparation, NMR acquisition, data analysis,
and biological interpretation. The above figure is from Brennan et al [211].

1.3.2.1 Sample preparation

A wide variety of body samples can be used for NMR-based metabolomics, including
saliva, nasal lavage, exhaled breath condensate, sweat, blood, plasma, serum, urine,
and feces [212]. In addition, biopsy samples such as tissues and tumors and in vitro
cell systems such as yeast, tumor cells, and bacteria also can be used for NMR
spectroscopy [213]. Liquid samples, like plasma, can be directly measured, while for
semi-solid samples, like feces, an extraction procedure has to be carried out to remove
macromolecules or particles [213]. It is generally acknowledged that a standard
operating procedure for sample acquisition, processing, and storage is very critical.
For instance, if blood samples are used for the metabolomics study, lithium heparin
tubes are recommended for blood collection [214], rather than EDTA-containing tubes,
because EDTA produces additional resonances. Following collection, samples should
be kept cold or frozen immediately and transferred to the lowest temperature (e.g.,
-80 <) as soon as possible to minimize metabolite degradation. In addition,

unnecessary freeze/thaw cycles should be avoided [215]. Also, the pH of the samples
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has a significant impact on the chemical shifts in the NMR spectra. It is important to

adjust the pH, which is frequently done by adding a phosphate buffer at pH 7.4 [211].

1.3.2.2 NMR acquisition

The vast majority of NMR-based metabolomics studies, such as our studies, are
performed by using one-dimensional proton (*H) NMR spectroscopy (*H-NMR). This
is because *H atoms are existed in almost all organic compounds and thus in nearly
every known metabolite [216]. In *H-NMR, a large and powerful magnet is used to
align protons present in a sample that is loaded into an NMR glass tube. Several types
of magnets can be used, ranging from a field strength of 250 to 900 MHz. The higher
the field strength, the more sensitive the NMR spectrometer is, and lower
concentrations of metabolites can be detected. With modern NMR equipment,
samples can be continually loaded and removed with a robot sample exchanger that
runs for days or weeks at a time. Over the past decades, the use of cryogenically
cooled probes or cryoprobes dramatically increases signal sensitivity by a factor of
three to four [217].

The principles of *H NMR are not fully described here, as they have been well
described previously [218]. A crucial aspect of spectral acquisition in aqueous
samples is the suppression of the water signal. In extracted samples, this issue can be
solved by the use of >99.9% deuterated solvents (e.g., D,O) [216]. In light of the
complex profiles obtained for biofluids such as plasma/serum and urine, it is
important to use one-dimensional spectra in combination with two-dimensional NMR
experiments such as TOCSY, 'H J-RES and 'H-'*C HSQC for metabolites
identification [211]. Furthermore, for plasma samples, the broad protein signals have
to be removed with special pulse sequences [211]. For metabolites identification, the
chemical shifts and multiplicity patterns have to be compared with reference
databases, such as Human Metabolome Database (HMDB) [219] and Biological
Magnetic Resonance Databank (BMRB) [220] as well as spiking samples with

reference standards [206].
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1.3.2.3 Data analysis

After NMR data acquisition, two tasks need to be done: NMR data preprocessing and
multivariate data analysis [221]. The preprocessing procedures in an NMR-based
metabolomics study include baseline correction, alignment, binning, and
normalization. Typically, each laboratory has a preferred approach for baseline
correction. Peak alignment is an important preprocessing step, which generally
includes initial alignment and local alignment. Each spectrum is initially aligned to an
internal standard: commonly, 3-(Trimethylsilyl)propionic-2,2,3,3-d4 acid (TSP) at 0.0
ppm is used for this [211]. Various alignment algorithms have been proposed for local
alignment [211], which are not introduced here. Following peak alignment, the
spectra are segmented into bins or buckets, and the spectral intensity within each bin
is calculated. These bins can be of equal size (for example 0.04 ppm) or variable sized,
as in our studies [222]. Recently, many software packages have emerged for the
automated or semi-automated quantification of metabolites in NMR spectra, such as
MetaboHunter, MetaboMiner, BQuant, and BATMAN [211]. Normalization is a
mathematical operation that attempts to account for the sample's overall concentration.
There are numerous approaches to normalization, the most common of which is to

normalize each spectrum to its total intensity [211].

Once preprocessing is complete, the pipeline moves on to multivariate statistical
analysis, which involves supervised and unsupervised data analysis. Unsupervised
data analysis seeks to gain a general understanding of the data and identify any
underlying trends. Principal Component Analysis (PCA) is one of the most popular
techniques in unsupervised data analysis to identify potential outliers, assess the
overall quality of the data, and explore metabolite differences between groups [198,
211]. Supervised techniques are used to identify spectral signals that differ between
groups or classes and require prior knowledge of class membership. The two most
popular methods employed in supervised data analysis, are Partial Least Squares

Discriminant Analysis (PLS-DA) and Orthogonal Projection to Latent Structure
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Discriminant Analysis (OPLS-DA) [211]. These two methods aid in the identification
of the important variables, but they both have the risk of overfitting the data.
Therefore, it is essential to validate every model. Permutation testing and
cross-validation are methods for validating the model [211].

Finally, the metabolic profile can also be correlated with other variables, for instance,
relevant clinical parameters, through a multivariate regression analysis, for instance,
Partial Least Squares (PLS) [223] or univariable regression analysis such as Spearman

or Pearson correlation analysis [224].

1.3.2.4 Biological interpretation

Statistical analysis usually yields a list of metabolites that are significantly associated
with a phenotype, but it is challenging to gain biological insights from this analysis.
Hence, biological data interpretation is needed. The first step in this process is usually
the mapping of known metabolites onto biological pathways. Several
well-documented public databases contain meticulously curated data on metabolites,
metabolic reactions, enzymes, genes, proteins, and pathways, such as KEGG,
Reactome, and MetaCyc databases [198]. Also, some open-source tools (Metscape,
MetaboAnalyst, and VANTED) and commercial tools (MetaCore, Ingenuity Pathway
Analysis) make use of pathway information and provide various methods for mapping
experimentally observed changes onto metabolic pathways [198]. Placing compounds
in metabolic pathways facilitates the connection of observed changes to previously

reported biological observations.

In addition to mapping metabolites to pathways, it is frequently useful to be able to
assess the relative importance of different pathways. Enrichment analysis can be used
to complete this task, and typically produces a ranked list of pathways as well as a list
of experimental compounds mapped to them [198]. Due to a relatively small number
of identified metabolites measured in a given study, the statistical power of

enrichment testing is not very high. One significant limitation of all the above
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pathway mapping techniques is the relatively low coverage of experimentally

measured metabolites in pathway databases [198].

1.3.3 Metabolomics studies in Type 2 Diabetes, insulin

resistance, and related comorbidities

GM is responsible for the production and transformation of metabolites and takes part
in several essential metabolic functions, including SCFAs production, amino acid
synthesis, bile acid transformation as well as hydrolysis and fermentation of
non-digestible substrates [225]. Changes in GM have been described above in
metabolic diseases such as T2DM and related comorbidities, and the related

metabolite alterations can be identified by metabolomics techniques.

1.3.3.1 Metabolomics and Type 2 Diabetes

Several alterations of metabolites in plasma, serum, or feces in T2DM patients have
been reported. T2DM patients had a lower level of fecal propionic acid, valeric acid,
and butyric acid, and a higher level of succinate after comparing with the controls
[226]. However, the results of the total concentration of SCFAs in feces are
inconsistent [226, 227]. However, a large number of human studies have consistently
demonstrated that high levels of branched-chain amino acids (BCAAs) and aromatic
amino acids (AAAs) in biological samples (plasma, feces, and urine) are associated
with IR and have the potential to predict the development of diabetes and obesity [228,
229]. In fact, high serum concentrations of alanine, phenylalanine, glutamate, valine,
leucine, isoleucine, tyrosine, ornithine, and lysine were linked to an increased risk of
T2DM incidence, whereas high concentrations of glutamine were linked to a lower
risk [230]. For example, a high plasma concentration of total BCAAs was found
highly associated with an increased risk of T2DM [231, 232]. In terms of bile acid
metabolism, an increase of deoxycholic acid in plasma was reported in T2DM

patients [233].
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1.3.3.2 Metabolomics and cardiovascular disease

Metabolomics has also been used to discover a link between host metabolism and
incident CVD biomarkers. In an independent large clinical cohort (n = 1,876 subjects),
many plasma metabolites were reproducibly correlated with CVD risks, and after
structural validation, three of them were linked to phosphatidylcholine metabolism —
choline, betaine, and trimethylamine-N-oxide (TMAO) [234]. Subsequent studies
have confirmed a link between elevated plasma TMAO and increased cardiovascular
and mortality risk in a wide range of populations [235, 236]. As mentioned above,
BCAA:s are found to be associated with IR, T2DM, and heart diseases. Plasma BCAA
levels were also demonstrated to be of an independent predictive value for CVD risk
prediction [237]. Furthermore, the levels of different lipoproteins detected in plasma
have been associated with cardiovascular diseases, and NMR-based plasma profiling

is currently applied as a screening method for cardiovascular risk [238, 239].

1.3.3.2.1 Metabolomics and cardiopathy

As mentioned above, cardiopathy is a group of heart diseases, belonging to CVD.
There has been a lot of interest in seeing if metabolomic profiling can identify people
with a higher risk for ischemic heart disease due to underlying atherosclerosis.
Specifically, several studies have shown that plasma TMAO is a significant predictor
of atherosclerosis as well as incident risk for myocardial infarction (MI) and stroke
[240, 241]. Another MS-based metabolomic profiling discovered that in blood
samples, higher levels of 18:2 monoglyceride or lower levels of 18:2
lysophosphatidylcholine and 28:1 sphingomyelin are associated with an increased risk
of incident events of CAD [242]. Similar results were also found in patients with
angina or MI [243]. Compared with healthy controls, increased plasma levels of
pyruvate and lactate, and BCAAs leucine and isoleucine were observed in patients

with heart failure [244].
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1.3.3.3 Metabolomics and fatty liver disease

Untargeted metabolomics has also been applied to acquire knowledge about metabolic
liver diseases. The metabolism of amino acids, fatty acids, and vitamins differed
significantly between patients who suffered from NAFLD and NASH and healthy
controls [245]. Patients with NASH had higher plasma levels of BCAAs, as well as
phenylalanine, glutamate, and aspartate versus the healthy controls [246]. Another
study also confirmed these patterns of change in levels of circulating BCAAs [247].
On the contrary, in subjects with NASH, the blood concentration of
lysophosphocholine (16:0) was lower than in subjects without NASH [248].
Interestingly, in individuals with NASH, more ethanol produced by the aberrant GM

was discovered compared with healthy individuals [249].

1.3.3.4 Metabolomics and dementia

Metabolomics advances have revealed the complexities of the dynamic changes
associated with the progression of several pathologies related to dementia in T2DM
such as Parkinson disease (PD) and AD, the more common one [189]. A clinical trial
using unbiased lipidomics and metabolomics approaches discovered 34 significantly
altered metabolites in the brain samples from AD patients after comparing them with
the control subjects [250]. These metabolites were mapped onto six metabolic
pathways and one of them, the alanine, aspartate, and glutamate metabolism,
indicated the strongest correlations with AD status. In another untargeted
metabolomics study, six unsaturated fatty acids (linoleic acid, linolenic acid,
docosahexaenoic acid, eicosapentaenoic acid, oleic acid, and arachidonic acid) were
identified to correlate with AD pathology as well as its clinical symptoms [251].
Cerebrospinal fluid (CSF) is the extracellular fluid that surrounds the brain and is an
ideal source for determining neurobiochemical changes in the central nervous system
of AD patients. Compared with lean volunteers, eight metabolites were significantly

increased in the CSF samples of AD patients, including one acylcarnitine, two
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sphingomyelins, and five glycerophospholipids [252]. Regarding Parkinson disease, a
significant reduction in tryptophan, creatinine, and 3-hydroxyisovalerate levels in
CSF was reported in PD patients compared to healthy subjects [253]. Further, in a
double-cohort study, eighteen PD-specific plasma metabolites were identified, and
among them, seven long-chain acylcarnitines decreased in both groups of PD patients

when compared with the corresponding controls [254].
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2.1 Introduction

An introduction to the alteration in gut microbiota and plasma and feces
metabolomics caused by T2DM has been addressed in the general introduction of this
thesis. However, there are some topics not previously addressed such as age- and
sex-related differences in T2DM in terms of the gut microbiota, metabolomics, and IR
that we will introduce in this chapter. Aging is an inevitable process in living beings
and then in humans. With the increase in life expectancy, humans are living to a very
old age along with the health problems associated with aging. Aging causes a series of
transformations from organs to cellular organelles and leads to a wide variety of
altered functions, which increase the risks of the development of some age-related
diseases including diabetes [255, 256]. Therefore, it is very important to take into
account the age factor in the study of T2DM. Also, gender has a much wider influence
on disease than is usually acknowledged, and funding agencies from Europe and
North America have implemented policies to support and mandate researchers to
consider gender at all levels of medical research [257]. Therefore, it should be taken
into account in the study of metabolic disorders, especially T2DM. The impact of age
and gender on T2DM will be introduced taking into account the following aspects:

gut microbiota, metabolomics, IR, and cardiovascular and hepatic risk factors.

2.1.1 Age-related changes in gut microbiota, metabolome,
insulin resistance, and cardiovascular and hepatic risk

factors caused by T2DM

As described above, the aging process induces many transformations, ranging from
organs to cellular organelles, and as a consequence, leads to physiological, sensory,
cognitive, and physical function changes [255]. Therefore, aging is widely regarded as

a risk factor for T2DM [4].
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2.1.1.1 Gut microbiota

As was described in the general introduction, the composition of the gut microbiota
plays an essential role in human health, and it stays a dynamic homeostasis [162]. The
use of molecular and genetic methods in recent years has expanded our understanding
of intestinal flora, including its establishment, composition, and evolution. The gut
microbiota composition is shaped in early life (0~3 years) and established as an
adult-like configuration after the age of 3 years, then remaining relatively stable in
adulthood [258, 259]. However, the structural changes and compositional evolution of
gut flora from the adult stage to the elderly stage remain unclear. A study involving
more than 1000 healthy Chinese individuals aged from 3 to over 100 years found that
the gut microbiota differed little between individuals aged from 30 to >100, but varied
dramatically in persons around 20 years [260]. Another study of 367 healthy Japanese
subjects also found that the gut microbiota changed with age before 20 years, but had
different results over 70 years in comparison to adulthood [261]. In this Japanese
population study, a decrease in Lachnospiraceae and Bifidobacterium, and an increase
in Proteobacteria and Bacteroides were observed in the elderly subjects (>70 years).
Further, one more study performed on healthy subjects showed a pronounced
difference in core microbiota between the elderly and younger adults because the
elderly adults had a higher percentage of Bacteroides spp. and different abundance
patterns of Clostridium groups [262].

Regarding T2DM, a moderate degree of gut microbial dysbiosis was found in T2DM
patients after comparing with healthy individuals, manifested as an increase of
opportunistic pathogens and sulphate-reducing bacteria and a reduction of
butyrate-producing species [168]. Karlsson et al also observed similar alterations of
microbiota in a study performed with European diabetic women [173]. These studies
suggested that the intestinal microbiome might be an important contributor to the
development of T2DM. However, to the best of our knowledge, no studies have been
performed to determine the changes or evolution of the intestinal microbiota in

patients with T2DM from adulthood to the elderly.
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2.1.1.2 Metabolomics

2.1.1.2.1 Plasma

Metabolomic approaches, widely used in clinical trials, have also been applied to
study the variation of the metabolomic profile of biofluids and tissues upon age. A
“normal” plasma metabolome was defined by Trabado et al by analyzing plasma
samples from 800 French healthy volunteers aged between 18 and 86. They found that
older subjects (>60 years) had higher levels of sphingomyelins and
phosphatidylcholines than younger subjects [263]. Another study about plasma
metabolic profiles was conducted on 146 healthy subjects, aged from 30 to 100 [264].
This study showed alterations in ten species of plasmatic metabolites that were
correlated with age, six were finally identified. Among them, one proteolytic product
increased with age, while one hydroxyl fatty acid, one polyunsaturated fatty acid, two
phospholipids, and one prostaglandin decreased with aging.

However, few plasma metabolomics studies have revealed age-related changes in
T2DM. This may be because it is difficult to recruit a group of basically similar
T2DM patients (similar medication treatment, weight, and other influencing factors).
Several studies have described the metabolic differences in plasma or serum samples
between older persons with or without diabetes. For instance, diabetic older adults
aged around the age of 73 years old were shown higher levels of the amino acids
alanine, glutamate, and proline and lower levels of arginine and citrulline [265]. When
incorporated in archived blood samples obtained approximately 15 years ago, the
study showed a greater accumulation of alanine and proline in diabetic older subjects.
In addition, an interesting study examined the associations of 10-year plasma
metabolite changes with subsequent T2DM risk [266]. In that study, the top three high
T2DM risk-associated 10-year changes were found: isoleucine, leucine, and valine,
which all belong to branch-chain fatty acids (BCAAs), and at the same time, the top
three low T2DM risk-associated 10-year metabolite changes were also determined:

N-acetylaspartic  acid, C20:0 lysophosphatidylethanolamine, and C16:1
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sphingomyelin.

2.1.1.2.2 Feces

Not like plasma, to date, only a few metabolomics studies have used feces to describe
metabolic differences related to age. A study performed in healthy Danes found the
largest systemic variation in fecal metabolome between young adults (18 years old)
and elderly (65-80 years old): fecal concentrations of short-chain fatty acids (SCFAS)
butyric acid and acetic acid were higher in young adults, while amino acids isoleucine,
leucine, valine, and alanine were higher in the elderly [267]. In male BALB/c mice,
an aging signature of fecal metabolomics was unveiled previously [268]. Compared to
young mice (3-month-old), feces from old mice (16-month-old) had higher levels of
4-hydroxyphenylacetate and histidine, with lower levels of «a-ketoisocaproate,
a-ketoisovalerate, B-hydroxybutyrate, methionine, isoleucine and bile salts. However,
no studies have reported the age-related difference in fecal metabolites between

T2DM patients of different ages.

2.1.1.3 Insulin resistance and T2DM

The relationship between aging and IR is well documented [269, 270]. Older subjects
with a mean age of 69 years had a higher probability to manifest IR (significant
elevation of serum glucose and insulin levels) measured during the OGTT test than
younger subjects [270]. They demonstrated that older subjects had a post-receptor
defect in insulin action because insulin binding to isolated adipocytes and monocytes
was similar in the older and younger groups. The post-receptor defect caused
peripheral IR. In coherence with this, older age is a major risk factor for T2DM [4]
and epidemiological studies reported that the incidence of T2DM was much higher in
the elderly than in young people [271]. For example, one review provides a
comprehensive perspective on the increased incidence of T2DM in older people due

in part to the aging of the skeletal muscle [272]. During skeletal muscle aging, some
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changes may occur, such as mitochondrial dysfunction, oxidative stress, increased
inflammation, and intramyocellular lipid accumulation, which may affect skeletal
muscle insulin sensitivity and therefore increase the risk of IR and T2DM.
Accordingly, the aging process can trigger metabolic abnormalities related to IR and

T2DM.

2.1.1.4 Cardiovascular and hepatic risk factors

By far, age is the most important risk factor for cardiovascular disease (CVD) [273].
In general, the effects of aging are considered unavoidable and irreversible. Besides
age, cardiovascular risk factors also include high blood pressure, high cholesterol,
smoking, T2DM, etc [274]. Both serum total cholesterol and blood pressure increase
as age increases and the absolute difference in the risk of coronary heart disease was
largest in the oldest age group [275]. A large-scale study in the Finnish population
showed that serum cholesterol levels continuously increased from 25-29 years of age
to 45-49 years of age in men, and continued to rise in women until 60-64 years of age
[276]. Adults with diabetes are thought to have a high CVD risk. Diabetes patients are
up to four times more likely to develop CVD than non-diabetics [277]. Diabetic men
and women entered the high-risk CVD category after 40 years old, and younger
diabetic people (age 40 or younger) did not seem to be at high risk of CVD [277].
Atherosclerosis is also a cumulative process, starting at an early age [278]. So far,
differences in CVD risk factors such as plasma levels of total cholesterol, HDL
cholesterol, LDL cholesterol, triglyceride, and atherosclerotic plaque in T2DM caused
by age were not addressed.

Aging is also a key risk factor in the development of liver-related diseases [279]. With
the aging process, liver structure and function are gradually altered, as well as liver
cell changes [280]. Research has proven that the volume and blood flow of the liver
decreases gradually with age [279]. In a human study, as humans got older, serum
levels of gamma-glutamyltransferase (GGT) and alkaline phosphatase (ALP) were

elevated while the level of serum bilirubin was gradually reduced [281]. Experiments
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on male C57BL/6J mice demonstrated that plasma activity of aspartate
aminotransferase (AST) was significantly higher in old mice, with marked
histological signs of hepatic inflammation and fibrosis after comparing with young
mice [282].

NAFLD refers to a group of conditions caused by an accumulation of fat in the liver
and develops in 4 main stages: steatosis, NASH (accompanied by inflammation
resulting from damaged hepatic cells), liver fibrosis, and liver cirrhosis (the most
severe stage) [181, 182]. According to epidemiological surveys, the prevalence rate of
NAFLD showed an increasing tendency as one got older [283, 284]. In addition, a
cross-sectional study reported that elderly NAFLD patients (age >65 years) were
more likely to have NASH and advanced fibrosis than nonelderly patients (18-64
years) [285]. NAFLD and T2DM are known to frequently coexist and act
synergistically to increase the risk of adverse clinical outcomes [286]. One study
reported that the prevalence of ultrasonographic NAFLD was 69.4% in 180 patients
with T2DM and another study evidenced that 87% of 204 T2DM patients had
NAFLD on histology [287, 288]. However, no one has addressed age differences in
hepatic physiological function and markers of NAFLD and liver fibrosis in T2DM

individuals.

2.1.2 Gender-related changes in gut microbiota, metabolome,
insulin resistance, and cardiovascular and hepatic risk

factors caused by T2DM

There is mounting evidence that sex differences are very important in the
epidemiology, pathophysiology, treatment, and outcomes of many diseases, such as
diabetes [289, 290]. The International Diabetes Federation reports that in 2019, there
are more deaths associated with diabetes among women (2.3 million) than men (1.9
million) in adults aged from 20 to 79 [291]. Obesity, the most critical risk factor of

T2DM, is more common in women than in men [292]. Previous studies have
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suggested that endogenous sex hormones play an important role in the development of
T2DM [109]. Therefore, sex and gender differences in T2DM studies should be taken

into account.

2.1.2.1 Gut microbiota

Several studies have concluded that gender is one of the main variables affecting gut
microbiota [293, 294]. Nowadays, gender differences in gut microbiota have not been
reported in childhood, maybe owing to gonadal hormone quiescence [294]. A
large-scale study identified a different gut microbiota in a 19- to 24-year-old cohort of
healthy Chinese individuals (55 females and 80 males), finding the largest differences
in the abundance of operational taxonomic units (OTUs) [260]. They speculated that
these findings could be explained by the changes in sex steroid hormone levels at this
age period. Roles of gender and sex hormones in gut microbiota were further
summarized by Kichul Yoon et al [294], and the concept of “microgenderome” was
proposed [295]. Tomohisa Takagi et al also studied gender-related differences in the
gut microbiota in 277 healthy subjects aged 20 to 89 years [296]. Concerning the
diversity analysis of gut microbiota in these subjects, significant microbial structural
differences using pB-diversity indexes were disclosed between male and female
subjects, whereas no statistical differences were shown for all a-diversity indexes. In
addition, significant differences in gut microbes at the genus level were found
between genders. Thus, an increase in representative genera Prevotella, Megamonas,
Fusobacterium, and Megasphaera was shown in male subjects and an increase in
representative genera Bifidobacterium, Ruminococcus, and Akkermansia in female
subjects. Moreover, in a study of 1135 individuals, females showed a greater
microbial diversity and a higher abundance of Akkermansia muciniphila than males
[297].

The roles of gut microbiota in T2DM have been delineated and understood previously
[168, 169], however, up to now, to our knowledge, no research can be found

comparing the gut microbiota between adult T2DM women and men. In 2021, there is
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little gender difference in the overall prevalence of diabetes (10.2% in women, 10.8%
in men), but the number of deaths due to diabetes in adults is higher in women than in
men [298]. And some women are exposed to gestational diabetes, which is a transient

condition that occurs in pregnancy and induces long-term risks of T2DM [299].

2.1.2.2 Metabolomics

2.1.2.2.1 Plasma

There are many differences in the physiology, functions, and quality of metabolism
based on gender, which can affect the human metabolome [300, 301]. Therefore, there
IS a growing interest to identify sex-related metabolic features, which are fundamental
to the delivery of personalized healthcare services including personalized nutrition.
The aforementioned study performed on 800 French healthy individuals not only
determined the age effects in plasma metabolome but also explored the impact of
gender in plasma metabolome [263]. Thus, they found that males had higher
concentrations of branched-chain amino acids, creatinine, and
lysophosphatidylcholines, and lower concentrations of phosphatidylcholines and
sphingomyelins in comparison with females. On the other hand, a comprehensive
metabolomic study performed in serum samples of 903 women and 853 men indicated
that more than 1/3 of all metabolites displayed significant differences between both
genders [302].

Although changes in metabolic profiles in T2DM have been studied in several types
of samples [230, 303, 304], the sex-specific metabolic signatures in the pathology
have rarely been examined. To our knowledge, only one article showed sex
differences in fasting urine and plasma metabolomics in the run-in period in healthy
and T2DM subjects [305]. Their results presented a clear discrimination by plasma
metabolomic analysis between healthy females and males and between diabetic
females and males. They also obtained similar results in the urine metabolomic

analysis. However, the authors did not provide metabolite differences in plasma and

60



Chapter 1

urine samples between females and males with T2DM.

2.1.2.2.2 Feces

Compared to blood samples, feces are less often used to study gender differences in
metabolomics, possibly because stool samples need to be processed before being used
in metabolomics instruments. The above study in healthy Danes not only investigated
the influence of age on the fecal metabolome but also explored the sex influence [267].
In the old age group (65—80 years old), levels of fecal metabolites valeric acid,
isovaleric acid, butyric acid, and ethanol were consistently higher in males than in
females. In the young age group (18 years old), fecal valeric acid and propionic acid
were significantly higher in males. Even though fecal metabolic alterations caused by
T2DM have been reported [304], the sex differences in fecal metabolites in the

disease have not yet been investigated.

2.1.2.3 Insulin resistance

In recent decades, researchers have recognized gender differences in insulin
sensitivity in humans [306]. Females differ substantially from males in the
susceptibility to develop IR and in the degrees of IR due to several features.

First, in body composition, for a given body mass index, men had higher lean mass
while women had higher adiposity [307]. In addition, men were reported to have more
visceral and hepatic adipose tissue, associated with increased IR, whereas women had
more peripheral or subcutaneous adipose tissue [307].

Second, sex hormones are different in women and men [109]. For example, estrogens
have many beneficial effects on insulin sensitivity and adipose tissue distribution, and
also have anti-inflammatory properties, which may help to build a more
insulin-sensitive environment in women at fertile age [307]. In this line, an excess of
androgens in women was associated with an increased IR [308, 309]. In addition, in

diabetic animal models, estrogen was found to protect against hyperglycemia by
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reducing hepatic glucose production and enhancing glucose transport in the muscle
[307]. Further, estrogen seems to be implicated in the protection of pancreatic -cell
function and survival in the condition of oxidative stress [310].

Third, adiponectin levels were reported to be markedly higher in women than in men
[311, 312]. Adiponectin is a hormone produced exclusively by adipose tissue, which
arouses enough interest of researchers because it can lower hepatic glucose
production and improve insulin sensitivity in muscle and liver by decreasing
triglyceride content [313] and its supplement might provide a novel treatment for IR

and T2DM.

2.1.2.4 Cardiovascular and hepatic risk factors

The role of sex is a fundamental issue in medicine and is getting more and more
attention nowadays. Like age, gender differences in cardiovascular risk factors have
also been discovered. In a large-scale Finnish population, all different age groups
consistently showed cardiovascular risk factors: smoking was more common in men
than in women, total cholesterol, blood pressure, and BMI were higher in men, but
HDL cholesterol was lower (p<0.001) [275]. They also indicated that diabetes, as one
cardiovascular risk factor, had similar prevalence in both genders. In concordance
with the above results, another population-based study performed on a large nhumber
of adults living in Ontario, Canada proved that men had higher rates of CVD than
women in those without the established coronary disease [277]. And diabetic men
entered the high-risk category earlier than diabetic women (age 47.9 vs 54.3). In
addition, they discovered that diabetic men were 1.22 times more likely to have acute
myocardial infarction than diabetic women.

Sexual dimorphism in the liver has early been discovered and addressed, and it is
regarded that the hepatic tissue exhibits significant sexual dimorphism due to the
different metabolic needs for male and female reproduction [314]. The liver is a target
organ for sex hormones as its cells express estrogen receptors and the androgen

receptor in both men and women [315]. Ample evidence indicates that the prevalence
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of NAFLD is higher in men than in women, regardless of age [316, 317]. Gender
differences also exist for the major risk factors of NAFLD. In rodent NASH models,
fed with a methionine choline-deficient diet, compared to female rats, male rats
developed more severe steatosis (p < 0.001), had higher liver lipid content (p < 0.05)
and higher serum alanine transaminase (ALT) levels (p < 0.005) [318]. As depicted in
the general introduction, the liver is the main location of lipid metabolism. A
cross-sectional analysis conducted in a cohort of 10761 Chinese adults indicated that
in both NAFLD and non-NAFLD states, men had significantly higher levels of ALT,
triglyceride, and triglyceride/HDL-cholesterol than women, with lower levels of total
cholesterol, HDL-cholesterol and LDL-cholesterol [319]. They identified some
independent predictors of NAFLD and demonstrated that among these factors,
triglyceride was associated much stronger with NAFLD in men than in women. As
described above, T2DM is usually concurrent with NAFLD [286]. In T2DM patients,
the prevalence of NAFLD was also reported to be significantly higher in males than in
females [320, 321]. However, studies about sex differences in NAFLD risk factors

and liver fibrosis markers are still lacking in T2DM.

2.2 Hypothesis and Objectives

The number of patients affected by T2DM has increased considerably, and new
treatments of this disease have emerged. However, the exact changes that take place
in the gut microbiota, the fecal and the plasma metabolome have not been studied in
detail. Based on previous findings, we hypothesize that specific gut bacteria as well as
some fecal and plasma metabolites are involved in T2DM, and are related to GLP-1
release. Moreover, we hypothesize that the effect of T2DM on metabolism and
bacteria differs between females and males, and between different age ranges. In this
context, the objective of the work presented in this chapter is to identify changes in
the metabolome and the gut microbiota related to T2DM, and how they are correlated

with each other. To this end, we proposed the following specific objectives:
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e To investigate the alterations of gut microbiota and fecal and plasma
metabolite profiles in T2DM patients compared to healthy individuals through
next-generation sequencing and NMR spectrum techniques

e To study the correlations between the most important clinical variables related
to T2DM or its comorbidities.

e To identify some specific gut bacteria related to plasma GLP-1, as well as
fecal and plasma metabolites

e To identify age-driven changes in the gut microbiota and fecal and plasma
metabolite profiles by comparison of middle-aged and old-aged T2DM
subjects.

e To identify sex-related differences by comparison of females and males with
T2DM.

As a result, our studies will provide insight into changes in the gut microbiome at
each taxonomic level in T2DM patients, as well as the alterations of the metabolome
and biochemical and anthropometrical features related to T2DM associated with this
microbial metabolism. These changes will be compared for middle and older aged
patients, and females and males. We expect to provide detailed information on gut
microbiota and metabolomic profiles and emphasize the importance of age and gender
in the management of T2DM, especially for the application of personalized dietary

interventions.

2.3 Materials and methods

2.3.1 Subjects

This proof-of-concept clinical trial comprised of forty-six T2DM patients and
twenty-one healthy volunteers was conducted according to the tenets of the Helsinki
Declaration. The Ethics Committee of the Vall d'Hebron University Hospital approved
all procedures (protocol number PR(AG)01/2017). Written informed consent was

obtained from all the participants before any planned action. T2DM subjects were
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recruited at the Outpatient Department of the Endocrinology Service of Vall d’Hebron
University Hospital. 250 clinical records of T2DM patients were reviewed where 72
met the inclusion criteria but only 46 agreed to participate in the clinical trial. Healthy
volunteers were recruited at the Outpatient Department of the Endocrinology Service
of two hospitals (Vall d’Hebron University Hospital and Dr. Josep Trueta University

Hospital).

For all subjects participating in the study, the following exclusion criteria were
applied: 1) age < 20 years, 2) taking medications related to insulin, 3) previous CVD
events or other comorbidities related to T2DM, 4) alcohol consumers, 5) smokers who
no stopped smoking at least < 1 year before recruitment 6) missing blood or feces
samples. Moreover, T2DM patients had to meet the following extra inclusion criteria:
1) fasting glucose > 126 mg/dL, 2) HbAlc > 6.5%, 3) no contraindication or
claustrophobia for the PET/CT, 4) no concomitant pathologies related to a short life
expectancy, such as cancers, hemafecia and irritable bowel syndrome, 5) diagnosis of
T2DM at least 5 years before the screening, 6) patients with T2DM controlled at least

one year before the inclusion in the study and 7) no other previous type of diabetes

diagnosed.

In the current study, sixteen T2DM patients and twelve healthy individuals matched
by age (average age: 58 and 56, respectively) and gender (female/male: 8/8 and 6/6,
respectively) were included to determine the alterations caused by T2DM in patients
and associations after comparing with healthy subjects in terms of gut microbiota and
metabolites. Subsequently, in addition to the above T2DM patients, other twenty-eight
T2DM patients (female/male: 13/15) who were more than 64 years old were pooled
into an older T2DM group to assess the effect of age on T2DM. Further, twenty-two
age-matched T2DM females and males (average age was both 66) were included to
determine the effect of gender respectively on gut microbiota and metabolites

alteration caused by T2DM.
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2.3.2 Sample collection

Blood samples were collected from the patients and controls after a minimum of ten
hours of fasting state, stored at 4<C immediately, and processed (described below)
within the first hour. Participants collected fecal samples after defecation, which were
delivered to the hospital quickly in ice. Later fecal samples were aliquoted and stored

at -80 T immediately.

2.3.3 Anthropometric and biochemical measurement

Biochemical analyses were performed at the Biochemistry Core Facilities of the Vall
d’Hebron University Hospital. For all participants, the plasma concentrations of
glucose, insulin, glycated haemoglobin (HbAlc), high-density lipoprotein (HDL),
low-density lipoprotein (LDL), triglycerides (TG), total cholesterol, hepatic enzymes
AST, ALT, GGT and ALP, electrolytes sodium, potassium, phosphate, calcium and
chloride, total protein, aloumin, creatinine, and among other biochemical parameters
were determined according to standard assays of the Biochemistry Core Facilities.

For further insights into T2DM, some specific indicators were just measured in
patients, such as leptin, interleukin-6, total GLP-1, troponin I, total free fatty acids,
adiponectin, and the enhanced liver fibrosis (ELF) test. The plasma concentrations of
GLP-1, adiponectin, and troponin | were determined by GLP-1 EIA Kit (YK160,
Yanaihara Institute Inc., Japan), Adiponectin ELISA Kit (KAPMEOQ09, DIAsource
ImmunoAssays, Belgium) and Atellica IM High-Sensitivity Troponin | Assay
(Siemens Healthineers, USA), respectively. All procedures were followed by the
manufacturer’s instructions of the kits. The ELF test was adopted to evaluate the liver
function, including 3 assays: hyaluronic acid (HA), tissue inhibitor of
metalloproteinase 1 (TIMP-1), and aminoterminal propeptide of type Il procollagen
(PIIINP). Their concentrations were measured in the ADVIA Centaur® automated
immunoassay analyzer (Siemens Healthcare Inc., USA) by commercial kits bought

from Siemens Healthineers company. ELF value was calculated by the algorithm
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Anthropometric measurement for all participants was done in the Endocrinology

Department at Vall d’Hebron University Hospital, including body mass, height, waist

circumference, and hip circumference. All indexes used in the studies were listed in

Table 2.1.

Table 2.1 Indexes used in the study.

Indexes Cut-off values Cut-off values  Formula
referred to referred to

BMI Obesity (>30) [323] weight
Normal weight (18.5~24.9) (kg)/[height (m)?]

HOMA-IR Insulin resistant (>3.8) [324, 325] [138]
Normal (=1.4)

QUICKI Normal (>0.333) [326] [139]

TyG index Insulin resistant (>8.8) [327] [327]

AlIP High CVD risk (>0.24) [328] [329]

NAFLD liver fat score NAFLD (>-0.64) [330] [330]

Liver fat content — — [330]

Hepatic steatosis index NAFLD (>36) [331] [331]
Normal (<30)

Fatty liver index Fatty liver (=60) [332] [332]
Normal (<30)

FIB-4 Liver fibrosis (>3.25) [333] [333]
Normal (<1.45)

NAFLD fibrosis score Advanced fibrosis (>0.676) [334] [334]

Normal (<-1.455)

BMI, body mass index; HOMA-IR, homeostasis model assessment of insulin resistance; QUICKI,
quantitative insulin sensitivity check index; TyG index, triglyceride-glucose index; FIB-4, liver fibrosis

index 4; AIP, atherogenic index of plasma.

2.3.4 Transient elastography

Liver stiffness measurement (LSM) was performed for all T2DM patients using

transient elastography (FibroScan 502 Touch, Echosens, Paris, France), which is a

noninvasive technique to estimate the severity of fibrosis. As described previously by
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our group, measurements were performed by standard procedures when patients were
under fasting conditions [335]. At least ten successful acquisitions, expressed in
kilopascal (kPa), were performed on each patient, and an interquartile to median ratio
should be lower than 30% [335]. LSM values > 6 kPa were considered abnormal and

suggestive of mild liver fibrosis/disease [335].

2.3.5 Fecal DNA extraction

The procedures for fecal DNA extraction were adapted from Yu et al [336]. Briefly,
frozen fecal samples were scraped and weighed 300~500 mg. Immediately, 1 mL lysis
buffer (500 mM NaCl, 50 mM Tris-HCI, pH 8.0, 50 mM EDTA, and 4% sodium
dodecyl sulfate (SDS)) was added to a 2 mL Eppendorf tube containing the feces.
Samples were homogenized by resuspension using a micropipette and vortexed, then
heated at 88 <C for 15 min, with gentle shaking every 5 min. The supernatant was
harvested by centrifugation at 16,000 g and 4 <C for 5 min. Then, the precipitate was
resuspended in 300 pL of fresh lysis buffer and then the above incubation and
centrifugation steps were repeated. Both supernatants were pooled together and steps
6 to 10 of the extraction protocol of Yu et al were applied [336]. At that moment, fecal
DNA was dissolved in Tris-EDTA buffer and was purified by QlAamp® Fast DNA
Stool Mini Kit (Qiagen, Germany). Briefly, the above fecal DNA solution (about 200
uL) was added to 700 puL InhibitEX Buffer and vortexed for 1 min. Then, the mixed
solution was incubated on a heating block at 70 <C for 5 min, vortexed for 15 s, and
centrifuged at 10,000 g for 2 min. In order to harvest more fecal DNA, the resulting
supernatant was divided into four 1.5 mL Eppendorf tubes in a volume of 200 pL.
Each tube was added 1.5 pLL DNase-free RNase (10 mg/mL) and incubated at 37<C
for 15 min. Subsequently, 7.5 pL of proteinase K and 200 pL Buffer AL were added
and then the protocol “Isolation of DNA from Stool for Pathogen Detection” of the
Qiagen kit was followed from step 7 to the end. Before adding the Buffer AW1 from

the kit, the solutions from the same feces should go through the QIAamp spin column
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successively.

The extracted genomic fecal DNA was assessed to determine its quality and
concentration before applying metagenomic sequencing. First, the purity of fecal
DNA was determined by Nanodrop 2000 spectrophotometer (Thermo Fisher
Scientific, USA): a 260/280 ratio of around 1.80 was considered pure. Second, DNA
concentration was measured by Nanodrop and fluorometer with the Quant-iT
PicoGreen dsDNA assay (Invitrogen, USA). Third, the integrity of DNA samples was
assessed by agarose gel electrophoresis, by detecting a clear band around the size of
17 kb [337]. Last, the presence of PCR inhibitors was evaluated by amplifying DNA
samples with or without dilution by 16S universal primers 27F/1492R [338]. Only if

fecal DNA samples fulfilled all these tests, they were used for further analysis.

2.3.6 lllumina MiSeq sequencing

After assessing the quality and concentration, fecal DNA samples were sequenced in
ATLAS Biolabs GmbH (Berlin, Germany) using the lllumina MiSeq platform. The
protocol of sequencing preparation is described in
dx.doi.org/10.17504/protocols.io.nuudeww.  Barcoded primers 515F-806R [339]
targeting the V4 region of the 16S rRNA gene were used for PCR amplification. Each
sample was amplified in triplicate and the amplified products were pooled together.
The expected size of amplicons is around 300-350 bp. The amplicons of all samples
were verified by agarose gel and quantified by Quant-iT PicoGreen dsDNA assay
(Invitrogen, USA). The 16S library was set up by combining an equal amount of
amplicon from each sample (240 ng) and cleaned by using UltraClean PCR Clean-Up
Kit (Mo Bio, USA). Then, one aliquot of the library was sequenced on the MiSeq
platform with 5-10% PhiX.

Raw sequence reads were processed according to the BaseSpace 16S Metagenomics
App (Illumina) and QIIME 2 pipelines [340]. Sequences were clustered into OTUs at
a similarity threshold ratio of 97% and were performed for taxonomy classification by

g2-feature-classifier in QIIME 2 [341]. The raw sequence data for the 16S rRNA gene
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can be accessed from NCBI Sequence Read Archive (SRA) database with accession

ID PRINA810955 after the released date.

2.3.7 Plasma and fecal metabolomics

2.3.7.1 Sample preparation

Blood samples obtained from the Vall d’Hebron University Hospital were processed
by the following protocol: 2 mL of Histopaque® 1119 and 1077 (Sigma-Aldrich, UK)
were successively added to a 15-mL clean centrifuge tube. Then, blood samples were
added after gentle shaking and centrifuged at 300 g and 4 <C for 30 min. The upper
light-yellow layer (plasma) was transferred into a 2 mL clean Eppendorf tube and
stored at -80 <C until metabolomics analysis, while other layers were separated for
other uses. A few blood samples from healthy controls were processed as described
previously [206]. Briefly, blood samples were centrifuged at 300g for 20 min in a
vacutainer tube without any component. The obtained plasma was transferred to an

Eppendorf tube and stored at -80 <C until their metabolomics analysis.

For NMR sample preparation, plasma samples were thawed on ice. 300 puL plasma
was added to 300 pL of 10% D,0O buffer (5 mM TSP, 140 mM phosphate buffer, 0.04%
NaNs, pH 7.4). Then, 550 pL of the mixed solution was transferred into a 5-mm NMR

tube for analysis.

The procedures of fecal metabolite extraction were performed following previous
studies in our group [206]. Briefly, frozen fecal samples were thawed on ice, and 100
mg feces were balanced and transferred into a 1.5 mL Eppendorf tube and
homogenized with 1 mL 0.1M phosphate D,O buffer (with 5 mM TSP, pH 7.4).
Samples went through 3 freeze and thaw cycles by alternate immersion into liquid
nitrogen and tap water and were subsequently centrifuged at 15,000g for 15 min after

a 15-second vortex. The supernatant was collected and stored at -80 <C until analysis.
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For NMR sample preparation, the fecal supernatant was thawed on the ice, and 600

uL was transferred to the NMR tube directly.

2.3.7.2 NMR spectra acquisition

All NMR spectra were acquired at 27 T on a Bruker 600 MHz spectrometer
(Rheinstetten, Germany) with a TCI cryoprobe and processed under the Topspin 3.2
software (Bruker). D,O was set as the solvent of the field frequency, a 4 seconds
relaxation delay (RD) was incorporated between free induction decays (FIDs) and
water suppression by presaturation was applied. 64 K data points were digitalized
over a spectral width of 30 ppm for an optimal baseline correction. For the
quantification of lipoproteins, additional diffusion-edited experiments were carried
out to reduce the interference of the small metabolite signals. FID values were
multiplied by an exponential function with a 0.5 Hz line broadening factor. The
reference of plasma and feces was a-glucose anomeric doublet (6 5.23) and TSP
signal (0), respectively. 'H-NMR signals were assigned to their corresponding
metabolites with the assistance of 2-dimensional NMR Experiments and spectral
databases such as the Human Metabolome Database (HMBD) [219] and Biological
Magnetic Resonance Data Bank (BMRB) [220].

For ambiguous cases, the assignment was confirmed by adding a reference compound
to the sample and repeating the spectra, to verify that signals match. In order to reduce
the difference in concentration and experimental error, all spectra were normalized to
total intensity. Optimal integration regions were defined for each compound and
integration was conducted with Global Spectral Deconvolution in MestreNova 8.1
(Mestrelab Research, Spain). Impurity signals from Ficoll substances (Histopaque®

1119 and 1077) were excluded from the integration.
2.3.7.3 Metabolomics data analysis
For metabolomics data analysis, principal component analysis (PCA), partial least
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square regression (PLS), and orthogonal-orthogonal projection to latent structure
discriminant analysis (OPLS-DA) or partial least squares discriminant analysis
(PLS-DA) were performed using SIMCA-P 14.1 (Umetrics, Sweden). When the
initial OPLS-DA models were not optimal, they were improved, if possible, by
VIP-based variable selection. PLS, OPLS-DA, and PLS-DA models were validated by
the permutation plot (100 fold) and the reliability of these models was assessed by
ANalysis Of VAriance testing of Cross-Validated predictive residuals (CV-ANOVA)
in SIMCA-P. During the OPLS-DA or PLS-DA analysis, variables with VIP values >
1.0 were considered to do further relevant analysis.

The identified significant metabolites were submitted for statistical analysis (see

below).

2.3.8 Hyperinsulinemic-euglycemic clamp

Hyperinsulinemic-euglycemic clamp (HEC) technique is a gold standard method to
measure whole-body insulin sensitivity (IS). The applied procedure followed previous
protocols [136, 342] with a minor modification. Briefly, after overnight fasting,
patients lay on a stretcher, and two catheters were inserted in the antecubital vein of
each arm. The left catheter was used to obtain arterialized venous blood samples and
the right one was used to administer constant infusions of insulin and glucose. The
right arm was also the place where Fluorine-18-deoxyglucose (FDG) was
administered. The body surface area (BSA) of each patient was calculated by the
formula [343]: BSA (m?) = (weight (kg) x height (cm)/3600)"2 Initially, 1 Ul/mL
insulin solution was infused at a speed of 80 mU/m?/min, and after 5 min the insulin
infusion rate was reduced to 60 mU/m?®min, and at the same time the injection of 10 %
glucose solution was started at an initial rate of 2 mg/kg/min. The blood glucose
concentration was determined every 5 min by a glucometer (Accu-check Aviva,
Roche, Sant Cugat del Valles, Barcelona, Spain) and the glucose infusion rate was
adjusted to maintain plasma glucose concentration at 88.3-99.1 mg/dL. After the

second 5 min, the insulin infusion rate was reduced to 40 mU/m?/min and then

72



Chapter 1

maintained constant during the rest of the HEC procedure. The whole HEC procedure
lasted 120 min and insulin sensitivity was assessed as the mean glucose infusion rate
during the final 40 min. In this stationary phase, the glucose infusion rate equals the

glucose uptake rate of the body, which is a measure of whole-body insulin sensitivity.

2.3.9 Statistical analysis

Statistical analysis was mainly performed in GraphPad Prism 8.0.1 (San Diego, USA).
Normal distribution was analyzed for all quantitative data by D'Agostino & Pearson
test or Shapiro-Wilk test. An unpaired t-test was used for comparing variables from
two groups which both passed the normality test and data were expressed as mean +
standard error of the mean (SEM). Mann-Whitney unpaired test was used to compare
the variables from two groups that didn’t show the normal distribution and descriptive
data were shown as median (interquartile range). Differences with p<0.05 were
considered significant differences between groups. Spearman’s correlation analysis
was conducted between different variables and a p<0.05 was associated with a

significant correlation between variables.
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2.4 Results

2.4.1 Effect of T2DM related to gut microbiota on the

middle-aged population
2.4.1.1 Anthropometric and biochemical characteristics

Anthropometric and biochemical characteristics of healthy individuals and
age-matched T2DM patients are summarized in Table 2.2. As expected, patients with
T2DM had higher plasma concentrations of glucose and insulin (p<0.01) as well as
higher HbAlc levels and HOMA-IR value (p<0.001), and TyG index (p<0.01).
Additionally, the QUICKI value was calculated to quantify the systemic insulin
sensitivity of both cohorts, being drastically lower (p<0.001) in diabetic patients as

expected.

Regarding fingerprints related to CVD risk, the plasma concentration of triglyceride,
the triglyceride/HDL ratio, and the atherogenic index of plasma (AIP) were increased
significantly (p<0.05) in T2DM adults while the plasma concentration of HDL was
reduced (p<0.05). It is worth mentioning that waist circumference, waist/hip ratio, and
BMI were prominently higher (p<0.001) in the T2DM group because most patients
were obese (BMI>30 kg/m?). Interestingly, hip circumference has no difference
between the two groups.

Concerning liver function and pathology, the AST/ALT ratio was reduced
significantly (p<0.05) in T2DM. In addition, this group of patients had higher
NAFLD liver fat score, liver fat content, fatty liver index, and hepatic steatosis index
(p<0.001), suggesting liver steatosis and therefore NAFLD. In addition, the NAFLD
fibrosis score was increased in the T2DM group (p<0.01). The concentration of serum
albumin and sodium was decreased significantly (p<0.01) in the T2DM group, but

they were still in the normal range.
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Table 2.2 Anthropometric and biochemical parameters of T2DM patients and healthy

individuals.
Control T2DM
Number 12 16
Male/Female 6/6 8/8
Age 55.67 +1.10 58.44 +1.10
Waist circumference (cm) 87.56 £3.71 105.40 £2.05 ***

Hip circumference (cm)
Waist/hip ratio

BMI (kg/m?)

Glucose (mg/dL)
HbAlc (%)

Insulin (mU/L)
HOMA-IR

QUICKI

Albumin (g/dL)
Sodium (mmol/L)
Potassium (mmol/L)
HDL (mg/dL)
Triglyceride (mg/dL)
Triglyceride/HDL ratio
AIP

TyG index

AST (1U/L)

ALT (1U/L)

GGT (IU/L)
AST/ALT ratio
NAFLD liver fat score
Liver fat content (%0)
Fatty liver index
Hepatic steatosis index
FIB-4

NAFLD fibrosis score

102.0 (96.5-105.5)
0.86 (0.79-0.94)
24.62 +0.90

89.33 +2.37

5.5 (5.4-5.8)

5.31 (1.75-7.27)
1.14 (0.39-1.45)
0.418 +0.027

4.51 30.06

141.2 (140.3-142.8)
4.000 (3.900-4.273)
60.83 +5.07

69.0 (52.5-105.8)
1.20 (0.81-2.15)
0.11 +0.09

8.12 +0.15

27.00 (25.50-34.50)
19.00 (17.25-25.25)
23.5 (12.5-33.0)
1.23 (1.05-1.58)

~1.98 (-2.26 ~ ~1.67)

2.17 (1.91-2.42)
25.01 (6.45-34.87)
32.11 +1.59

1.09 (1.02-1.80)
~2.44 +£0.44

106.0 (99.3-115.4)
0.97 (0.95-1.03) ***
30.63 +0.96 ***
121.10 +8.13 **

7.3 (6.4-7.6) ***
14.31 (9.39-18.89) ***
3.96 (2.44-5.57) ***
0.318 +0.007 ***
4.26 30,06 **

139.4 (138.2-140.5) **
4.035 (3.735-4.323)
46.50 +2.57 *

101.5 (82.3-144.3) *
2.22 (1.62-2.85) *
0.38 +0.06 *

8.75 +0.13 **

22.00 (18.25-30.75)
18.00 (16.25-38.50)
20.5 (16.0-28.5)

1.01 (0.80-1.20) *
1.07 (0.83-1.98) ***
8.69 (7.09-11.37) ***
70.17 (51.28-75.24) ***
41.98 +1.05 ***

1.03 (0.83-1.29)

~0.87 +£0.26 **

Abbreviations: BMI, body mass index; HbAlc, hemoglobin Alc; HOMA-IR, homeostasis model
assessment of insulin resistance; QUICKI, quantitative insulin sensitivity check index; HDL,

high-density lipoprotein cholesterol; TyG index, triglyceride-glucose index; FIB-4, liver fibrosis index

4; AIP, atherogenic index of plasma;

GGT, gamma-glutamyl transferase; AST, aspartate

aminotransferase; ALT, alanine aminotransferase; NAFLD; non-alcoholic fatty liver disease. * p<0.05,

** p<0.01, *** p<0.001
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2.4.1.2 Gut microbiota analyses between T2DM patients and controls

2.4.1.2.1 Composition and diversity analysis of gut microbiota

After the 16S rRNA gene amplicon sequencing of samples, no significant difference
in the total sequence and quality-filtered reads between groups was found
(Supplementary Figure 2.1 in Annex). The rarefaction curve showed that the
sequencing depth was enough for the analysis. Also, the number of observed features,
Shannon’s diversity index, and Faith’s phylogenetic diversity index, which reflect the
species richness of a community, didn’t show differences between the control and
T2DM group, nor Pielou's evenness index, an indicator for species evenness of a

community.

Although we did not find changes in microbial diversity in T2DM, we could identify
alterations in gut microbiota composition, as can be seen in Figure 2.1. Thus, the
relative abundance of Firmicutes decreased statistically while Bacteroidetes and
Proteobacteria increased significantly in the T2DM group (p<0.05). For dominant
families (Figure 2.1B), the proportion of Ruminococcaceae was dramatically lower
while Bacteroidaceae, Enterobacteriaceae, and V\eillonellaceae were significantly

higher in T2DM (p<0.05).
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Figure 2.1 Alterations of gut microbiota in T2DM. A) and B) showed the relative abundance of gut
bacteria at the phylum and family levels respectively. * and ** indicated that between the control group
and T2DM group p<0.05 and p<0.01 respectively.
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In humans, Firmicutes and Bacteroidetes are the two most dominant phyla in the
gastrointestinal (GI) tract, and their relative abundance account for more than 90%
[344]. Changes in the Firmicutes/Bacteroidetes ratio are regarded as gut dysbiosis and
can lead to various pathologies such as obesity and inflammatory bowel disease [345].
As displayed in Figure 2.2, the Firmicutes/Bacteroidetes ratio decreased remarkably

(p<0.05) in the T2DM group, indicating that gut dysbiosis occurred in T2DM patients.

10004

800
600
400

200

Firmicutes/Bacteroidetes ratio

Control T2DM

Figure 2.2 The ratio of relative abundance of Firmicutes and Bacteroidetes. It was significantly
lower in the T2DM group than in the control group. * indicated p<0.05.

2.4.1.2.2 Alteration of significant gut bacteria between T2DM and

controls

Faced with a large number of data, multivariate orthogonal projection to latent
structure discriminant analysis (OPLS-DA) or partial least squares discriminant
analysis (PLS-DA) models were built to grab the most relevant changes in gut
bacteria between groups. As depicted in Figure 2.3A and B, score plots of principal
component analysis (PCA) and OPLS-DA showed a separation for the control and
T2DM group. Based on OPLS-DA models, VIP (variable importance for the
projection) values were used to obtain the main variables altered between groups. VIP
values >1 were considered as relevant alterations associated with T2DM and therefore
submitted to univariate analyses.

From phylum to genus levels (Figure 2.3C), Firmicutes, Clostridia, Clostridiales,
Ruminococcaceae, and Faecalibacterium decreased significantly (p<0.05) in T2DM

while Proteobacteria, Gammaproteobacteria, Enterobacteriales, Enterobacteriaceae
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and Escherichia increased (p<0.01). At the species level, only Faecalibacterium

prausnitzii was found to decrease in T2DM (p<0.01).
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Figure 2.3 Significant gut bacteria that change between T2DM and controls. A) showed the score
plot of PCA and the parameters of the model were: Pareto scaling, R2X(cum)= 0.935, Q2(cum)= 0.513.
B) displayed the score plot of the variable selected OPLS-DA and the parameters of the model were:
Pareto scaling, R2Y(cum)= 0.559, Q2(cum)= 0.338. Permutation test: R2= (0.0, 0.217), Q2= (0.0,
-0.314), p from CV-Anova = 0.050. C) showed the relative abundance of the most relevant gut bacteria
with VIP value >1 and p-value from the Mann-Whitney test <0.05. F. prausnitzii, Faecalibacterium
prausnitzii. Data were shown as the median and interquartile range in all bar plots. * and ** indicated
p<0.05 and p<0.01 respectively. A.U., arbitrary units.

78



Chapter 1

2.4.1.2.3 Association of gut microbiota with biochemical and

anthropometrical variables

To evaluate the association of T2DM-altered biochemical and anthropometric
parameters with the gut microbiota, partial least square (PLS) regression analyses
were carried out and depicted in Figure 2.4. Only biochemical variables HbAlc,

insulin, and AIP had a good relationship with altered gut bacteria.
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Figure 2.4 PLS analyses of altered gut bacteria versus significant biochemical and
anthropometric parameters between the control and T2DM group. PLS plots were only shown if
the p-value of the CV-Anova was <0.05. All models were obtained after univariate (UV) scaling. The
parameters of the models were: HbAlc, R2Y(cum)= 0.648, Q2(cum)= 0.438. Permutation test:
R2=(0.0, 0.533), Q2=(0.0, -0.072), p from CV-Anova = 0.017. Insulin, R2Y(cum)= 0.441, Q2(cum)=
0.330. Permutation test: R2=(0.0, 0.326), Q2=(0.0, -0.108), p from CV-Anova = 0.012. QUICKI,
R2Y(cum)= 0.849, Q2(cum)= 0.427. Permutation test: R2=(0.0, 0.594), Q2=(0.0, -0.171), p from
CV-Anova = 0.046. TyG index, R2Y(cum)= 0.555, Q2(cum)= 0.241. Permutation test: R2=(0.0, 0.270),
Q2=(0.0, -0.102), p from CV-Anova = 0.042. Triglyceride, R2Y(cum)= 0.885, Q2(cum)= 0.530.
Permutation test: R2=(0.0, 0.610), Q2=(0.0, -0.190), p from CV-Anova = 0.044. Triglyceride/HDL,
R2Y(cum)= 0.873, Q2(cum)= 0.533. Permutation test: R2=(0.0, 0.616), Q2=(0.0, -0.159), p from
CV-Anova = 0.0497. AIP, R2Y(cum)= 0.550, Q2(cum)= 0.247. Permutation test: R2=(0.0, 0.273),
Q2=(0.0, -0.106), p from CV-Anova = 0.044.
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2.4.1.3 Fecal metabolomics analyses between T2DM patients and

controls

2.4.1.3.1 ldentification of significant fecal metabolites associated with

T2DM

As depicted in Figure 2.5A and B, PCA and OPLS-DA analysis evidenced a clear
separation between the control and the T2DM group. Fecal metabolites with VIP
values >1 based on the OPLS-DA model were submitted to univariate analysis to
confirm their significance. As shown in Figure 2.5C, isovalerate and
2-hydroxyvalerate were reduced (p<0.05) in the T2DM group, while malonate was

increased (p<0.001).
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Figure 2.5 Relevant fecal metabolites associated with T2DM. A) showed the score plot of the PCA
model of fecal metabolic profiles, and the parameters of the model were: UV scaling, R2X(cum)=
0.671, Q2(cum)=0.396. B) displayed the score plot of the OPLS-DA model of fecal metabolic profiles,
and the parameters of the model were: Pareto scaling, R2Y(cum)= 0.892, Q2(cum)= 0.649.
Permutation test: R2= (0.0, 0.502), Q2= (0.0, -0.823), p from CV-Anova = 5.6 x10™. C) showed the
normalized concentration of the most relevant fecal metabolites with VIP value >1 and p-value from
the Mann-Whitney test <0.05. Data were shown as the median and interquartile range in all bar plots. *
and *** indicated p<0.05 and p<0.001 respectively. A.U., arbitrary units.
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2.4.1.3.2 Association of fecal metabolic profile with biochemical and

anthropometrical variables

PLS regression analyses of fecal metabolic profiles versus significant biochemical and
anthropometric parameters including risk factor indexes were carried out, as depicted
in Figure 2.6. A high number of PLS correlations were obtained. In detail, all
significant anthropometric parameters (waist circumference, waist/hip ratio, and BMI)
were strongly correlated with fecal metabolic profiles. Furthermore, also important
biochemical parameters such as plasma glucose, insulin, HOMA-IR, QUICKI, and
HbA1c, showed robust correlations with fecal metabolomic profiles. For CVD-related
markers (HDL, triglyceride, triglyceride/HDL ratio, AIP, and TyG index), only
moderate models could be obtained. Regarding liver pathological risk factor indexes,
PLS regression models were only obtained for the hepatic steatosis index, fatty liver

index and NAFLD liver fat score, but not for the NAFLD fibrosis score.
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Figure 2.6 PLS analyses of fecal metabolic profiles versus significant biochemical and
anthropometric parameters related to T2DM. PLS plots were only shown if the p-value of the
CV-Anova was <0.05. Univariate scaling was applied to all data. The parameters of the models were:
Waist circumference (WC), R2Y(cum)= 0.525, Q2(cum)= 0.324. Permutation test: R2= (0.0, 0.369),
Q2= (0.0, -0.121), p from CV-Anova = 0.013. Waist/hip ratio, R2Y(cum)= 0.556, Q2(cum)= 0.314.
Permutation test: R2= (0.0, 0.354), Q2= (0.0, -0.129), p from CV-Anova = 0.019. BMI, R2Y(cum)=
0.625, Q2(cum)= 0.399. Permutation test: R2= (0.0, 0.312), Q2= (0.0, -0.152), p from CV-Anova =
0.0017. HbAlc, R2Y(cum)= 0.658, Q2(cum)= 0.512. Permutation test: R2= (0.0, 0.285), Q2= (0.0,
-0.164), p from CV-Anova = 1.8 x10™. Glucose, R2Y (cum)= 0.487, Q2(cum)= 0.277. Permutation test:
R2= (0.0, 0.361), Q2= (0.0, -0.125), p from CV-Anova = 0.024. Insulin, R2Y (cum)= 0.581, Q2(cum)=
0.326. Permutation test: R2= (0.0, 0.337), Q2= (0.0, -0.118), p from CV-Anova = 0.0088. HOMA-IR,
R2Y(cum)= 0.497, Q2(cum)= 0.250. Permutation test: R2= (0.0, 0.321), Q2= (0.0, -0.128), p from
CV-Anova = 0.027. QUICKI, R2Y(cum)= 0.705, Q2(cum)= 0.333. Permutation test: R2= (0.0, 0.592),
Q2= (0.0, -0.183), p from CV-Anova = 0.026. HDL, R2Y(cum)= 0.541, Q2(cum)= 0.284. Permutation
test: R2= (0.0, 0.345), Q2= (0.0, -0.118), p from CV-Anova = 0.018. Triglyceride, R2Y (cum)= 0.441,
Q2(cum)= 0.243. Permutation test: R2= (0.0, 0.360), Q2= (0.0, -0.097), p from CV-Anova = 0.035.
Triglyceride/HDL, R2Y (cum)= 0.888, Q2(cum)= 0.557. Permutation test: R2= (0.0, 0.752), Q2= (0.0,
-0.196), p from CV-Anova = 0.031. AIP, R2Y(cum)= 0.507, Q2(cum)= 0.323. Permutation test: R2=
(0.0, 0.312), Q2= (0.0, -0.131), p from CV-Anova = 0.0076. TyG index, R2Y(cum)= 0.507, Q2(cum)=
0.345. Permutation test: R2= (0.0, 0.328), Q2= (0.0, -0.121), p from CV-Anova = 0.005. Hepatic
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steatosis index, R2Y(cum)= 0.591, Q2(cum)= 0.404. Permutation test: R2= (0.0, 0.388), Q2= (0.0,
-0.138), p from CV-Anova = 0.0094. Fatty liver index, R2Y(cum)= 0.599, Q2(cum)= 0.425.
Permutation test: R2= (0.0, 0.351), Q2= (0.0, -0.136), p from CV-Anova = 0.0023. NAFLD liver fat
score, R2Y(cum)= 0.847, Q2(cum)= 0.476. Permutation test: R2= (0.0, 0.700), Q2= (0.0, -0.120), p
from CV-Anova = 0.038. AIP, atherogenic index of plasma. BMI, body mass index; HOMA-IR,
homeostasis model assessment of insulin resistance; QUICKI, quantitative insulin sensitivity check
index; TyG index, triglyceride-glucose index.

2.4.1.4 Plasma metabolomics analyses of T2DM patients and controls

2.4.1.4.1 ldentification of significant plasma metabolites

Similarly, multivariate PCA and OPLS-DA were applied to reduce the
dimensionalities of the metabolomics data. As evidenced in Figure 2.7A and B, both
PCA and OPLS-DA analysis clearly showed a significant difference between T2DM
and healthy controls. Altered plasma metabolites are shown in Figure 2.7C, including
those with VIP value >1 in the OPLS-DA model, and p<0.05 in the univariate
analyses. The concentrations of LDL(CH3), LDL(aliphatic chain), VLDL(CHy),
phosphorylcholine, and N-acetylated proteins were reduced in T2DM patients while

acetoacetate and lipids:CH,CO were increased (p<0.001).
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Figure 2.7 Relevant plasma metabolites associated with T2DM. A) depicted the score plot of the
PCA model of plasma metabolic profiles, with the following model parameters: UV scaling,
R2X(cum)= 0.853, Q2(cum)= 0.596. B) depicted the score plot of the OPLS-DA model of plasma
metabolic profiles, with the model parameters: Pareto scaling, R2Y(cum)= 0.848, Q2(cum)= 0.603.
Permutation test: R2= (0.0, 0.439), Q2= (0.0, -0.991), p from CV-Anova = 0.055. C) depicted bar plots
of the normalized concentration values of the most relevant plasma metabolites with VIP value >1 and
p-value from the Mann-Whitney test <0.05. Data were shown as the median and interquartile range in
all bar plots. *, ** and *** indicated p<0.05, p<0.01 and p<0.001 respectively. A.U., arbitrary units.

It has been reported that in plasma, high levels of glutamate and low levels of
glutamine are associated with an increased risk of T2DM. The imbalance of plasma
glutamine and glutamate can predict the occurrence of T2DM [346]. This was
confirmed in our study because the concentration of glutamine and glutamate were
reduced and increased respectively in the T2DM group. Thus, the plasma
glutamine/glutamate ratio was reduced dramatically (p<0.001) in the T2DM group, as

shown in Figure 2.8.

84



Chapter 1

glutamine glutamate glutamine/glutamate
%k %
25+ * 309  —— 209 XE*
L — |
204 154
20+
5 17 5 5
< < < 107
104
104
5 0.5
0 0- 0.0-

~Control T2DM Control T2DM " Control T2DM

Figure 2.8 Changes of plasma metabolites glutamine and glutamate in T2DM. Compared with the
control group, the concentration of glutamine reduced while the concentration of glutamate increased
significantly. Thus, the ratio of glutamine/glutamate decreased drastically in the T2DM group. *, **
and *** indicated p<0.05, p<0.01 and p<0.001 respectively.

2.4.1.4.2 Association of plasma metabolic profile with biochemical

and anthropometrical variables

Similar to the fecal metabolic profiles, PLS regression analyses of plasma metabolic
profiles versus significant biochemical and anthropometric parameters were
performed, as displayed in Figure 2.9. Regarding the anthropometric variables, robust
PLS models could only be obtained for waist circumference and BMI (with p-value
from CV-Anova <0.05). Moreover, PLS models could be obtained for the biochemical
parameters HbAlc, glucose, insulin, HOMA-IR, and QUICKI. In addition, regression
models were also obtained for CVD risk factor markers, including HDL, triglyceride,
triglyceride/HDL ratio, AIP, and TyG index. For significant hepatic risk factor
markers, only two robust models were obtained using the fatty liver index and

NAFLD fibrosis score with plasma metabolic profiles.
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Figure 2.9 PLS analyses of plasma metabolic profiles versus significant biochemical and
anthropometric parameters related to T2DM. PLS plots were only shown if the p-value from the
CV-Anova was <0.05. UV scaling was applied in all models. The parameters of the models were: Waist
circumference (WC), R2Y(cum)= 0.835, Q2(cum)= 0.592. Permutation test: R2=(0.0, 0.335), Q2=(0.0,
-0.321), p from CV-Anova = 0.047. BMI, R2Y(cum)= 0.671, Q2(cum)= 0.452. Permutation test:
R2=(0.0, 0.266), Q2=(0.0, -0.229), p from CV-Anova = 0.0077. HbAlc, R2Y(cum)= 0.805, Q2(cum)=
0.566. Permutation test: R2=(0.0, 0.379), Q2=(0.0, -0.292), p from CV-Anova = 0.014. Glucose,
R2Y(cum)= 0.724, Q2(cum)= 0.479. Permutation test: R2=(0.0, 0.365), Q2=(0.0, -0.244), p from
CV-Anova = 0.017. Insulin, R2Y(cum)= 0.651, Q2(cum)= 0.500. Permutation test: R2=(0.0, 0.252),
Q2=(0.0, -0.247), p from CV-Anova = 0.0024. HOMA-IR, R2Y(cum)= 0.601, Q2(cum)= 0.446.
Permutation test: R2=(0.0, 0.285), Q2=(0.0, -0.196), p from CV-Anova = 0.0059. QUICKI,
R2Y(cum)= 0.768, Q2(cum)= 0.458. Permutation test: R2=(0.0, 0.250), Q2=(0.0, -0.231), p from
CV-Anova = 0.009. TyG index, R2Y (cum)= 0.682, Q2(cum)= 0.623. Permutation test: R2=(0.0, 0.057),
Q2=(0.0, -0.175), p from CV-Anova = 8.12 x 10°. HDL, R2Y(cum)= 0.457, Q2(cum)= 0.362.
Permutation test: R2=(0.0, 0.097), Q2=(0.0, -0.131), p from CV-Anova = 0.0045. Triglyceride,
R2Y(cum)= 0.772, Q2(cum)= 0.721. Permutation test: R2=(0.0, 0.053), Q2=(0.0, -0.178), p from
CV-Anova = 2.26 x 107, Triglyceride/HDL, R2Y(cum)= 0.629, Q2(cum)= 0.557. Permutation test:
R2=(0.0, 0.069), Q2=(0.0, -0.164), p from CV-Anova = 5.74 x10°. AIP, R2Y(cum)= 0.800, Q2(cum)=
0.754. Permutation test: R2=(0.0, 0.054), Q2=(0.0, -0.179), p from CV-Anova = 4.99 %10, Fatty liver
index, R2Y(cum)= 0.713, Q2(cum)= 0.510. Permutation test: R2=(0.0, 0.280), Q2=(0.0, -0.226), p
from CV-Anova = 0.0062. NAFLD fibrosis score, R2Y(cum)= 0.531, Q2(cum)= 0.342. Permutation
test: R2=(0.0, 0.112), Q2=(0.0, -0.125), p from CV-Anova = 0.023.
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2.4.1.5 Correlations between gut microbiota, metabolomics,
biochemical and anthropometrical variables as well as liver and

cardiovascular risk factor indexes of T2DM patients and controls

2.4.1.5.1 Relationships of relevant gut bacteria, fecal metabolites, and
plasma metabolites with biochemical and anthropometrical

parameters and risk factor indexes

In order to confirm the association of individual bacteria and metabolites with
biochemical and anthropometrical variables, Spearman’s correlation analyses were
performed (Figure 2.10A). Only the most important bacteria, fecal, and plasma
metabolites obtained from the OPLS-DA analysis in the above sections and important
bacterial and plasma metabolite ratios defined as Firmicutes/Bacteroidetes and

glutamine/glutamate were selected for this analysis.

Regarding the most important fecal metabolites, 2-hydroxyvalerate was negatively
associated with plasma insulin and HOMA-IR and positively with QUICKI (p<0.05).
Additionally, 2-hydroxyvalerate was also correlated negatively with plasma glucose,
while isovalerate was positively associated with QUICKI and HDL (p<0.05). On the
other hand, fecal metabolites isovalerate and 2-hydroxyvalerate were negatively
associated with CVD-related risk factor biomarkers such as triglyceride,
triglyceride/HDL, AIP, and TyG index (p<0.05). Moreover, malonate was positively
correlated with plasma glucose, insulin, HOMA-IR, HbAlc, BMI, waist
circumference, and NAFLD fibrosis score (p<0.05) while negatively with QUICKI
(p<0.01). Additionally, only malonate was positively correlated with triglyceride/HDL
ratio and AIP (p<0.05).

Concerning the most relevant plasma metabolites, four plasma metabolites such as

LDL(CHs), LDL (aliphatic chain), phosphorylcholine, and N-acetylated proteins were
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negatively associated with plasma glucose, insulin, HOMA-IR, TyG index, and the
most significant CVD biomarkers (triglyceride, triglyceride/HDL, AIP, and TyG index)
and positively to QUICKI (p<0.01). Curiously, acetoacetate and lipids:CH,CO had
exactly opposite associations with the above-mentioned biochemical parameters and
indexes. On the other hand, VLDL(CH3) and N-acetylated proteins were negatively
associated with HbAlc and the NAFLD fibrosis score (p<0.05). Furthermore,
VLDL(CH3) and phosphorylcholine were also negative with BMI (p<0.05).
Additionally, LDL(CHz), LDL(aliphatic chain), and phosphorylcholine were
negatively linked with the fatty liver index and the liver fat content (p<0.05) and
positively with HDL (p<0.001). It should be noted that all plasma metabolites had
marked associations with triglyceride and triglyceride-related parameters (p<0.05),
except for VLDL(CHg3). Furthermore, the plasma glutamine/glutamate ratio had a
prominent relationship with all biochemical, anthropometrical parameters and CVD
and hepatic risk factor markers analyzed except for AST/ALT. Briefly, it had negative
correlations  with  all  significant  anthropometric  variables, HOMA-IR,
triglyceride-related markers, and all liver indexes, and positive connections were

found for QUICKI, HDL, albumin, and sodium.

Regarding the association of the most relevant gut bacteria obtained from the
OPLS-DA analysis (11 bacteria at different taxonomic levels) with the biochemical
and anthropometrical parameters, most of them had significant associations with
HbAlc such as Firmicutes, Proteobacteria, Faecalibacterium prausnitzii, and
Escherichia. However, these bacteria did not have significant relationships with
insulin, HOMA-IR, and QUICKI. Only the genus Faecalibacterium and the species
Faecalibacterium prausnitzii seemed to be correlated with them (for example,
spearman correlation results of Faecalibacterium prausnitzii and HOMA-IR were:
rho= -0.38, p= 0.05) while a negative relationship of Faecalibacterium and
Faecalibacterium prausnitzii was detected with the NAFLD fibrosis score (p<0.05).
Moreover, Faecalibacterium prausnitzii was negatively associated with the waist/hip

ratio, plasma glucose, and HbAlc (p<0.05). Additionally, the Gammaproteobacteria,
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Enterobacteriales, Enterobacteriaceae, and Escherichia had positive associations with
the waist/hip ratio (p<0.05). The Firmicutes/Bacteroidetes ratio was negatively
associated with the waist circumference, waist/hip ratio, and fatty liver index

(p<0.05).

2.4.1.5.2 Relationships between gut microbiota and metabolomics

The relationships between the most important gut bacteria and feces and plasma
metabolites were investigated, as shown in Figure 2.10B and C.

Regarding fecal metabolites, malonate had a significant relationship with most of the
relevant gut bacteria. In addition, 2-hydroxyvalerate was positively associated with
Ruminococcaceae and Faecalibacterium (p<0.05). Moreover, the

Firmicutes/Bacteroidetes ratio was positively linked to isovalerate (p<0.05).

For plasma metabolites, VLDL(CHg3) was surprisingly and significantly associated
with all relevant gut bacteria (positively associated with bacteria on the left side and
negatively associated with bacteria on the right side) (p<0.05). Compared with
VLDL(CHjs), acetoacetate and lipids:CH,CO showed an inverse association with
some gut bacteria such as Firmicutes, Proteobacteria, Ruminococcaceae,
Faecalibacterium and Faecalibacterium prausnitzii (p<0.05). Regarding the
glutamine/glutamate ratio, it had a positive relationship with all reduced gut bacteria
such as the phylum Firmicutes and the species Faecalibacterium prausnitzii and
negative with Proteobacteria and Gammaproteobacteria (p<0.05). It was worth noting
that the glutamine/glutamate ratio was positively correlated with the
Firmicutes/Bacteroidetes ratio (p<0.01), while two plasma metabolites acetoacetate

and lipids:CH,CO were negatively correlated with the bacterial ratio (p<0.05).

Regarding the associations of plasma and fecal metabolites, Figure 2.10C depicted
that several fecal and plasma metabolites were closely related and influenced by each

other. Thus, plasma metabolites LDL(CHj3), LDL(aliphatic chain), and N-acetylated
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proteins were positively associated with fecal metabolites 2-hydroxyvalerate, and
isovalerate (p<0.05) while plasma metabolites acetoacetate and lipids:CH,CO were
inversely related to them. Instead, the plasma VLDL(CH3;) and N-acetylated proteins
had negative relationships with fecal malonate, which were also positively associated
with plasma metabolites acetoacetate and lipids:CH2CO (p<0.001). Interestingly, the
plasma glutamine/glutamate ratio was significantly linked to all significant fecal
metabolites (positively correlated with 2-hydroxyvalerate, and isovalerate (p<0.05)

while negatively with malonate (p<0.01)).
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Figure 2.10 Spearman’s correlation analyses in the control and T2DM groups. A) Correlations of
significant anthropometric and biochemical variables with the most relevant fecal metabolites (up),
plasma metabolites (middle), and gut bacteria(down). B) Correlations of the most relevant gut bacteria
with the most relevant fecal metabolites (up) and plasma metabolites (down). C) Correlations of the
most relevant plasma metabolites with the most relevant fecal metabolites. *, ** and *** indicated
p<0.05, p<0.01 and p<0.001, respectively. F. prausnitzii, Faecalibacterium prausnitzii. WC, waist
circumference; AIP, atherogenic index of plasma. BMI, body mass index; HOMA-IR, homeostasis
model assessment of insulin resistance; QUICKI, quantitative insulin sensitivity check index; TyG
index, triglyceride-glucose index; AST, aspartate aminotransferase; ALT, alanine aminotransferase;
NAFLD, non-alcoholic fatty liver disease; HDL, high-density lipoprotein cholesterol.
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2.4.2 Effect of age on T2DM patients

2.4.2.1 Anthropometric and biochemical parameters

In order to see how the different variables associated with T2DM change with age, a
middle-aged (58.44 £1.10 years) and an older-aged (70.68 +0.74 years) T2DM group
was compared.

Concerning anthropometric traits (Table 2.3), no significant differences were found
between both cohorts of patients. However, some differences were found for
biochemical parameters. Thus, sodium and potassium, key electrolytes to maintain
physiological functions, were reduced and increased, respectively, in older patients
(p<0.05). Although the concentration of AST and ALT did not show an apparent
difference between both groups, their ratio as well as the plasma GGT levels
increased dramatically in the older-aged T2DM patients (p<0.05).

On the other hand, important biochemical parameters for evaluating insulin’s actions
were assessed in T2DM patients, such as C-peptide, GLP-1, and the whole-body
insulin sensitivity 1S¢iamp. However, we did not find a significant difference in these
parameters between middle- and older-aged T2DM patients. Nevertheless, parameters
related to comorbidities associated with T2DM such as troponin | and the glomerular
filtration rate (GFR) were elevated and decreased dramatically (p<0.01) in the
older-aged T2DM group, respectively. Further, the blood creatinine (p=0.096) and
urea (p=0.060) showed a tendency to increase with the age. Interestingly, hepatic
indexes of fibrosis such as FIB-4 (p<0.001), NAFLD fibrosis score (p<0.01), and ELF
(p=0.050) raised drastically in older-aged patients, while four hepatic indexes related
to steatosis, NAFLD liver fat score, liver fat content, hepatic steatosis index, and fatty

liver index were scarcely altered.
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Table 2.3 Biochemical and anthropometrical parameters of middle-aged and older-aged T2DM

TyG index

Sodium (mmol/L)
Potassium (mmol/L)
Total free fatty acids (mmol/L)
Fructosamine (pmol/L)
Adiponectin (pg/ml)
Troponin I (pg/mL)
Interleukin-6 (pg/mL)
Urea (mg/dL)
Creatinine (mg/dL)
GFR (ml/min/1,73 m2)
AST (IU/L)

ALT (1U/L)

GGT (IU/L)

AST/ALT ratio
NAFLD liver fat score
Liver fat content (%)
Fatty liver index
Hepatic steatosis index
FIB-4

NAFLD fibrosis score
ELF

8.79 (8.32-9.02)
139.4 (138.2-140.5)
4.035 (3.735-4.323)
0.79 (0.60-0.84)
256.5 (238.0-275.5)
4.04 (3.14-6.41)
3.5 (3.0-9.8)

2.34 (1.56-3.45)
37.81 +4.05

0.70 (0.62-0.83)
90.0 (90.0-90.0)
22.00 (18.25-30.75)
18.00 (16.25-38.50)
20.5 (16.0-28.5)
1.01 (0.80-1.20)
1.07 (0.83-1.98)
8.69 (7.09-11.37)
70.17 (51.28-75.24)
41.98 +1.05

1.03 (0.83-1.29)
~0.87 +0.26

9.018 +0.137

patients.

Middle-aged T2DM Old-aged T2DM
Number 16 28
Male/Female 8/8 15/13
Age 58.44 +1.10 70.68 £0.74 ***
Waist/hip ratio 0.97 (0.95-1.03) 0.98 (0.94-1.04)
BMI (kg/m?) 30.63 +0.96 31.72 +0.80
Glucose (mg/dL) 121.10 +8.13 127.29 +5.23
HbAlc (%) 7.3 (6.4-7.6) 7.2 (6.6-7.5)
Insulin (mU/L) 14.31 (9.39-18.89) 17.36 (10.53-31.59)
HOMA-IR 3.96 (2.44-5.57) 5.30 (3.54-9.07)
QUICKI 0.318 +0.007 0.300 +0.006
C-peptide (ng/mL) 1.88 £0.26 1.97 +0.21
1Sciamp [M@/(kg min)] 1.710 (1.468-1.968) 1.375 (1.005-1.850)
Total GLP-1 (ng/ml) 1.13+0.24 1.42 +0.18

9.02 (8.39-9.48)
137.8 (135.4-139.2) *
4.310 (4.188-4.510) *
0.66 (0.56-0.77)
255.5 (233.3-287.3)
3.11 (1.90-7.41)

8.0 (5.0-12.0) **
2.19 (1.50-4.47)
4493 +2.75 $

0.88 (0.64-1.03) $
80.5 (61.0-90.0) **
25.00 (22.00-40.75)
20.50 (16.00-29.50)
29.0 (19.0-52.8) *
1.31 (0.96-1.52) **
1.67 (0.87-3.56)
9.13 (7.36-14.29)
84.01 (46.50-94.77)
41.26 +1.10

1.73 (1.25-2.73) ***
0.48 +0.25 **
9.510 +0.176 $
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assessment of insulin resistance; QUICKI, quantitative insulin sensitivity check index; 1S¢jamp, insulin
sensitivity measured during the HEC clamp; GLP-1, glucagon-like peptide 1; TyG index,
triglyceride-glucose index; GGT, gamma-glutamyl transferase; AST, aspartate aminotransferase; ALT,
alanine aminotransferase; GFR, glomerular filtration rate; NAFLD; non-alcoholic fatty liver disease;
FIB-4, liver fibrosis index 4; ELF, enhanced liver fibrosis. *, ** and *** indicated p<0.05, p<0.01 and
p<0.001, respectively. $, 0.05<p<0.1.

2.4.2.2 Effect of age on the alterations of gut microbiota

2.4.2.2.1 Biodiversity and microbial composition analyses

As shown in Supplementary Figure 2.2 in Annex, a marginal difference can be seen
between middle-aged and old-aged diabetic groups from sequencing reads, observed
features, and three alpha-diversity indexes. Similarly, as depicted in Supplementary
Figure 2.3 in Annex, no significant differences in the gut microbiota composition
between the groups at the phylum and family level were detected. Despite that,
compared with the middle-aged T2DM group, the average percentage of phylum
Proteobacteria and family Enterobacteriaceae was reduced in the older T2DM group,
while  phylum  Verrucomicrobia and families Verrucomicrobiaceae and

Streptococcaceae were increased.

2.4.2.2.2 ldentification of altered gut bacteria between middle-aged

and old-aged T2DM patients

Multivariate analyses were performed for gut bacteria profiles between the two
cohorts of diabetic patients of different ages. A moderate PCA discriminant model
was only obtained by using all significant gut bacteria (p<0.05), as depicted in Figure
2.11A and B. There was considerable overlap between the middle-aged and old-aged
groups in PCA and PLS-DA plots. Based on the PLS-DA model, significant variables

with VIP values >1 were shown in Figure 2.11C. Compared with the middle-aged
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T2DM subjects, the relative abundance of Chromatiales, Chromatiaceae,
Moraxellaceae, and Thiorhodococcus was reduced and Blautia schinkii increased

(p<0.05) in old-aged T2DM patients.

A Older T2DM H T2DM B Older T2DM M T2DM

Order Family Genus Species
C Chromatiales Chromatiaceae Moraxellaceae Thiorhodococcus Blautia schinkii
0.20 0.3 *
0.15 ' :l .
) =
< 010 .
0.05
0.00
™
o

Figure 2.11 Distinct gut bacteria between middle-aged and old-aged T2DM patients. A) showed
the PCA score plot of significant gut bacteria, and the parameters of the PCA model were: UV scaling,
R2X(cum)= 0.568, Q2(cum)= 0.309. B) displayed the PLS-DA score plot of significant gut bacteria,
and the parameters of the model: UV scaling, R2Y(cum)= 0.336, Q2(cum)= 0.136. Permutation test:
R2=(0.0, 0.163), Q2=(0.0, -0.171), p from CV-Anova = 0.193. C) showed the relative abundance of the
most relevant gut bacteria with VIP value >1 and p-value from the Mann-Whitney test <0.05. Data
were shown as the median and interquartile range in all bar plots. * and ** indicated p<0.05 and
p<0.01 respectively. A.U., arbitrary units.

2.4.2.2.3 Association of gut microbiota with biochemical variables

Multivariate linear regression analysis was conducted between gut microbiota and all

significant biochemical variables, but no models could be obtained.
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2.4.2.3 Fecal metabolomics analyses between middle-aged and

old-aged T2DM patients

2.4.2.3.1 ldentification of the most important altered fecal

metabolites
A Older T2DM [l T2DM B Older T2DM M T2DM
|
4 | |
2 L u
| o
P | 4 g |
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Figure 2.12 The most important fecal metabolites altered between middle-aged and old-aged
T2DM patients. A) showed the PCA score plot of significant fecal metabolites, and the parameters of
the PCA model were: UV scaling, R2X(cum)= 0.783, Q2(cum)= 0.414. B) displayed the OPLS-DA
score plot of significant fecal metabolites, and the parameters of the model: Pareto scaling, R2Y (cum)=
0.527, Q2(cum)= 0.362. Permutation test: R2=(0.0, 0.194), Q2=(0.0, -0.276), p from CV-Anova =
0.0028. C) showed the normalized concentration of the most relevant fecal metabolites with VIP
value >1 and p-value from the Mann-Whitney test <0.05. Data were shown as the median and
interquartile range in all bar plots. * and ** indicated p<0.05 and p<0.01 respectively. A.U., arbitrary
units.

Unlike gut microbiota, robust models were obtained for fecal metabolites between
middle-aged and old-aged T2DM patients, as depicted in Figure 2.12A and B. The
PCA and OPLS-DA plots showed a proper separation between the two groups,
especially the OPLS-DA plot. From this model, several relevant fecal metabolites
could be identified (Figure 2.12C). Thus, fecal 2-hydroxyvalerate, B-hydroxybutyrate,

methylsuccinate, and lysine increased (p<0.05).
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2.4.2.3.2 Association of fecal metabolic profiles with biochemical

variables

PLS regression analyses were carried out for fecal metabolites versus all significant
biochemical variables between both cohorts of patients (Supplementary Figure 2.4
in Annex). Only one robust model could be obtained, showing that fecal metabolites
of middle-aged and old-aged T2DM patients tended to associate with NAFLD fibrosis

Score.

2.4.2.4 Alteration of plasma metabolomics between middle-aged and

old-aged T2DM patients

Discriminant analyses of plasma metabolic profiles were performed between
middle-aged and old-aged T2DM groups, but no model could be obtained. PCA
indicated that there was no difference in plasma metabolites between both groups
(Supplementary Figure 2.5 in Annex), which was also confirmed by univariate

comparison analysis.

2.4.2.5 Relationships between gut microbiota, fecal metabolomics,
and biochemical variables in middle-aged and old-aged T2DM

patients

Spearman’s correlation analyses of different parameters were performed between
middle-aged and old-aged T2DM patients (Figure 2.13).

Regarding significant biochemical variables, only three showed significant
associations with fecal metabolites (Figure 2.13A). In detail, the NAFLD fibrosis
score and FIB-4 were positively associated with the fecal metabolites methylsuccinate.
In addition, the NAFLD fibrosis score also correlated positively with

B-hydroxybutyrate (p<0.05).
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Figure 2.13 Spearman’s correlation analyses in middle-aged and old-aged T2DM groups. A)
Correlations of significant biochemical parameters with the most relevant fecal metabolites and gut
bacteria. B) Correlations of the most relevant fecal metabolites with gut bacteria. GGT,
gamma-glutamyl transferase; AST, aspartate aminotransferase; ALT, alanine aminotransferase; GFR,
glomerular filtration rate; FIB-4, liver fibrosis index 4. * and ** indicated p<0.05 and p<0.01
respectively.

Regarding the associations of significant biochemical variables with selected gut
bacteria, the AST/ALT ratio was negatively associated (p<0.05) with the bacteria
Chromatiales and Chromatiaceae. On the other hand, the NAFLD fibrosis score had a
positive relationship with the species Blautia schinkii (p<0.05). Finally, troponin | had

a negative association with the genus Thiorhodococcus (p<0.05).

Concerning the relationship between gut bacteria and fecal metabolites, only
significant negative correlations were found. Thus, Chromatiaceae and
Thiorhodococcus were associated (p<0.05) with p-hydroxybutyrate, and
2-hydroxyvalerate. In addition, Moraxellaceac were related to B-hydroxybutyrate

(p<0.05).

2.4.3 Effect of gender on T2DM patients

A total of forty-six T2DM patients (female/male: 24/22) were selected to study
gender-based differences in the disease. After matching sex, both twenty-two females

and males were included in the following study.
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2.4.3.1 Biochemical and anthropometrical variables

A comparative analysis of the biochemical and anthropometrical variables between
female and male T2DM patients was done to evaluate the effect of gender on T2DM
patients, which was summarized in Table 2.4. There, the parameters regarding waist
and hip circumferences, as well as glucose, insulin, HOMA-IR, HbAlc, GLP-1 and
ISciamp and CVD risk factors such as HDL, LDL, and triglyceride, were not different
between female and male patients. However, the ratio between waist and hip
circumferences was drastically higher in male subjects (p<0.001). Regarding BMI,
there was no significant difference between cohorts, even though the BMI of female
T2DM patients tended to be a bit higher than male patients. On the other hand, plasma
levels of leptin were dramatically higher in female patients (p<0.001). Even though
normalized by BMI, the leptin/BMI ratio was still higher in female patients (p<0.001).
In contrast, the serum levels of urate and creatinine were higher in male patients
(p<0.05). In terms of liver enzymes, only ALP was increased prominently in female
patients (p<0.01). Moreover, the hepatic steatosis index was higher in female T2DM

patients (p<0.05).

Table 2.4 Biochemical and anthropometrical parameters of female and male T2DM patients.

Female T2DM Male T2DM
Number 22 22
Age 66.45 +1.76 65.50 +1.31
Waist circumference (cm) 105.5+25 109.4 1.8

Hip circumference (cm)

Waist/hip ratio
BMI (kg/m?)
Leptin (ng/mL)
Leptin/BMI ratio
Glucose (mg/dL)
HbAlc (%)
Insulin (mU/L)
C-peptide (ng/mL)
HOMA-IR

107.0 (99.0-123.0)
0.94 (0.90-0.98)
32.30 (28.63-36.60)
47.7 (29.8-63.0)
1.43 (1.03-1.93)
128.5 +7.4

7.4 (6.9-7.7)

18.11 (11.92-31.55)
2.12 +0.25

5.28 (3.25-9.98)

109.5 (100.8-113.5)
1.02 (0.97-1.08) ***
29.83 (27.99-32.65)
8.3 (5.2-25.3) ***
0.30 (0.18-0.85) ***
127.8 +6.7

6.8 (6.4-7.4)

15.48 (10.03-19.39)
1.82 +0.20

4.74 (2.96-6.30)
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QUICKI
ISciamp [MY/(kg Min)]
Total GLP-1 (ng/mL)
Total cholesterol (mg/dL)
HDL (mg/dL)

LDL (mg/dL)
Triglyceride (mg/dL)
Troponin | (pg/mL)
Urea (mg/dL)

Urate (mg/dL)
Interleukin-6 (pg/mL)
Creatinine (mg/dL)
ALP (1U/L)

GGT (1U/L)
AST/ALT ratio
Hepatic steatosis index
NAFLD liver fat score
Liver fat content (%0)
Fatty liver index
FIB-4

ELF

NAFLD fibrosis score

0.300 +0.008

1.56 +0.10

152 +0.23

176.6 +5.8

49.09 +2.32
100.82 +5.31
122.00 (87.25-180.50)
5.0 (3.0-11.0)

36.0 (29.5-57.5)
5.27 +0.31

3.33 (1.62-5.50)
0.63 (0.54-0.90)
88.82 +6.46

25.50 (15.50-36.00)
1.17 (0.99-1.47)
43.43 +1.16

1.90 (0.86-3.46)
9.42 (7.22-15.81)
70.54 +5.28

1.26 (0.83-1.80)
9.40 +0.20

~0.33 (-1.08 ~ 0.52)

0.306 +0.007
1.56 +0.14

1.16 +0.18

171.9 +10.7

43.64 +2.25

98.50 +7.73
105.50 (82.75-180.25)
9.0 (4.8-11.0)

38.5 (31.0-44.0)
6.19 +0.33 *

2.02 (1.50-2.98)
0.85 (0.75-1.00) **
64.77 +3.29 **
26.00 (16.75-36.25)
1.12 (0.86-1.36)
40.20 +0.98 *

1.28 (0.96-2.36)
8.67 (7.76-13.07)
71.17 +4.36

1.57 (1.14-2.28)
9.18 +0.15

0.29 (-0.68 ~ 1.25)

Abbreviations: BMI, body mass index; HbAlc, hemoglobin Alc; HOMA-IR, homeostasis model
assessment of insulin resistance; QUICKI, quantitative insulin sensitivity check index; IS¢jamp, insulin
sensitivity measured during the HEC clamp; GLP-1, glucagon-like peptide 1; HDL, high-density
lipoprotein cholesterol; LDL, low-density lipoprotein cholesterol; GGT, gamma-glutamyl transferase;
ALP, alkaline phosphatase; AST, aspartate aminotransferase; ALT, alanine aminotransferase; NAFLD;
non-alcoholic fatty liver disease; FIB-4, liver fibrosis index 4; ELF, enhanced liver fibrosis. *, ** and
*** indicated p<0.05, p<0.01 and p<0.001, respectively.

2.4.3.2 Effect of gender on gut microbiota alteration

2.4.3.2.1 Gut microbiota composition and diversity analyses

In order to show alterations in gut microbiota between female and male T2DM
patients, fecal DNA was sequenced and compared. All diversity indexes were nearly

the same in both groups, including the Shannon-Wiener index, Faith’s phylogenetic
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diversity index, and Pielou's evenness index, as can be seen in Supplementary
Figure 2.6 in Annex. In addition, the relative abundance of dominant gut bacteria at
phylum and family level were not significantly different as can be shown in
Supplementary Figure 2.7 in Annex. However, several changes are noteworthy. The
abundance of phyla Proteobacteria, Actinobacteria, and Verrucomicrobia and families
Bifidobacteriaceae, Enterobacteriaceae, Verrucomicrobiaceae, and Streptococcaceae
were higher in female T2DM, while phylum Firmicutes and families Lachnospiraceae

and Veillonellaceae were lower.

2.4.3.2.2 Identification of significant gut bacteria differences between

female and male T2DM

PCA analysis of sequence data was carried out but the little separation was found
between female and male patients in the PCA score plot (Figure 2.14A). Concerning
discriminant analysis between both genders, neither OPLS-DA nor PLS-DA models
could be obtained. Despite this, statistics using univariate analysis of the variables
were performed. Compared with female T2DM patients, the relative abundance of
class Clostridia, order Clostridiales, and four species Roseburia faecis, Tindallia
magadiensis, Mycoplasma edwardii, and Peptoniphilus coxii seemed to be
significantly elevated (p<0.05) in male patients while three species Bifidobacterium
gallicum, Bacteroides thetaiotaomicron and Phascolarctobacterium faecium

decreased (p<0.05).
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Figure 2.14 Significant gut bacteria that differ between female and male T2DM adults. A) showed
the PCA score plot of metagenomic data, and the parameters of the PCA model were: UV scaling,
R2X(cum)= 0.177, Q2(cum)= 0.038. B) displayed the relative abundance of significant gut bacteria
with a p-value from the Mann-Whitney test <0.05. Data were shown as the median and interquartile
range in all bar plots. B. gallicum, Bifidobacterium gallicum; B. thetaiotaomicron, Bacteroides
thetaiotaomicron; P. faecium, Phascolarctobacterium faecium. * indicated p<0.05. A.U., arbitrary
units.

2.4.3.2.3 Association of gut microbiota with biochemical and
anthropometrical parameters

Multivariate regression analyses of gut microbiota with significant biochemical and
anthropometrical parameters were carried out for female and male T2DM groups.

Only one model could be established between gut bacteria and these parameters

(Supplementary Figure 2.8 in Annex), but it was not very powerful.
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2.4.3.3 Alteration of fecal metabolomics between female and male

T2DM patients

2.4.3.3.1 Identification of altered fecal metabolites

Similar to the gut microbiota, no separation between men and women was detected in
the PCA score plot (Figure 2.15A). Furthermore, no discriminant models (OPLS-DA
or PLS-DA) could be obtained for fecal metabolomics between female and male
T2DM patients. Therefore, only univariate analysis was performed between both
genders. As evidenced in Figure 2.15B, the concentration of fecal metabolites

butyrate and hypoxanthine was increased (p<0.05) in males while succinate was

reduced.
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Figure 2.15 Significant fecal metabolites between female and male T2DM subjects. A) showed the
PCA score plot of fecal metabolomics data and the parameters of the PCA model were: UV scaling,
R2X(cum)= 0.660, Q2(cum)= 0.317. B) showed the normalized concentration of significant fecal
metabolites with a p-value from univariate comparison analysis <0.05. Data were shown as the median
and interquartile range in all bar plots. * and ** indicated p<0.05 and p<0.01 respectively. A.U.,
arbitrary units.

2.4.3.3.2 Association of fecal metabolic profiles with anthropometric
and biochemical variables
Multiparametric regression analyses were done for fecal metabolites versus all

significant anthropometric and biochemical variables (Supplementary Figure 2.9 in
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Annex). Even so, the waist/hip ratio and blood urate did not show a good correlation

with fecal metabolites between both T2DM genders.

2.4.3.4 Alteration of plasma metabolomics between female and male

T2DM

In terms of plasma metabolic profiles, the PCA plot did not show any difference
between female and male subjects (Supplementary Figure 2.10 in Annex).
Furthermore, no discriminant models were obtained for both group of T2DM patients,
either. Univariate statistical analysis further confirmed this result.

The association between plasma metabolomics and significant anthropometric and
biochemical variables was also studied by multivariate regression analysis. As
depicted in Supplementary Figure 2.11 in Annex, only one PLS model could be

obtained.

2.4.3.5 Correlations between gut microbiota, fecal metabolomics,
anthropometric and biochemical variables in female and male T2DM

patients

2.4.3.5.1 Relationships of gut microbiota, fecal metabolomics with

anthropometric and biochemical parameters

Spearman’s correlation analysis represented by heatmaps was performed for
significant gut microbiota, metabolomics, biochemical and anthropometrical variables
obtained from the above gender analyses (Figure 2.16). Regarding the association
between biochemical and anthropometrical data with fecal metabolites, plasma ALP,
leptin, and the leptin/BMI ratio were positively associated with succinate (p<0.05). In

addition, blood creatinine was positively linked to butyrate (p<0.01).
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Concerning the relationship between biochemical and anthropometrical variables and
gut bacteria, the hepatic enzyme ALP was positively associated with Bacteroides
thetaiotaomicron and Phascolarctobacterium faecium (p<0.05). In addition, positive
correlations were also found between plasma creatinine with Roseburia faecis, the
class Clostridia and the order Clostridiales (p<0.05), and for plasma urate with the
class Clostridia and order Clostridiales. Only one negative correlation was obtained

between the hepatic steatosis index and Tindallia magadiensis (p<0.05).

2.4.3.5.2 Relationships between gut microbiota and fecal metabolites

After performing the analysis, only the fecal metabolites succinate and hypoxanthine
were negatively associated with the species Mycoplasma edwardii and
Bifidobacterium gallicum respectively (p<0.01). On the contrary, hypoxanthine was
positively linked to the bacteria Clostridia, Clostridiales, Roseburia faecis, and
Peptoniphilus coxii (p<0.05). And fecal SCFA butyrate had a significant and positive

correlation with Peptoniphilus coxii (p<0.01).
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Figure 2.16 Spearman’s correlation analyses in female and male T2DM patients. A) Correlations
of significant anthropometric and biochemical parameters with significant fecal metabolites and gut
bacteria. B) Correlations of significant fecal metabolites with significant gut bacteria. BMI, body mass
index; ALP, alkaline phosphatase. B. gallicum, Bifidobacterium gallicum; B. thetaiotaomicron,
Bacteroides thetaiotaomicron; P. faecium, Phascolarctobacterium faecium. *, ** and *** indicated
p<0.05, p<0.01 and p<0.001, respectively.
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2.5 Discussion

The current study integrates for the first time data from gut microbiota, fecal
metabolites, and plasma metabolites of T2DM patients, to figure out the gut
microbiota and metabolic alterations of T2DM and their relationships. Moreover, we
have studied the gut microbiota at the genus and species level to go deeper and better
detail the alterations caused by T2DM. We further studied the association of these
alterations between them and with relevant anthropometric and biochemical
parameters related to T2DM and its consequences. In addition, the effects of age and
sex on the alteration and associations were evaluated in patients with T2DM by
identifying and selecting specific variables or parameters of patients. We selected the
most relevant gut bacteria, fecal metabolites, and plasma metabolites by discriminant
models (OPLS-DA or PLS-DA) and univariate analysis, and picked out the significant

anthropometric and biochemical parameters by univariate analysis.

2.5.1 Alterations in T2DM patients

For the interpretation of these results, it is important to take into account that by doing
a representative selection of T2DM patients, they could also be partially affected by
other disorders diagnosed or not, which in turn can also alter the composition of blood
and feces. For instance, the average BMI of T2DM patients is significantly higher
than that of controls (30.63 +0.96 vs 24.62 * 0.90), indicating that most T2DM
patients were obese, as usually happens in this type of patients because obesity is an
important risk factor for the development of T2DM [347] and therefore expected.
Furthermore, NAFLD liver fat score, fatty liver index, and NAFLD fibrosis score
were high in T2DM individuals, suggesting excess fat infiltration and fibrosis that
could affect the liver [331, 333]. NAFLD and NASH are usually observed in T2DM
patients [286], which was also demonstrated by hepatic risk factor markers in our
study. In addition, even though the T2DM patients included in this trial did not have a

history of any cardiovascular events, they presented signs of cardiovascular risk
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defined by increased plasma triglycerides, AIP, and TyG index [329].

The metagenomic study of gut bacteria further revealed a certain degree of dysbiosis
in the gut microbiota of people with T2DM (Figure 2.1), as already detected in
previous studies [168]. We found that the abundance of the most dominant phylum
Firmicutes decreased dramatically while Bacteroidetes and Proteobacteria increased
in T2DM patients. These results are in coherence with a previous study, which also
found a significant reduction in bacteria Firmicutes and a trend to increase in bacteria
of the phylum Bacteroidetes in T2DM patients [348]. In addition, recently Zhao et al
reported opposite results about the phyla Firmicutes and Bacteroidetes, which are in
disagreement with the current study, but they showed an increase of Proteobacteria in
T2DM, in coherence with our results [304]. Therefore, in our study the
Firmicutes/Bacteroidetes ratio was expected to reduce significantly in the patients,
further confirming a gut dysbiosis that may be accompanied by some pathologies
[345].

At smaller levels, corresponding bacteria from the phyla Firmicutes and
Proteobacteria were determined in the patients. Concerning changes in gut bacteria at
genus and species level, we revealed in T2DM patients a significant decrease in
Faecalibacterium prausnitzii and an increase in Escherichia spp (Figure 2.3). This is
consistent with the study performed by Qin et al where they found that
Faecalibacterium prausnitzii, one butyrate-producing bacterium, was enriched in the
control group while Escherichia coli, as one opportunistic pathogen, was enriched in
the T2DM group [168]. An increase in Escherichia coli was reported to be related to
NASH [187], and subcutaneously infusion of this bacteria into mice could induce

obesity and IR [349].

The metabolomics study confirmed that these changes in the gut microbiota
composition also affected the metabolomics profile of feces. For instance, we found
two kinds of fecal valerates (isovalerate and 2-hydroxyvalerate) decreased in the
T2DM samples (Figure 2.5). Our results were in accordance with previous studies,

which demonstrated that compared with the healthy subjects, the concentrations of
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short-chain fatty acids (SCFAs) including valeric acid were predominantly reduced in
the T2DM patients [226, 304]. Valeric acid, as one SCFA, has been found to affect the
pathogenesis of AD by reducing aggregations of A, and the reduction of valeric acid
and other SCFAs may promote AP accumulation in the brain [350]. In addition, we
found that the concentration of fecal metabolite malonate increased in T2DM
dramatically (p<0.001). This is following the study of Fikri et al where they reported
that T2DM patients also had a slightly significant increase of plasmatic malonate
[351]. Malonate was found to be robustly protective against cardiac
ischemia/reperfusion injury [352]. In our study, the increase of malonate in T2DM
patients may be due to cardiac ischemia.

Concerning plasma metabolites (Figure 2.7), we found that low-density lipoproteins
including LDL(CHj3) and LDL(aliphatic chain) were reduced in T2DM patients as
well as very-low-density lipoprotein VLDL(CHz). These results seem to be different
from previously reported studies where they found that the total concentrations of
LDL and VLDL were significantly higher in patients with T2DM compared with the
controls [353, 354]. However, it is important to take into account the size of the
lipoproteins in every case. For instance, the amount of large LDL particles have
shown to decrease in a prior study [355], which could be the change detected by our
diffusion-edited NMR experiment, which filters the signals from large molecules.
Besides the lipoproteins, we observed that acetoacetate and lipids:CH,CO were
increased markedly in T2DM. The change in acetoacetate is in concordance with the
results obtained by Andersson-Hall et al [356]. Acetoacetate can act as an energy
source for the body, especially preferred by cardiac muscle and renal cortex [357].
This increase could compensate for the energy deficit caused by IR as well as
lipids:CH,CO. Additionally, Wu et al reported that acetoacetate could ameliorate AD
symptoms in mice [358]. On the other hand, the importance of glutamine for cell
survival and proliferation is widely accepted [359]. Many previous studies found that
T2DM patients presented an imbalance of plasma glutamine and glutamate (decreased
glutamine and increased glutamate) [230, 346]. Therefore, the glutamine/glutamate

ratio has been widely used for predicting T2DM incidence [346]. In our study, T2DM
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subjects had lower plasma glutamine and higher glutamate than controls, and in
consequence, had a lower glutamine/glutamate ratio (Figure 2.9). These findings are

in harmony with previous research [230, 303].

Once the alteration of the gut microbiota and metabolites has been determined, we
would like to know in more detail the association of these alterations with parameters
related to the pathophysiology of T2DM and its associated consequences, mainly
cardiovascular and hepatic. Therefore, PLS regression analysis was used to find the
associations between multiple clinical variables and altered gut microbiota and
metabolites as well as the relations between them. Our results revealed that the best
correlation could be obtained with the fecal metabolome. All significant altered
anthropometric parameters in T2DM patients (waist circumference, the waist/hip ratio,
and BMI) and biochemical markers related to T2DM (plasma glucose, insulin,
HOMA-IR, QUICKI, and HbA1c) showed a robust association with fecal metabolic
profiles (Figure 2.6). Thus, a feces analysis could be an interesting alternative for the
diagnosis and management of T2DM, especially at early stages, when the biochemical
blood variables may still not be altered. Interestingly, only a few clinical parameters
presented a robust correlation with gut bacteria (Figure 2.4), revealing that bacterial
metabolism seemed to be more sensitive to T2DM disorder than the gut bacteria
profile. Concerning plasma metabolic profiles, some associations could be found with
clinical parameters (Figure 2.9), but much less than in feces. This may be partially
due to the lower variability and higher homeostasis of metabolites in plasma. In
summary, only HbA1c and insulin correlated properly with gut microbiome and fecal
and plasma metabolomics, and therefore with the control of T2DM and the insulin

release and function.

To go into more detail about the associations, correlation analysis (Figure 2.10) were
done between altered gut microbiota and metabolites with the biochemical and
anthropometrical variables or with the association between them. Thus, the fecal

metabolites 2-hydroxyvalerate and malonate were significantly correlated with
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fingerprints of T2DM including plasma glucose, insulin, and the IR indexes
HOMA-IR and QUICKI. To our knowledge, this is the first time that this kind of
correlation is detected. This result is also in line with our previous analysis, where
both metabolites were identified as being significantly different in T2DM patients and
healthy controls. As a result, these two fecal metabolites must be considered in future
studies relating to the management of T2DM in patients because they appear to be
more implicated in IR.

Concerning correlation with plasma metabolites, it is interesting that all relevant
plasma metabolites changed in T2DM had significant associations with plasma
glucose, and except for plasma metabolite VLDL(CHy3), all of them were significantly
linked to plasma insulin, HOMA-IR, and QUICKI. On the other hand, the
glutamine/glutamate ratio was found negatively associated with plasma glucose,
insulin, and HOMA-IR and positively with QUICKI. This was also in concordance
with previous studies [360].

Regarding gut bacteria, only a few significant correlations were obtained. Thus,
HbA1c showed a significant association with most of the relevant gut bacteria. On the
other hand, Faecalibacterium prausnitzii was negatively connected to fasting plasma
glucose, which was consistent with a previous study [349]. Faecalibacterium
prausnitzii, as the most abundant commensal bacteria, is reported to play important
roles in gut homeostasis, such as fermenting glucose to acetate, butyrate, D-lactate,
and formate [361], processes that seem to be altered in T2DM. Further, the
Firmicutes/Bacteroidetes ratio showed a negative association with the anthropometric
parameters waist circumference and waist/hip ratio. This ratio has already been
previously related to obesity in a recent study where it was reported that the
Firmicutes/Bacteroidetes ratio was significantly decreased after BMI reduction [362].
Though our result is not related to BMI, the fact that it is related to waist
circumference, which is usually indirectly related to weight, indicates that this
bacterium very probably plays an important role in obesity, which triggers diabetes.

However, further studies are needed to confirm this assumption.
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To discover more information about the relationship between gut bacteria and
metabolites, we also identified connections between gut bacteria and fecal and plasma
metabolites. In this analysis, only the fecal metabolite malonate and the plasma
metabolite VLDL(CHj3) evidenced significant associations with most significant
bacteria such as bacteria Faecalibacterium and Escherichia. Therefore, both
metabolites could be interesting candidates as indicators for an alteration of the gut
microbiota related to T2DM that can be more easily measured than gut bacteria.
Further, the most dominant genus Faecalibacterium was positively correlated with
fecal metabolite 2-hydroxyvalerate, which decreased in T2DM and was related to IR,
and was negatively correlated with plasma metabolite acetoacetate, which increased
in T2DM and was related to IR, CVD, and AD. Then, this genus seems to play
important roles in the development of IR in T2DM as has been described previously
either in obesity or T2DM [363, 364]. These relationships further confirmed the
important roles of Faecalibacterium in T2DM. Finally, we found that the
Firmicutes/Bacteroidetes ratio was positively linked to the plasma
glutamine/glutamate ratio which is more related to the development of T2DM. This
result is described here for the first time and is coherent with the finding that oral
L-glutamine supplementation changed the composition of the gut microbiota in
overweight and obese people, reducing the Firmicutes/Bacteroidetes ratio [365].
Therefore, both ratios are very important in the development of T2DM and need to be

taken into account in the management of patients.

2.5.2 Aging effects on T2DM

After studying the effects of gut microbiota and fecal and plasma metabolites on
T2DM, we were interested in studying the effect of age on T2DM. To our knowledge,
this type of study has never been addressed in the literature and could be important for
a better understanding of T2DM and the management of patients. We are interested in
this study because we detected an increased risk for pathological problems derived

from T2DM with increased age in the cohort of patients studied. For instance, the
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plasma troponin I level (a marker of myocardial infarction) was markedly increased in
old-aged patients, indicating a possible higher risk of myocardial infarction despite it
being still within a normal range because this parameter is only altered after infarction
[366]. Further, the glomerular filtration rate (GFR) (the best available indicator of
overall kidney function [367]) was lower in elderly patients, accompanied by higher
plasma levels of urea and creatinine. These changes suggested that older T2DM
patients were more susceptible to kidney inflammation and disease. Significant
differences were also found between middle-aged and old-aged T2DM patients in
liver fibrosis indexes such as FIB-4 and NAFLD fibrosis score. These results
indicated that elderly T2DM patients were more likely to suffer from liver fibrosis and
then liver pathology. This could be explained because T2DM patients have a high
prevalence of suffering NAFLD and over time could develop symptoms of NASH
[286].

Because of the small age difference and the small number of patients, only a few gut
bacteria and fecal metabolites were found altered between middle-aged and old-aged
T2DM patients, while plasma metabolites showed no difference. Regarding
alterations in gut microbiota, bacteria Chromatiales, Chromatiaceae, Moraxellaceae,
and Thiorhodococcus were found to decrease in old-aged patients (Figure 2.11). The
genus Thiorhodococcus belongs to Chromatiaceae, a family of purple sulfur bacteria
within the order Chromatiales of the class Gammaproteobacteria. Most members from
Chromatiaceae typically grow under anoxic conditions [368]. In terms of
Moraxellaceae, they are also a family of Gammaproteobacteria, including a few
pathogenic species. Not much information is available about the above-altered
bacteria. However, from the class level, Gammaproteobacteria is found to be
implicated in the development of NAFLD [369, 370], a most common comorbidity of
T2DM. On the other hand, the species Blautia schinkii was elevated in old-aged
T2DM subjects. Nonetheless, further research is needed to determine the roles of
these bacteria in T2DM patients from middle age to old age.

Regarding the fecal metabolome (Figure 2.12), three fatty acid derivates

(2-hydroxyvalerate, B-hydroxybutyrate, methylsuccinate) were increased in old-aged
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T2DM individuals. Both B-hydroxybutyrate and methylsuccinate were shown in some
literature to play a role in the brain, and B-hydroxybutyrate was found to attenuate AD
pathology [371, 372]. In addition, the amino acid lysine was also found to increase in
old-aged T2DM. High plasma levels of lysine were associated with an increased risk
of T2DM incidence [230].

Further, relationships were explored between gut bacteria, fecal metabolites, and
biochemical parameters. Fecal metabolites B-hydroxybutyrate and methylsuccinate
were both positively correlated with NAFLD fibrosis score. However, Haam et al
revealed a different result that B-hydroxybutyrate was inversely associated with
hepatic fibrosis [373]. It is possible because they acquire metabolites from urine,
which are different from feces. This is the first study to elucidate that Blautia schinkii
is positively associated with NAFLD fibrosis score and Thiorhodococcus is
negatively associated with plasma troponin I. Associations between gut bacteria and
fecal metabolites were also examined in our study, but only several significant
negative associations were found. Further study on a large-scale cohort is necessary to

confirm these findings.

2.5.3 Gender effects on T2DM

Currently, some attention has been paid to the gender effect in the development of
several pathologies, including T2DM, with clear differences attributed to gender [289,
290]. Therefore, the different effects of gender on T2DM were also considered in this
study, which to our knowledge has not been previously addressed. Even though there
was no difference in waist and hip circumferences between the two groups, male
subjects with T2DM had a much higher waist/hip ratio. This can be explained by a
prior study that levels of T2DM are greater in middle-aged men than in women [374].
Plasma levels of leptin were higher in female patients, even when normalized by BMI.
This is in accordance with a study performed in the Spanish population where
researchers also observed higher plasma leptin levels in women than in men [375].

Both T2DM women and men included in our study had higher plasma leptin levels
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than the reference value (23.75 ng/mL in women and 6.45 ng/mL in men), suggesting
that they may have leptin resistance [375]. In T2DM, men had higher levels of waste
product urate and creatinine than women, indicating men are more susceptible to
kidney dysfunction. This is in agreement with previous findings in a variety of renal
diseases, where men develop renal failure more quickly than women [376] Regarding
liver physiopathology, T2DM females had higher plasma concentrations of ALP and
higher scores of hepatic steatosis index. This indicated that they had a greater
infiltration of fat in the liver and had a more advanced NAFLD stage than men. This
is also found by Balakrishnan et al that women have a higher risk of advanced fibrosis
than men once NAFLD is established in both sexes, especially after the age of 50
[377].

On the other hand, several differences were evidenced for gut bacteria and fecal
metabolites between T2DM women and men. Thus, the percentage of the class
Clostridia, which we already found decreased in T2DM patients compared to controls,
was markedly lower in T2DM females than in males. Accumulating evidence suggests
that Clostridia are profoundly involved in the maintenance of overall gut function,
particularly in the production of SCFAs [378] that exert beneficial effects on
inflammatory status and insulin sensitivity and regulate related diseases, such as CVD
[379], AD [380] and NAFLD [381]. A significant reduction of Clostridia may impair
gut homeostasis, and this process seems to be increased in women and then the
deleterious process coming from its depletion is enhanced in this gender. Moreover, at
a smaller level, we also found that one order and three species from the class
Clostridia such as Clostridiales, Roseburia faecis, Tindallia magadiensis, and
Peptoniphilus coxii were lower in T2DM females. These results further strengthened
our above observations and provide us with more details about the alterations
produced in the Clostridia class in females. On the contrary, females had a higher
abundance of Bacteroides thetaiotaomicron and Phascolarctobacterium faecium than
males in T2DM. Bacteroides thetaiotaomicron, an opportunistic pathogen, can
produce succinate to facilitate the growth of Phascolarctobacterium faecium [382].

This was proved by our fecal metabolomic result that succinate was found to be
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increased in T2DM females. In addition, Bacteroides thetaiotaomicron treatment in
mice contributes to increased fat deposition and impaired glucose tolerance [383].
These indicated that conditions of T2DM were more severe in females than in males,
probably driven by this bacterium.

The differences in fecal metabolites in T2DM between both genders were in
coherence with the differences detected in gut microbiota. Thus, the fecal metabolite
butyrate was found to reduce prominently in T2DM females, which could be a
consequence of the significant reduction of gut bacteria from Clostridia. Butyrate, an
important SCFA, is believed to play protective roles against obesity and related
metabolic diseases including T2DM and NAFLD [384]. The concentration of fecal
hypoxanthine was also decreased in T2DM females in our study. One previous study
found that the concentration of hypoxanthine in whole blood was higher in T2DM
patients than in controls, suggesting that it may play a role in the development of the
disease [385]. Above metabolomics results confirmed that females with T2DM suffer

from more severe metabolic disorders than males.

Correlation analysis to show the associations between anthropometric and
biochemical parameters, gut bacteria, and fecal metabolites were further examined for
the above explanations. There were only a few significant associations. Therefore, the
fecal metabolite succinate showed a positive relationship with biochemical parameters
leptin and ALP that were shown gender differences. This is in accordance with the
above observations where this metabolite as well as both biochemical parameters was
increased in T2DM females. Both abnormal leptin levels and elevated fecal
metabolite succinate are associated with more pathophysiology in T2DM patients
[386]. On the other hand, the fecal metabolite butyrate was found to be positively
related to serum creatinine concentration. In addition, a negative association was
found between the hepatic steatosis index and Tindallia magadiensis. It is the first
time that this relationship has been described for T2DM; the altering of both variables
corresponds to what was seen in the current study performed in T2DM patients since

Tindallia magadiensis belongs to the bacteria class Clostridia. This indicates again
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that this class is strongly related to the pathogenesis of T2DM. Regarding correlations
between gut bacteria and fecal metabolites, Clostridia and its members (Clostridiales,
Roseburia faecis, and Peptoniphilus coxii) were found to be positively related to the
fecal metabolite hypoxanthine. Similar to what was shown in mice [387], this result
again shows that Clostridia are important in T2DM and that gender influences the
alterations of this type of bacteria. Finally, the species Peptoniphilus coxii was
positively related to fecal butyrate, suggesting that it may help to produce butyrate

[388] and then execute some beneficial effects [384] for male patients.

2.5.4 Limitations

Despite the fact that we have obtained many novel data in the three studies carried out
with these subjects, it is important to take into account that the current studies show
some limitations. In the first place, the number of subjects in this first pilot clinical
trial was very small. On the other hand, it would be interesting to also have a control
group in the age and gender studies but unfortunately, we have no access to old-aged
controls and additionally, we need to take into account the difficulty of these for not
having pathologies. Further, the difference in age between the two T2DM groups is
very small. Therefore, future studies are required to overcome these problems and

obtain more robust results.
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2.6 Conclusions

Our study revealed a close relationship between the alterations in anthropometric
factors, biochemical factors, the fecal metabolome, the plasma metabolome, and gut

bacteria in T2DM patients. In summary, the following conclusions can be reached:

e Our study confirmed that T2DM patients had severe IR, as well as NAFLD,
and increased CVD and kidney risks factors.

e Alterations in gut microbiota composition, rather than in gut microbial
diversity were found in T2DM patients. For example, patients had a lower
abundance of Firmicutes and a lower ratio of Firmicutes/Bacteroidetes than
controls, with a higher abundance of Proteobacteria. At a smaller level, a
lower abundance of Faecalibacterium prausnitzii and a higher abundance of
Escherichia were found in patients.

e Alterations were also found in fecal and plasma metabolites in T2DM patients,
such as fecal 2-hydroxyvalerate, malonate, and plasma lipoprotein LDL,
phosphorylcholine, and acetoacetate, as well as the ratio of plasma
glutamine/glutamate.

e All above significantly altered fecal and plasma metabolites showed
significant correlations with IR and CV risk factors. However, no bacteria
were found to be significantly correlated with systemic IR indices.

e Multivariate regression analysis showed HbAlc and plasma insulin levels had
a significant association with gut microbial profiles as well as fecal and
plasma metabolic profiles.

e Age and gender need to be taken into account in the management of T2DM. In
our study, age and gender generated significant differences in the gut
microbiota composition and fecal metabolites, instead of plasma metabolites.
In age effects, gut bacteria from Chromatiales, and fecal metabolites
B-hydroxybutyrate, methylsuccinate and lysine should be considered in future
studies. On the other hand, in gender effects, bacteria from Clostridia and
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species Bacteroides thetaiotaomicron, as well as fecal butyrate, succinate and

hypoxanthine, were found to play important roles.
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3.1 Introduction

In this chapter, we studied the effect of the gut microbiota as well as plasma and fecal
metabolomics on the liver, heart, skeletal, and brain IR. However, the basic functions
of some insulin-targeted tissues or organs and their roles in maintaining glucose
homeostasis have been introduced in chapter 1 as well as the causes of this specific IR.
Despite this, no more studies have been addressed to study the role of
tissue/organ-specific IR due to the difficulties of its measurement. This can only be
performed in vitro thought the use of tissue/organ biopsies for molecular biology
studies or in vivo using dynamics (SPECT or PET) or static radioactive techniques
(PET) where our group has established a new method as been mentioned in the
chapter 1 [144, 145]. The use of biopsies, apart from being a highly invasive and
unethical technique to measure the IR of a tissue or organ, only provides us with
information on a part of the mentioned tissue and/or organ that may not be
representative and therefore we may fall into errors. Instead, the in vivo radioactive
techniques solve all these problems using two static **F-FDG PET/CT assessments,
one in baseline and another after an HEC procedure that is a complex procedure for
their clinical daily use, even in clinical trials. This allowed us to determine the insulin
sensitivity of organs and tissues in patients with T2DM accurately, as well as to learn
more about the relationship between the gut microbiota and fecal metabolomics in this
pathophysiology, as well as the relationship of all these variables with the plasma

metabolomics.

T2DM is a global health threat and has received much attention. However, many
different complications, particularly in different organs and tissues, have been
reported in people with T2DM related to systemic IR due to the above-mentioned
difficulties. Then IR is an independent risk factor for comorbidities in T2DM such as
heart failure, sarcopenia, dementia, or hepatic pathologies [37, 70, 132, 286].

However, it is well known that sometimes tissue/organ-specific IR is different from
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systemic indexes of IR [389]. This is tricky and difficult for the researcher to deal
with. Then, studies are being carried out to study tissue/organ-specific IR mainly in
animals and in animals through knock-out animal models (knocking out insulin
receptors in adipose tissue) [390] and some, like the case of our research group, even
in patients. However, to the best of our knowledge, there are few studies linking the
effects of gut microbiota and its associated metabolomic profile with
tissue/organ-specific IR. Therefore, the roles of gut microbiota and metabolites in

tissue/organ-specific insulin resistance will be introduced below.

3.1.1 Roles of gut microbiota in tissue/organ-specific insulin

resistance

As we have introduced previously in Section 1.2.2.1, changes in gut microbiota have
been described in T2DM and some related complications, indicating that the gut
microbiota plays key roles in these pathologies that usually have been characterized
by the presence of IR [168, 178, 185, 240, 351]. Therefore, a link between gut
microbiota and IR has been suggested in several studies [167, 170, 240, 391].
Imbalanced gut microbiota appears to interfere with intestinal permeability and
increase lipopolysaccharide (LPS) absorption [167], which induces a chronic
subclinical inflammatory process and leads to IR via activation of Toll-like receptor 4
(TLR4) [167, 391]. Furthermore, a decrease in some specific gut bacteria such as
Faecalibacterium prausnitzii and Roseburia intestinalis altered in T2DM causes a
decrease in circulating SCFAs [168], which may also contribute to decreased insulin
sensitivity. In addition, some specific gut bacteria have also been reported to have
associations with HOMA-IR [392], a systemic IR index. However, up to now, rare
studies have investigated whether tissue-specific IR is related to specific gut bacteria.
In this study, for the first time, we are going to study the effect of the altered gut
microbiota in specific IR on the liver, brain, heart, and skeletal muscle in T2DM

patients.
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3.1.2 Roles of metabolites in tissue/organ-specific insulin

resistance

Several studies have described the metabolic changes in tissue/organ-specific IR in
animal models, and have elucidated the relationships between some metabolites and
specific IR in humans. For example, a study performed in muscle- and liver-specific
IR mouse models indicated that concentrations of intracellular long-chain fatty acyl
CoA, ceramide, and diacylglycerol were significantly increased in the skeletal muscle
of the mice and they associated it with muscle-IR. In addition, the authors found that
concentrations of intracellular long-chain fatty acyl CoA were significantly increased
in the liver of the liver-IR of these mice [393]. On the other hand, a plasma lipidomics
study in overweight/obese non-diabetic patients revealed that skeletal muscle insulin
sensitivity was associated with higher plasma lysophosphatidylcholine concentrations,
and hepatic IR with higher plasma triacylglycerol (TAG) and diacylglycerol
concentrations and a lower abundance of odd-chain and very-long-chain TAG in
women [394]. An NMR-based metabolomics study in obese patients showed that both
liver and muscle IR was associated with elevated branched-chain amino acids, lactate
and triglycerides, and lower glycine levels [395]. In addition, they found that only
liver IR was associated with lower ketone body levels and elevated ketogenic amino
acids, which suggested decreased ketogenesis.

However, in most studies performed on patients, tissue-specific IR was measured by

surrogate indices based on fasting biochemical analysis and OGTT test [395, 396].
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3.2 Hypothesis and Objectives

We hypothesize that some different gut bacteria, as well as fecal and plasma
metabolites, are related to specific IR of different organs and tissues in T2DM patients
and risk factors of comorbidities associated with T2DM. These differences can
provide important key information to explain and deepen pathological events in
patients. Furthermore, the alterations shown in this pilot clinical trial could be used as

prognostic biomarkers, after confirmation by further studies.

Specifically, this chapter has the following aims:

1) To identify specifically altered gut bacteria as well as specific fecal and plasma
metabolites in the tissue/organ of stratified patients for liver-or-myocardial IR and
IS phenotypes, based on PET/CT imaging data of glucose uptake after HEC

2) To assess the association of significant imaging variables (used to determine
tissue/organ-specific IR (PET) or structural alterations (CT)) from the liver, heart,
skeletal muscle, and brain) with gut microbiota, metabolomics, biochemical and
anthropometrical parameters.

3) To identify some specific gut bacteria related to plasma GLP-1, as well as fecal
and plasma metabolites

4) To determine the differences caused by gender and age in the objectives of points

1) and 2).
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3.3 Materials and methods

3.3.1 Subjects

As described in chapter 1, forty-six T2DM patients were recruited from the Outpatient
Department of the Endocrinology Service Vall d’Hebron University Hospital
(Barcelona, Spain), who had been diagnosed at least 5 years. The criteria of patients
have also been described in chapter 1. All participants were informed before the

studies and the consent documents were obtained.

All patients received an ®F-FDG PET/CT scan at baseline and after HEC respectively,
the procedures of which are introduced below. Specific tissue IS was determined by
measuring the increment in *F-FDG uptake after HEC. After HEC, seventeen patients
indicated a striking enhancement of myocardial **F-FDG uptake and twenty-five a
marginal increase, thus revealing myocardial IS (mIS) and IR (mIR) respectively

[390]

On the other hand, after HEC, thirteen patients exhibited an increase in liver **F-FDG
uptake and twenty-eight a reverse decrease, indicating liver IR (L-IR) and IS (L-1S),
respectively. It is age-and-gender matched between patients with mIS and mIR, and

between patients with L-IS and L-IR.

Despite the fact that the myocardium and the liver showed these two phenotypes in
T2DM patients, brain and skeletal muscle did not show any using the brain PET data
or difference of *®F-FDG uptake in skeletal muscle. Thus, all patients (n=46) were
included for just correlation analysis between IS in these tissues and sequencing and
metabolomics data. On the other hand, the statistical analysis was only performed to
obtain the alteration between two groups for both liver and myocardial phenotypes

due to the absence of a healthy control group.
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3.3.2 Methods referred to in Chapter 1

Biochemical and anthropometric measurement, fecal sample collection and extraction,
sequencing and metabolomics, HEC clamp as well as statistical analysis are referred

to in sections 2.3.2 to 2.3.9.

3.3.3 Positron emission tomography/computed tomography

3.3.3.1 PET/CT scanning

Two '®F-FDG PET/CT scans were performed for each T2DM patient in a random
order within 2 days. Before each PET/CT scan, patients stopped the uptake of any
medications for 24 hours and fasted at least for 8 hours. A dose of 1.9 MBq/kg of
BF_FDG was intravenously (iv) administered to the patients before each scan session.
A 12-min whole-body PET/CT scan (initial scan) followed by a 6-min cardiac PET
scan (initial scan) was performed for 60 minutes after iv administration of 18F-FDG
in the patients. The second injection of *F-FDG was performed at least 1.5 hours
after starting the HEC procedure and only when the concentration of three
consecutive plasma glucose levels (5 min intervals) was in the range of 100 *+ 15
mg/dL. HEC was maintained for 60 min after the *®F-FDG injection and then was
stopped. Patients were then again scanned (HEC scan) in the same conditions as the
baseline scan. Insulin sensitivity (IS) of each tissue or organ was determined as the
difference in standardized uptake value (ASUV) of *®F-FDG between the HEC and

baseline scans.

3.3.3.2 PET/CT acquisition

PET/CT imaging was acquired in a Biograph mCT 64S scanner (Siemens Healthcare,
Erlangen, Germany). Coronary synchronized CT Calcium Scoring acquisition was

performed before the PET scan with the following acquisition parameters: tube
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voltage = 80 kV, pitch = 0.9 pixel, spacing = 0.7168 mm isotropic, tube current = 126
mA, exposure time = 0.5 second, image matrix size = 512 %512 and slice thickness =
0.6 mm.

Imaging data were reconstructed with 3 iterations and 21 subsets and Gaussian
filtering (order 3), with attenuation, scatter and point spread function corrections, and
also with the application of time of flight methods. For the whole body, pixel spacing
was 2.03642 x2.03642 mm, and matrix size was 200 %200 with a slice thickness of 3
mm. For the cardiac bed, Gaussian filtering (order 3) with 3 iterations and 21 subsets,
all corrections, ZOOM value 2 were used, and pixel spacing was 1.59095 x 1.59095

mm and matrix size was 256 %256 with a slice thickness of 2.027 mm.

3.3.3.3 PET/CT imaging data processing and analysis

PET images in DICOM format were first normalized for body weight and injected
dose, by using the PET DICOM Extension available in 3D Slicer software [397, 398].
After normalization, the PET images and corresponding CT images were cropped to
contain only the heart and neighboring ascending and descending aorta and saved in
NIfTI format. Then, image processing and analysis were performed with the Carimas
software (version 2.9, Turku, Finland Proper, Finland). Initially, the myocardium of
the normalized HEC scan images was automatically segmented by using Carimas’s
automatic segmentation tool, followed by a manual adjustment when necessary, while
taking into consideration the anatomical information from the co-registered CT
images. The protocol of the cardiac segmentation was evaluated and approved by
radiologists from Nuclear Medicine Department, which specialized in cardiac imaging.
Once the myocardium was segmented, total SUVbw (standardized uptake value
normalized by body weight) values were obtained. For liver and skeletal muscle, the
analysis of DICOM formats was performed similarly to the heart but using the 3D
Slicer software [397, 398] without cropping the images. CT images were used for
segmentation and the PET images were used to obtain the *F-FDG uptake. Similar to

the myocardium, segmentations were confirmed by radiologists from Nuclear
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Medicine Department, who specialized in the liver and skeletal muscle imaging

respectively to obtain the SUVbw values for further analysis.

CT Calcium Scoring was determined using a semi-automatic methodology by
syngo.via cardiac CT software (version 5.01, Siemens Healthineers, Erlangen,
Germany). Patients were classified as low or moderate cardiovascular risk (<400 AU)
or high risk (>400 AU) based on their Agatston units (AU). Differences in frequency
between groups were analyzed by Fisher's exact test. The radiodensity of the
myocardium, skeletal muscle, and liver was obtained after the tissue/organ
segmentation of the CT image using the CT Calcium Scoring images in DICOM

format with the 3D Slicer.

Epicardial adipose tissue (EAT) was characterized by using a 3D Slicer from
non-contrast CT images. Radiodensity values between -250 and -30 Hounsfield units
(HU) were considered as EAT, as previously described [399]. EAT volume,

radiodensity and thickness values were quantified and included in comparisons.

Brain analysis was done by voxel-based mapping analysis of PET images using the
SPMB8 software (https://www.fil.ion.ucl.ac.uk/spm/software/spm8/) running on Matlab
for Windows (version 7.7, MathWorks, USA). Spatially normalized glucose
metabolism images were smoothed with a 12-mm full-width Gaussian kernel at
half-maximum. SPM was used to compare data between the baseline scan and the
HEC scan. Significant responses were identified where voxel level p-value<0.001 and
cluster size>100 voxels. Voxel values of significant clusters in each patient were

quantified and included in comparisons.
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3.4 Results

3.4.1 Myocardial insulin resistance

In our group, we have determined two T2DM patient phenotypes in terms of
myocardial IR according to their myocardial **F-FDG uptake after HEC [389]. Thus,
patients were stratified into two groups, myocardial IR (mIR) and myocardial 1S
(mlIS), depending on whether they had a significant increase in FDG uptake or not
after the HEC procedure. As shown in Figure 3.1, after the HEC scan, mIS patients
had a striking enhancement of '®F-FDG uptake (p<0.001), while mIR patients had
small or no F-FDG uptake. In addition, myocardial radiodensity (mRD) was
significantly increased in the mIR group (p<0.05). Therefore, our myocardial analyses
were performed using both cohorts separately to show the alteration of GM and
plasma and fecal metabolomics between both cohorts to establish possible metabolites
or GM altered with the myocardial IR. Subsequently, we studied the associations of
any metabolites or gut bacteria with myocardial insulin resistance using all patients
from both cohorts in the same analysis to have a broad spectrum of patients with

myocardial IR.

A Myocardium B Myocardium
15 *kk 75
*
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@ 25
5 mIS mIR 0 mlIS mIR

Figure 3.1 PET and CT imaging data analyses for the myocardium. A) Differences in standardized
uptake value (ASUV) in the myocardium. B) Radiodensity (RD) of the myocardium. * and ***
indicated p<0.05, and p<0.001, respectively. HU, Hounsfield units.
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3.4.1.1 Anthropometric and biochemical parameters

As described above, according to myocardial *F-FDG uptake, seventeen T2DM
patients (8 males / 9 females) were classified into the mIS group, and twenty-five
patients (13 males / 12 females) were classified into the mIR group.

A comparative anthropometric and biochemical analysis was conducted between mIS
and mIR patients, as summarized in Table 3.1. Patients were matched by gender and
age and all anthropometric parameters, including the waist/hip ratio and BMI, did not
show a significant difference between both cohorts. Compared with mIR patients,
mIS patients had significantly higher whole-body insulin sensitivity (1S¢iamp) (p<0.01),
measured during HEC. Without being statistically significant, the systemic insulin
sensitivity index QUICKI (p=0.090) showed a tendency to increase in patients with
mIS while the insulin resistance index HOMA-IR (p=0.089) tended to decrease.
Furthermore, the ratio of total cholesterol/HDL and the plasma concentration of total
protein and albumin were prominently higher (p<0.05) in mIR patients. The
concentration of calcium and chloride (two of the major blood electrolytes) was
markedly elevated and decreased (p<0.05) respectively, in mIR subjects. Moreover,
mIR patients tended to have higher levels of interleukin 6 (IL-6) (p=0.052), an
inflammatory cytokine. Additionally, higher levels of liver enzymes AST, ALT, and
GGT were observed in mIR patients (p<0.01). On the other hand, the NAFLD liver
fat score and liver fat content were raised significantly (p<0.05) in patients with mIR.
Finally, liver fibrosis index FIB-4 and the concentration of hyaluronic acid were
increased (p<0.05) in mIR patients.

In summary, most biochemical indicators for T2DM complications, mainly related to

liver pathology, were increased in the mIR group.

Table 3.1 Anthropometric and biochemical parameters of mIS and mIR patients.

mlS mIR
Number 17 25
Male/Female 8/9 13/12
Age 67.12 +£2.03 65.08 +£1.28
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Waist/hip ratio 0.98 (0.95-1.06) 0.97 (0.92-1.04)
BMI (kg/m?) 31.62 +1.12 31.59 +0.70
Glucose (mg/dL) 122.41 +7.96 130.40 +£6.73
HbAlc (%) 6.96 +0.15 7.30 +0.18

Insulin (mU/L) 15.12 (9.31-19.24) 17.84 (11.51-33.85)
HOMA-IR 3.88(3.19-5.28) 5.67 (3.68-10.36) $
QUICKI 0.31(0.30-0.32) 0.30(0.28-0.32) $
ISciamp [M@/(kg Min)] 1.84 +£0.15 1.34 +£0.09 **

TyG index 8.72 £0.14 9.03+0.10 %

Total GLP-1 (ng/mL) 1.42 £0.27 1.42 £0.16

Total cholesterol/HDL ratio 3.50 £0.20 414 +0.22 *

Total protein (g/dL) 6.80 (6.55-7.05) 7.20 (6.85-7.55) *
Albumin (g/dL) 4.1 (3.9-4.3) 4.4 (4.1-4.5)*
Interleukin-6 (pg/mL) 1.87 (1.50-3.70) 3.01(1.81-5.89) $
Calcium (mg/dL) 9.3(9.1-9.6) 9.7 (9.4-9.8) *
Chloride (mmol/L) 105 (103-109) 103 (102-105) *
AST (IU/L) 21.0 (17.0-23.5) 30.0 (22.0-44.0) **
ALT (IU/L) 17.0 (14.5-21.0) 29.0 (17.5-39.5) **
ALP (1U/L) 81.47 +7.87 74.76 +4.67

GGT (IU/L) 19.0 (13.5-28.0) 29.0 (23.0-51.5) **
AST/ALT ratio 1.14 (0.91-1.34) 1.07 (0.85-1.38)
NAFLD liver fat score 1.05 (0.47-1.75) 2.36 (1.04-4.44) *
Liver fat content (%0) 8.32 (6.83-9.00) 13.07 (8.33-15.83) *
Fatty liver index 70.84 (46.29-89.27) 78.13 (61.01-92.89)
Hepatic steatosis index 40.90 (36.58-48.42) 41.71 (38.91-46.27)
FIB-4 1.18 (0.82-1.53) 1.73 (1.03-2.88) *
NAFLD fibrosis score —0.44 £0.29 0.27 £0.31

ELF 9.07 +0.14 9.48 £0.17
TIMP-1 (ng/mL) 253.9 (230.9-290.0) 299.3 (219.8-335.2)
PIHINP (ng/mL) 7.82 (5.88-9.23) 6.57 (5.72-9.65)
Hyaluronic acid (ng/mL) 37.07 (27.49-46.97) 66.60 (32.25-98.20) *

BMI, body mass index; HbAlc, hemoglobin Alc; 1S¢amp, insulin sensitivity measured during the HEC
clamp; HOMA-IR, homeostasis model assessment of insulin resistance; QUICKI, quantitative insulin
sensitivity check index; TyG index, triglyceride-glucose index; GLP-1, glucagon-like peptide 1; HDL,
high-density lipoprotein  cholesterol; GGT, gamma-glutamyl transferase; AST, aspartate
aminotransferase; ALT, alanine aminotransferase; ALP, alkaline phosphatase; NAFLD; non-alcoholic
fatty liver disease; FIB-4, liver fibrosis index 4; ELF, enhanced liver fibrosis; TIMP-1, tissue inhibitor
of metalloproteinase 1; PIIINP, aminoterminal propeptide of type 111 procollagen. *, p<0.05; **, p<0.01;
$, 0.05<p<0.1.
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3.4.1.2 Liver fibrosis measured by transient elastography

Continued with the biochemical analysis, the degree of hepatic fibrosis of patients
was measured by FibroScan. As depicted in Figure 3.2, the results showed the LSM

value was higher in mIR than in mIS (p<0.05).
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Figure 3.2 Liver fibrosis measurement in mIS and mIR groups. * indicated p<0.05. LSM, liver
stiffness measurement; kPa, kilopascal.

3.4.1.3 Gut microbiota analyses between mIS and mIR

3.4.1.3.1 Gut microbiota composition and diversity analysis

Gut microbiota sequence data were analyzed for the mIS and mIR groups, as
displayed in Supplementary Figure 3.1 in Annex. The number of total sequence
reads and filtered reads showed no difference between both cohorts of T2DM patients.
In alpha diversity analysis, Faith’s phylogenetic diversity index decreased apparently
in the mIR group (p<0.05), as well as the number of observed features (p=0.075).

The relative abundance of major gut bacteria at the phylum and family level of both
patient groups are shown in Supplementary Figure 3.2 in Annex. The same kinds of
bacteria were found in mIS and mIR, nevertheless, some differences in their average
abundance could be detected. Compared with the mIS group, the percentage of
Bacteroidetes, Proteobacteria, and Verrucomicrobia at the phylum level was elevated

in the mIR group, while Firmicutes, Actinobacteria, and Fusobacteria were reduced.
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At the family level, the proportion of Bacteroidaceae, Enterobacteriaceae,
Veillonellaceae, Verrucomicrobiaceae, and Streptococcaceae increased in the mIR
group, while Ruminococcaceae, Lachnospiraceae, Bifidobacteriaceae, and

Fusobacteriaceae decreased.

3.4.1.3.2 Identification of the most relevant alterations in gut

microbiota between mIS and mIR

In order to analyze the differences in gut microbiota, multivariate analyses were
conducted between mIS and mIR groups. Although no clear separation was observed
in the PCA plot (Figure 3.3A), a robust PLS-DA model was established by all

significant gut bacteria, as depicted in Figure 3.3B.
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Figure 3.3 Most relevant gut bacteria differing between patients with mIS and mIR. A) showed
the PCA score plot of significant gut bacteria, and the parameters of the PCA model were: UV scaling,
R2X(cum)= 0.501, Q2(cum)= 0.008. B) depicted the PLS-DA score plot of significant gut bacteria, and

131



Chapter 2

the parameters of the model were: UV scaling, R2Y (cum)= 0.632, Q2(cum)= 0.272. Permutation test:
R2=(0.0, 0.295), Q2=(0.0, -0.234), p from CV-Anova = 0.074. C) displayed relative abundance of the
most relevant gut bacteria with VIP value >1 and significant p-value from Mann-Whitney test <0.05.
Data were shown as the median and interquartile range in all bar plots. * and ** indicated p<0.05 and
p<0.01 respectively. A.U., arbitrary units.

Based on the PLS-DA model, the most important gut bacteria were obtained by VIP
value >1 and submitted to univariate analysis, as shown in Figure 3.3C. Thus, the
abundance of order Thermicanales, family Thermicanaceae, genera Thermicanus,
Caloramator, and Desulfosporosinus, and species Coprobacillus cateniformis was
prominently reduced in the mIR group (p<0.05), while species Eubacterium

callanderi was raised (p<0.01).

3.4.1.3.3 Multivariate regression analysis of gut microbiota with

biochemical variables

To complete the analysis, multivariate linear regression (PLS) was conducted between
the gut bacterial profile and all significant biochemical variables between mIR and

mIS cohorts (Table 3.1). No valid models were obtained in any case.

3.4.1.4 Fecal metabolomics analysis between mIS and mIR patients

with T2DM

3.4.1.4.1 ldentification of the most relevant fecal metabolites

The fecal metabolome of the mIS and the mIR groups was determined by *H-NMR
spectroscopy, as described in the Materials and Methods section. Then, PCA analysis
was performed to establish possible differences between both groups, This analysis
showed a slight separation between both groups (Figure 3.4A), nevertheless, no
discriminant models could be obtained for the separation of mIS and mIR. Therefore,
data were only analyzed by univariate analysis using Mann-Whitney non-parametric

test. Interestingly, several fecal metabolites were reduced (p<0.05) in mIR patients,
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including the sugars arabinose, p-galactose, and ribose, and the amino acids aspartate

and histidine, and lactate (Figure 3.4B).

A B lactate arabinose
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Figure 3.4 Fecal metabolites that are significantly altered between mIS and mIR cohorts. A)
showed the PCA score plot of fecal metabolomics data, and the parameters of the PCA model were: UV
scaling, R2X(cum)= 0.674, Q2(cum)= 0.306. B) displayed normalized concentrations of significant
fecal metabolites indicating significance from univariate analysis p<0.05. Data were shown as the
median and interquartile range in all bar plots. * and ** indicated p<0.05 and p<0.01 respectively. A.U.,
arbitrary units.

3.4.1.4.2 Multivariate regression analysis of fecal metabolomics with
biochemical variables

Multivariate linear regression analysis was conducted for fecal metabolomics and all
significant biochemical variables between the mIS and mIR groups of T2DM patients

(Table 3.1). Only one weak PLS model was obtained, for the correlation with the

hepatic enzyme GGT, as displayed in Supplementary Figure 3.3 in Annex.

3.4.1.5 Plasma metabolomics analyses between mIS and mIR

3.4.1.5.1 Identification of the most relevant plasma metabolites

The plasma metabolome of mIS and mIR patients was obtained by 'H-NMR

spectroscopy, as described in the Materials and Methods section. In order to reduce
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the dimensionality of the database and capture the most important variables, PCA and

PLS-DA analyses were carried out with the plasma metabolites.
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Figure 3.5 Relevant plasma metabolites that were different between mIS and mIR groups. A)
showed the score plot of the PCA model of plasma metabolic profiles, and the parameters of the model
were: UV scaling, R2X(cum)= 0.874, Q2(cum)= 0.567. B) displayed the score plot of the PLS-DA
model of plasma metabolic profiles, and the parameters of the model: UV scaling, R2Y (cum)= 0.57,
Q2(cum)= 0.218. Permutation test: R2=(0.0, 0.318), Q2=(0.0, -0.245), p from CV-Anova = 0.153. C)
depicted normalized concentrations of the most relevant plasma metabolites with VIP value >1 and
p-value from the Mann-Whitney test <0.05. * and ** indicated p<0.05 and p<0.01, respectively. A.U.,
arbitrary units.

As exhibited in Figure 3.5, a partial separation between groups was observed in the
PCA model, and a moderate PLS-DA model separating the mIS and mIR groups was
obtained. The most important metabolites in the separation were selected by VIP
value >1 of the PLS-DA model and a significant p-value in the following univariate
analysis shown in Figure 3.5C. As a result, lower levels (p<0.05) of six plasma
metabolites including creatinine, myo-inositol, threonine, B-galactose, glycerol, and
choline, and a pretty higher level (p<0.01) of VLDL(CHs) were found in mIR

patients.
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3.4.1.5.2 Multivariate regression analysis of plasma metabolomics

with biochemical variables

Regression analysis was also performed to determine the relationship between the
plasma metabolomic profiles and all significant biochemical parameters between mIR
and mIS cohorts (Table 3.1). Nevertheless, as a result, only one weak PLS model
could be obtained with the correlation of plasma albumin, as depicted in

Supplementary Figure 3.4 in Annex.

3.4.1.6 Associations between gut microbiota, metabolomics,
myocardial IR (obtained by PET), myocardial structural changes
(obtained by CT image), liver stiffness measurements, and

biochemical parameters that differ between mIS and mIR groups

The association of all the altered variables between the mIS and mIR groups was
obtained in the section. Thus, it is intended to find the relationship between
biochemical alterations, myocardial IR, and structural affectation with the intestinal
microbiota and plasmatic and fecal metabolites, as well as the association between
biota and metabolomics. This study was conducted using all T2DM patients together

to have a broad spectrum of variables for association studies.

3.4.1.6.1 Relationships of gut microbiota and metabolomics with

biochemical variables

Although no general correlation between bacterial and metabolomic profiles with
significant biochemical parameters could be established, we found some relevant

individual relationships as shown in Figure 3.6A.

135



Chapter 2

Total cholesterol/HDL
Hyaluronic acid
NAFLD liver fat score
Liver fat content
Thermicanaceae
Thermicanus
Caloramator
Desulfosporosinus
Coprobacillus cateniformis
Eubacterium callanderi
- Faith’s phylogenetic diversity index

173
<
[}
=
[+
L
£
=
7]
ey
=

ISclamp
Chloride
Protein
Albumin
Calcium
FIB-4

AST
ALT
GGT

lactate
arabinose
ribose
poalactose
aspartate
histidine

0.4

0.2

i

choline
glycerol
creatinine
myo-inositol
threonine
B-galactose
VLDL(CH3)

0.2

o

-0.2

Thermicanales

Thermicanaceae

Thermicanus

Caloramator

Desulfosporosinus

Coprobacillus cateniformis

Faith’s phylogenetic diversity index
Eubacterium callanderi

o

uii

Figure 3.6 Spearman correlation analyses between gut microbiota, metabolomics, and
biochemical parameters in the mIS and mIR groups. A) Correlations of significant biochemical
parameters with significant fecal metabolites (upper), the most relevant plasma metabolites (middle),
and gut bacteria and alpha diversity index (lower). B) Correlations of the most relevant gut bacteria and
alpha diversity index with significant fecal (upper) and plasma metabolites (lower). No significant
correlations were found between significant fecal and plasma metabolites. IS¢amp, insulin sensitivity
measured during the HEC clamp; HDL, high-density lipoprotein cholesterol; GGT, gamma-glutamyl
transferase; AST, aspartate aminotransferase; ALT, alanine aminotransferase; NAFLD; non-alcoholic
fatty liver disease; FIB-4, liver fibrosis index 4. *, ** and *** indicated p<0.05, p<0.01 and p<0.001,
respectively.

For fecal metabolites, 1S¢amp Was positively related to -galactose (p<0.05), while the
hepatic enzymes AST and ALT were negatively related to ribose (p<0.05).
Furthermore, ALT also showed negative associations with -galactose, aspartate, and
histidine (p<0.05). Biochemical variables total protein and albumin correlated

negatively with fecal aspartate (p<0.05).
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Regarding the plasma metabolites, no significant correlation was obtained for 1S¢jamp.
However, plasma VLDL(CHz3) was positively linked with total cholesterol/HDL, GGT,
hyaluronic acid, NAFLD liver fat score, and liver fat content, and inversely related
with chloride (p<0.05). On the contrary, choline was negatively related to some of the
previously mentioned variables. In addition, negative relationships between total
protein and albumin with plasma myo-inositol and threonine were proved (p<0.05).

For the most relevant gut bacteria, two genera Caloramator and Desulfosporosinus
were positively associated with 1S¢amp While inversely to liver enzymes AST, ALT,
and GGT (p<0.05). In particular, Desulfosporosinus was also negatively correlated
with all significant markers of liver physiology (p<0.05). Regarding, Thermicanales
taxa, including Thermicanaceae and Thermicanus, were negatively associated with all
hepatic enzymes, total proteins, albumin, and calcium (p<0.05). However,

Eubacterium callanderi was positively linked with plasma calcium (p<0.05).

3.4.1.6.2 Relationships of gut microbiota with metabolomics in mIS

and mIR

We further wanted to know if we could identify any specific correlations between gut
bacteria and feces/plasma metabolites. As depicted in Figure 3.6B, only significant
positive correlations were found between gut bacteria and fecal metabolites, while
only one negative correlation was found between gut bacteria and plasma metabolites.
Thus, fecal lactate and ribose were related to Thermicanales taxa, Caloramator, and
Desulfosporosinus (p<0.05). Further, the genus Caloramator was associated with
fecal histidine (p<0.05). On the other hand, Eubacterium callanderi showed a
pronounced association with plasmatic choline (p<0.01).

Faith’s phylogenetic diversity index, as mentioned above, revealed a significant
difference between mIS and mIR cohorts of T2DM patients. It was found to be
significantly associated only with fecal metabolites, as indicated in Figure 3.6B,
where Faith’s phylogenetic diversity index showed positive associations with ribose,

and histidine (p<0.01).
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3.4.1.6.3 Relationships of myocardial IR (obtained by PET),
myocardial structural changes (obtained by CT image), liver stiffness
measurements, biochemical parameters, gut microbiota and

metabolomics in mIS and mIR

After a comparison of the imaging data between the mIS and the mIR groups, we
further wanted to establish their relationships with other significant variables. We
found some marked correlations between imaging variables and biochemical
parameters, depicted in Figure 3.7A. Myocardial ASUV had a positive correlation
with 1S¢iamp and serum chloride but had a negative correlation with hepatic markers
total cholesterol/HDL ratio, AST, ALT, GGT, NAFLD liver fat score, and liver fat
content and total protein (p<0.05). CT imaging variable mRD was negatively
associated with 1S¢amp, While positively with total cholesterol/HDL ratio, and liver fat
content (p<0.05). Moreover, LSM values were positively related to GGT and liver fat
content (p<0.05).

There were also some significant associations between imaging variables and fecal
metabolites, as delineated in Figure 3.7B. Myocardial ASUV showed a positive
association with the most significant fecal metabolites, including arabinose,
B-galactose, ribose, aspartate, and histidine (p<0.05). Myocardial radiodensity (mRD)
was negatively related to fecal ribose, as well as LSM values with B-galactose
(p<0.05).

Furthermore, some significant correlations were also found between plasma
metabolites and imaging variables (Figure 3.7C). ASUV in the myocardium was
positively associated with plasma choline and B-galactose while inversely with
VLDL(CHs;) (p<0.05). And mRD and LSM values had a negative association with
plasma B-galactose (p<0.05). On the contrary, LSM values were shown a positive

association with VLDL(CHj3) (p<0.05)
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Figure 3.7 Spearman correlation analyses of significant imaging variables and LSM value with
metabolomic, bacterial, and biochemical parameters in mIS and mIR groups. Correlations of
myocardial ASUV, mRD, and LSM value with A) altered biochemical parameters, B) gut bacteria and
alpha diversity index, C) fecal metabolites, and D) plasma metabolites in mIR and mIS cohorts. 1S¢jamp,
insulin sensitivity measured during the HEC clamp; HDL, high-density lipoprotein cholesterol; GGT,
gamma-glutamyl transferase; AST, aspartate aminotransferase; ALT, alanine aminotransferase; NAFLD;
non-alcoholic fatty liver disease; FIB-4, liver fibrosis index 4; ASUV, differences in standardized
uptake value; mRD, myocardial radiodensity; and LSM, liver stiffness measurement. *, ** and ***
indicated p<0.05, p<0.01 and p<0.001, respectively.

Furthermore, the correlations between gut bacteria and imaging variables were
studied as well, as depicted in Figure 3.7D. Myocardial ASUV indicated a positive
connection to the genera Caloramator, Desulfosporosinus, and species Coprobacillus
cateniformis, but presented an inverse connection to the species Eubacterium
callanderi (p<0.01). And mRD presented negative associations with Caloramator and
Desulfosporosinus  (p<0.05). LSM values were negatively associated with

Thermicanales taxa, and Desulfosporosinus (p<0.05)
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3.4.2 Liver insulin resistance

Aside from the two phenotypes related to the myocardium discovered in our research
group, two phenotypes related to the liver were also discovered, such as liver insulin
resistance (L-IR) and liver insulin sensitivity (L-1S), which were discovered when
considering *®F-FDG uptake in the liver by PET. L-1S was characterized by a decrease
in FDG uptake after HEC, while L-IR by an increase in FDG uptake, as shown in
Figure 3.8. Therefore, they had a dramatic difference in ASUV. However, the liver

radiodensity did not have any difference between the two groups.

A Liver B Liver
0.89 * %k K 801
o0 == _ 60-
O 5
> < 40-
< a
_0.8— e
20
16— 0+
S S
N \/,\@ WY \/,\@

Figure 3.8 PET and CT imaging data analyses for the liver. A) Differences in standardized uptake
value (ASUV) in the liver. B) Radiodensity (RD) of the liver. ¥** indicated p<0.001. HU, Hounsfield
units.

3.4.2.1 Anthropometric and biochemical parameters of T2DM

patients

A comparison of the major anthropometric and biochemical parameters of L-IS and
L-IR patients is summarized in Table 3.2. Patients were gender and age matches, and
the anthropometric parameters including the BMI and waist/hip ratio showed no
statistical difference between L-IS and L-IR phenotypes. IS¢amp Was higher in the
L-1S group than in the L-IR group (p<0.05), although no evident difference in glucose,
insulin, and HbAlc and HOMA-IR and QUICKI indices were found between both

groups. However, the plasma concentration of GLP-1 tended to be increased in L-IR
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patients, without reaching statistical significance (p=0.091). Furthermore, total
bilirubin concentration increased markedly in L-IR patients (p<0.05), as well as the
conjugated bilirubin showed a trend to increase (p=0.056). In terms of liver enzymes,
only GGT was elevated prominently in L-IR (p<0.05). Regarding the ELF score and
the concentration of hyaluronic acid, they also were increased in patients with L-IR

(p<0.05). On the contrary, chloride was decreased in L-IR patients (p<0.05).

Table 3.2 Anthropometric and biochemical information between L-1S and L-IR.

L-IS L-IR
Number 28 13
Male/Female 14/14 6/7
Age 66.50 +1.38 65.62 +1.82
Waist/hip ratio 0.97 (0.95-1.06) 0.98 (0.90-1.02)
BMI (kg/m?) 30.57 (28.59-35.73) 30.69 (28.49-34.35)
Glucose (mg/dL) 126.9 6.2 126.5 +10.1
HbALc (%) 7.01 +0.14 7.39 £0.26
Insulin (mU/L) 16.75 (9.92-23.69) 17.56 (11.60-42.77)
HOMA-IR 4.76 (3.08-7.20) 5.37 (3.83-12.98)
QUICKI 0.304 +0.007 0.299 +0.011
ISciamp [MY/(Kg Min)] 1.66 £0.11 1.26 +£0.11 *

Total GLP-1 (ng/mL)
Interleukin-6 (pg/mL)
Urea (mg/dL)

Total protein (g/dL)
Total bilirubin (mg/dL)
Conjugated bilirubin (mg/dL)
Chloride (mmol/L)
Troponin I (pg/mL)
Adiponectin (g/mL)
GGT (1U/L)

NAFLD liver fat score
Liver fat (%)

Hepatic steatosis index
Fatty liver index

FIB-4

ELF

TIMP-1 (ng/mL)

PIINP (ng/mL)
Hyaluronic acid (ng/mL)
NAFLD fibrosis score

0.96 (0.29-1.73)
2.10 (1.50-4.33)
40.46 +2.62

7.02 £0.12

0.45 (0.35-0.62)
0.20 (0.19-0.25)
104.8 +0.6

6.5 (3.3-10.8)

3.22 (2.33-5.70)
22.5 (16.3-29.0)
1.67 (0.58-2.94)
8.67 (6.89-13.28)
42.38 £1.06

69.32 £4.55

1.28 (0.93-2.00)
9.14 £0.13

266.3 (230.4-309.1)
7.42 £0.36

39.81 (28.62-75.62)
~0.07 +0.25

1.85 (0.79-2.09) $
3.41 (2.23-5.86)
42.85 +5.10

7.21 +0.12

0.67 (0.57-0.93) *
0.24 (0.23-0.29) $
101.9 +1.3*

6.0 (3.0-10.5)

5.29 (2.09-6.34)
34.0 (26.0-123.50) *
1.72 (1.02-5.72)
9.98 (7.79-16.22)
41.40 £1.30

77.42 £5.50

1.42 (0.97-3.08)
9.76 +0.26 *

266.1 (217.6-428.5)
8.12+1.28

86.18 (37.72-153.30) *

0.23+0.45
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BMI, body mass index; HbAlc, hemoglobin Alc; 1Same, insulin sensitivity measured during the HEC
clamp; HOMA-IR, homeostasis model assessment of insulin resistance; QUICKI, quantitative insulin
sensitivity check index; TyG index, triglyceride-glucose index; GLP-1, glucagon-like peptide 1; GGT,
gamma-glutamyl transferase; NAFLD; non-alcoholic fatty liver disease; FIB-4, liver fibrosis index 4;
ELF, enhanced liver fibrosis; TIMP-1, tissue inhibitor of metalloproteinase 1; PIIINP, aminoterminal
propeptide of type 111 procollagen. *, p<0.05; $, 0.05<p<0.1

3.4.2.2 Liver fibrosis measured by transient elastography

Further, the degree of liver fibrosis in patients was measured by transient elastography.
As depicted in Figure 3.9, the results showed the LSM value was higher in L-IR than
in L-IS (p<0.05).
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Figure 3.9 Liver fibrosis measurements in L-I1S and L-IR groups. * indicated p<0.05. LSM, liver
stiffness measurement; kPa, kilopascal.

3.4.2.3 Alterations of the gut microbiota between L-IS and L-IR

phenotypes of T2DM patients

3.4.2.3.1 Composition and diversity of the gut microbiota

Fecal DNA sequencing data were analyzed for the L-1S and L-IR groups, as displayed
in Supplementary Figure 3.5 in Annex. The number of total reads and filtered reads
was found significantly lower in the L-IR group (p<0.05). All samples reached a

plateau in the rarefaction curve, which meant our sequencing depth was enough for
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further analysis. Compared with the L-IS group, Shannon’s diversity index (p=0.071)
and Pielou's evenness index (p=0.080) showed a trend to increase in L-IR, without

reaching statistical significance.

Gut bacteria at the phylum and family level showed some altered tendencies between
both liver phenotypes of T2DM patients (Supplementary Figure 3.6 in Annex). At
the phylum level, Firmicutes tended to increase in L-IR while Proteobacteria,
Actinobacteria, Verrucomicrobia, and Fusobacteria tended to decrease. At the family
level, the abundance of Ruminococcaceae, Clostridiaceae, and Streptococcaceae was
elevated in L-IR patients while the abundance of Bifidobacteriaceae,

Enterobacteriaceae, Verrucomicrobiaceae, and Fusobacteriaceae was reduced.

3.4.2.3.2 Altered gut bacteria between L-I1S and L-IR phenotypes of

T2DM patients

In order to identify the gut bacteria related to liver IR, a multivariate analysis was
conducted with the gut sequencing data of both groups. As depicted in Figures 3.10A
and B, even though the PCA model did not show a very clear separation, the
OPLS-DA discriminant model demonstrated the potential to separate samples from
the two groups. The variables with VIP values >1 and p values <0.05 from the
Mann-Whitney test were considered the most significant. Applying these criteria, only
one genus Eubacterium was found to be altered in patients with L-IR (p<0.05)
(Figure 3.10C). We further tried to perform a multivariate regression analysis of
significant biochemical variables versus the GM, but we did not obtain any valid

model.
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Figure 3.10 The most relevant gut bacteria between patients with L-I1S and L-IR. A) showed the
PCA score plot of significant gut bacteria, and the parameters of the PCA model were: UV scaling,
R2X(cum)= 0.716, Q2(cum)= 0.454. B) presented the OPLS-DA score plot of significant gut bacteria,
and the parameters of the model were: Pareto scaling, R2Y(cum)= 0.373, Q2(cum)= 0.247.
Permutation test: R2=(0.0, 0.071), Q2=(0.0, -0.221), p from CV-Anova = 0.033. C) displayed the
relative abundance of the most relevant gut bacteria with VIP value >1 and p-value from the
Mann-Whitney test <0.05. * indicated p<0.05. A.U., arbitrary units.

3.4.2.4 Fecal metabolomics analyses of L-1S and L-IR patients

3.4.2.4.1 ldentification of the most relevant fecal metabolites altered

in liver insulin resistance phenotypes

PCA analysis and discriminant analysis were performed to reduce the dimensionalities
of fecal metabolomics data and to capture the most important variables. As shown in
Figure 3.11, both PCA and PLS-DA plots showed a separation between the samples
from the two groups. Interestingly, the L-IS samples were divided into two clusters,
one that overlapped with the L-IR samples, and one that was very clearly separated
from the L-IR samples. After a selection guided by VIP values and univariate statistics,

fecal metabolite 2-hydroxybutyrate was found to be reduced in L-IR (p<0.05).

C 2-hydroxybutyrate

A B L-IR @ L-IS
4- o ‘
2,
0. -\ @
2 |
-4 \

86420246
Figure 3.11 The most relevant fecal metabolites between patients with L-1S and L-IR. A) showed
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the score plot of the PCA model of fecal metabolic profiles, and the parameters of the model were: UV
scaling, R2X(cum)= 0.626, Q2(cum)= 0.296. B) displayed the score plot of the PLS-DA model of fecal
metabolic profiles, and the parameters of the model were: Pareto scaling, R2Y (cum)= 0.350, Q2(cum)=
0.177. Permutation test: R2=(0.0, 0.131), Q2=(0.0, -0.190), p from CV-Anova = 0.104. C) showed the
normalized concentration of the most relevant fecal metabolites with VIP value >1 and p-value <0.05
from the Mann-Whitney test. * indicated p<0.05. A.U., arbitrary units.

3.4.2.4.2 Multivariate regression analysis of fecal metabolomics with

biochemical variables

Correlation between fecal metabolic profiles and significant biochemical parameters
was conducted by PLS regression analysis. As a result, a good model was obtained

against the total bilirubin, as displayed in Supplementary Figure 3.7 in Annex.

3.4.2.5 Comparison of plasma metabolites between L-IS and L-IR

patients

3.4.2.5.1 Identification of significantly altered plasma metabolites

between L-1S and L-IR patients

In PCA analysis of plasma metabolomics data, no clustering could be detected
between L-IS and L-IR patients (Figure 3.12A). Further, no discriminant model could
be established between both groups. However, applying univariate analysis, one
significant plasma metabolite, glycerol, could be identified as decreased in the L-IR

group (Figure 3.12B).
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Figure 3.12 Significant plasma metabolites between L-1S and L-IR. A) showed the PCA score plot
of plasma metabolomics data and the parameters of the PCA model were: UV scaling, R2X(cum)=
0.844, Q2(cum)= 0.657. B) displayed the normalized concentration of significant plasma metabolites
with a p-value from univariate analysis <0.05. * indicated p<0.05. A.U., arbitrary units.

3.4.2.5.2 Multivariate regression analysis of plasma metabolomics
with biochemical variables

In order to find the associations between plasma metabolites and significant
biochemical parameters, multivariate regression analysis was performed. Two PLS
models were obtained that correlate the plasma metabolome, as reflected in

Supplementary Figure 3.8 in Annex. However, these two plots did not indicate an

association between plasma metabolic profiles and 1S¢jamp Or hyaluronic acid.

3.4.2.6 Correlations between gut microbiota, metabolomics, liver IR
(obtained by PET), liver stiffness measurements, and biochemical

parameters in L-1S and L-IR groups

3.4.2.6.1 Relationships of biochemical characteristics with gut
microbiota and metabolomics
Spearman’s correlation analyses were done between all metabolomic, gut bacteria,

and biochemical variables that differed significantly between L-IS and L-IR.

Significant relationships were only found between the biochemical parameters GGT,
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ELF, hyaluronic acid, and plasma metabolite glycerol that were negatively associated
(Figure 3.13).

Initially, in our research plans, we want to identify some specific gut bacteria related
to GLP-1, as well as fecal and plasma metabolites. However, the plasma GLP-1
concentration was only measured for T2DM patients and was not observed significant
differences in any above studies. Only patients with L-1S and L-IR showed a tendency
to be significantly different (p=0.091). We also performed a correlation analysis
between GLP-1, gut bacteria, and fecal and plasma metabolites to see if any
significant correlations could be obtained. Also, no significant correlations were found,

and it just tended to correlate positively with the genus Eubacterium (rho= 0.291, p=

0.085).
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Figure 3.13 Spearman correlation analyses between biochemical parameters and plasma glycerol
in patients with L-IS and L-IR. No significant correlations were found between biochemical
parameters, Eubacterium, and fecal 2-hydroxybutyrate, between plasma glycerol, fecal
2-hydroxybutyrate, and Eubacterium. GGT, gamma-glutamyl transferase; ELF, enhanced liver fibrosis;
GLP-1, glucagon-like peptide 1; 1S¢jamp, insulin sensitivity measured during the HEC clamp. * and **
indicated p<0.05 and p<0.01, respectively.

3.4.2.6.2 Relationships of liver IR (obtained by PET), liver stiffness
measurements with significant biochemical, gut microbiota, and
metabolomics variables in L-1S and L-IR

Significant PET variable liver ASUV and FibroScan data also correlated with relevant

metabolomic, gut bacteria, and biochemical variables, and the results are summarized

in Figure 3.14. IS¢iamp Was negatively related to liver ASUV, while plasma GGT level
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was positively to liver ASUV and LSM value (p<0.01). Regarding gut bacteria, fecal
and plasma metabolites, only plasma metabolite glycerol had significant correlations

as negatively correlated with liver ASUV (p<0.05).
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Figure 3.14 Spearman correlation analyses of liver ASUV and LSM value with metabolomic,

bacterial, and biochemical variables in patients with L-1S and L-IR. Correlations of myocardial
ASUV, and LSM value with A) altered biochemical parameters, B) gut bacteria Eubacterium, fecal
2-hydroxybutyrate, and plasma glycerol in L-IR and L-1S patients. GGT, gamma-glutamyl transferase;
ELF, enhanced liver fibrosis; GLP-1, glucagon-like peptide 1; ISamp, insulin sensitivity measured
during the HEC clamp; LSM, liver stiffness measurement; ASUV, differences in standardized uptake
value. *, ** and *** indicated p<0.05, p<0.01, and p<0.001, respectively.

3.4.3 Skeletal muscle insulin resistance

We could not divide T2DM patients by skeletal muscle IR phenotypes because the
data did not show different behavior from T2DM patients. Therefore, only correlation

studies were performed.

3.4.3.1 Associations of the skeletal muscle insulin sensitivity with gut
microbiota, plasma/fecal metabolomics, and biochemical and

anthropometric data

Spearman’s correlation analysis was performed for all patients (n= 46) between
skeletal muscle ASUV and data from the anthropometric and biochemical analysis,
metabolomics, and fecal sequencing. Significant correlations were shown in Figure

3.15. Several biochemical parameters, but not anthropometric parameters, presented
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significant relationships with skeletal muscle ASUV. Thus, IS¢amp and adiponectin
showed positive correlations, while ALT, hepatic steatosis index, and liver fat content
had inverse correlations (p<0.05). However, skeletal muscle ASUV did not correlate
significantly with HOMA-IR and QUICKI. Plasma metabolites, not fecal metabolites,
were found to be significantly associated with skeletal muscle ASUV. Namely, plasma
metabolites tyrosine and histidine had positive associations with skeletal muscle
ASUV (p<0.05).

Moreover, in the gut microbiota, Caldilineales taxa (Caldilineaceae, Caldilinea,
Caldilinea tarbellica) were positively associated with skeletal muscle ASUV (p<0.05).
In addition, genera Desulfosporosinus and Mogibacterium and species
Carboxydocella ferrireducens were also positively associated with skeletal muscle

ASUYV, while the family Veillonellaceae was negatively associated (p<0.01).
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Figure 3.15 Spearman correlation analyses of skeletal muscle ASUV with anthropometric and
biochemical parameters, gut microbiota, fecal and plasma metabolomics in all T2DM patients.
Significant correlations were not observed between skeletal muscle ASUV and defined fecal
metabolites, but were found between skeletal muscle ASUV and plasma metabolites tyrosine and
histidine. 1S¢jmp, insulin sensitivity measured during the HEC clamp; GLP-1, glucagon-like peptide 1;
HOMA-IR, homeostasis model assessment of insulin resistance; QUICKI, quantitative insulin
sensitivity check index; ALT, alanine aminotransferase; ASUV, differences in standardized uptake value.

* and ** indicated p<0.05 and p<0.01, respectively.

3.4.4 Brain insulin resistance and sensitivity

SPM analysis of brain images was done between HEC - baseline PET scans to show
the insulin-sensitive regions of T2DM patients and between baseline — HEC PET

scans to determine the insulin-resistant regions of T2DM patients. As shown in
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Figure 3.16, when HEC minus baseline (IS regions), a significant increase was
observed in cerebellar vermis VI, left parahippocampal gyrus, right hippocampus, left
amygdala, left olfactory bulb, and left middle cingulate gyrus. Reversely, when
baseline minus HEC (IR regions), a significant decrease was obtained in the right

superior temporal gyrus, left superior temporal gyrus, and right precuneus.
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Figure 3.16 Voxel-based statistical parametric mapping analyses of brain PET images. Representative
sections showed the HEC clamp effects. Six significant clusters (superior row) were found in the
condition of HEC minus baseline, including the cerebellar vermis VI, left parahippocampal gyrus, right
hippocampus, left amygdala, left olfactory bulb, and left middle cingulate gyrus. Three significant
clusters (lower row) were found in the condition of baseline minus HEC, including the right superior
temporal gyrus, left superior temporal gyrus, and right precuneus. Results have been overlaid over a
mean structural image and the color scale represents the corresponding t-value at the voxel level.
Images were shown by neurological convention (R: right, L: left).

Then, no phenotypes were shown in this type of analysis and then only correlation
studies using the affected regions of each patient were performed to know the gut
microbiota, plasma/feces metabolomics, and biochemical and anthropometrical

parameters associated with these insulin-responsive brain regions.
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3.4.4.1. Associations of the brain insulin resistance and sensitivity
regions with gut microbiota, plasma/fecal metabolomics, and

biochemical and anthropometric data

BE_FDG SUV values of altered brain clusters, which represented insulin resistance
and sensitivity (Figure 3.16), were used to perform Spearman’s correlation analyses
with anthropometric and biochemical parameters, metabolomics data, and fecal
sequencing data in all T2DM patients, as delineated in Figure 3.17.

Biochemical parameters, but not anthropometric parameters, showed a significant
association with nine brain clusters, as shown in Figure 3.17A. Thus, insulin, NAFLD
liver fat score, and liver fat content were negatively correlated with voxel values of
cerebellar vermis VI, left parahippocampal gyrus, and left olfactory bulb, while they
were positively associated with voxel values of left superior temporal gyrus and right
precuneus (p<0.01). Similarly, HOMA-IR was negatively related to voxel values of
the left olfactory bulb, but positively with voxel values of the left superior temporal
gyrus and right precuneus (p<0.01), while QUICKI had opposite relationships to
HOMA-IR. NAFLD liver fat score and liver fat content exhibited positive
associations with voxel values of the right superior temporal gyrus. Moreover, total
and conjugated bilirubin showed positive associations with the voxel values of the left
middle cingulate gyrus (p<0.01). Finally, adiponectin was positively associated with
voxel values of the left olfactory bulb, while negatively with the right precuneus
(p<0.01).

Regarding plasma metabolites, few significant correlations were obtained (Figure
3.17B). Plasma LDL (aliphatic chain) was positively associated with voxel values of
the left amygdala (p<0.01). Finally, plasma formate showed a positive association
with the cerebellar vermis VI, and an inverse association with the left superior
temporal gyrus (p<0.01).

Compared to plasma metabolites, a bit more significant correlations were obtained for

fecal metabolites (Figure 3.17C). Thus, voxel values of cerebellar vermis VI, left
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parahippocampal gyrus and right hippocampus were positively related with fecal
methylamine, and aspartate (p<0.01). Furthermore, ribose was positively correlated
with voxel values of cerebellar vermis VI and left parahippocampal gyrus, while was
negatively with the right superior temporal gyrus (p<0.01). Moreover, fecal arabinose,
sarcosine, and histidine were positively linked to the left parahippocampal gyrus and
right hippocampus, while were inversely to the right superior temporal gyrus (p<0.01).
Voxel values of the right hippocampus showed positive relationships with fecal
B-hydroxybutyrate, B-galactose, trimethylamine, and fumarate (p<0.01). In addition,
the left amygdala was positively associated with fecal uridine, uracil, benzoate, and
nicotinate (p<0.01).

Regarding gut bacteria (see Figure 3.17D), voxel values of cerebellar vermis VI and
left parahippocampal gyrus exhibited positive relationships with the abundance of the
genus Alkaliphilus and species Propionispora hippie (p<0.01). On the other hand, the
class Clostridia was positively linked to voxel values of cerebellar vermis VI (p<0.01).
Moreover, the left parahippocampal gyrus was found to be positively associated with
Thermi taxa (class Deinococci) and Firmicutes taxa (family Peptococcaceae, genus
Sedimentibacter, and species Sporosarcina pasteurii) (p<0.01). On the contrary, the
left parahippocampal gyrus and right hippocampus were negatively associated with
the family Lactobacillaceae and genus Lactobacillus (p<0.01). Moreover, voxel
values of the left amygdala were positively associated with order Natranaerobiales,
genus Chlorobaculum and species Anaerobranca zavarzinii, Ruminococcus bromii
and Coprococcus catus (p<0.01). Furthermore, voxel values of the left olfactory bulb
showed positive connections to Desulfosporosinus and Caloramator mitchellensis,
and negative to Streptococcus vestibularis (p<0.01). Finally, the left middle cingulate
gyrus was positively linked to genera Oribacterium and Holdemania, while was
oppositely with Erysipelotrichaceae taxa (genus Erysipelothrix, species Erysipelothrix
muris), genera Eubacterium and Weissella and species Clostridium cadaveris (p<0.01).
Despite all these connections, few significant relationships were found between gut
bacteria and the remaining three IR brain regions (baseline-HEC). Thus, voxel values

of the right superior temporal gyrus had positive correlations with Streptococcus
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vestibularis, and negative with genus Holdemania and species Sporosarcina pasteurii
(p<0.01). On the other hand, the right precuneus was positively associated with
Megasphaera elsdenii, while was oppositely with the family Caulobacteraceae and

species Desulfotomaculum indicum (p<0.001).
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Figure 3.17 Spearman correlation analyses of cerebral insulin sensitivity. A) Biochemical variables.
B) Plasma metabolic profiles. C) Fecal metabolic profiles. D) Gut microbiota. If bacteria at different
taxonomic levels had an equal abundance in each patient, only bacteria at the lowest level were chosen
to be shown in the heatmap. Only variables with rh0>0.4 or rho<-0.4 (p<0.0063) are shown. HOMA-IR,
homeostasis model assessment of insulin resistance; QUICKI, quantitative insulin sensitivity check
index; NAFLD, non-alcoholic fatty liver disease; LDL, low-density lipoprotein. ** and *** indicated
p<0.01 and p<0.001, respectively.

153



Chapter 2

3.4.5 Comparison of PET/CT images of middle-aged and
old-aged T2DM patients

In the previous sections, the effect of tissue/organ-specific insulin resistance and
structure on the gut microbiota and blood and fecal composition in T2DM patients has
been analyzed based on PET/CT imaging. Following the rationale of Chapter 1, in

this section, we tried to see the effect of age on these differences.

3.4.5.1 Alterations in PET/CT imaging between middle-aged and

old-aged T2DM patients

Translated PET/CT imaging data were analyzed and a comparison between
middle-aged and old-aged T2DM subjects was carried out. Several significant
differences were found in CT images, shown in Figure 3.18, but not in PET data.
Older diabetic patients tended higher calcifications in all plaques, but these
differences were only statistically significant for LM plaque and the sum of

calcifications in all coronary arteries (total plaques).
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Figure 3.18 Frequency of coronary artery calcium scores (CACs) higher than 400 AU in different
plagues between middle-aged and old-aged T2DM patients. The left anterior descending artery
(LAD), left circumflex artery (LCx), left main coronary artery (LM), and right coronary artery (RCA)
are coronary territories in the myocardium and total plaques are the sum of plaques in the whole
myocardium. Results are shown per % of patients with CACs > or <400 Agatston Units (AU).
Differences in frequency between groups were analyzed by Fisher's exact test. *, p<0.05; **, p<0.01.
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3.4.5.2 Correlations of significant CT imaging results with significant
biochemical parameters, fecal metabolites, and gut bacteria between

middle-aged and old-aged T2DM patients

Spearman’s correlation analysis was performed for calcifications of significantly
altered coronary arteries (LM and total plaques in myocardium) with significant
results in Chapter 1 between both age groups. It should be remembered that plasma
metabolites were not found to have any differences between both groups of T2DM
patients, so they were not included in the correlation analysis. As depicted in Figure
3.19, both LM plaque and total plaques were positively correlated with GGT, NAFLD
fibrosis score, and troponin I, while negatively with GFR (p<0.05). Further, total
plaques were also positively associated with FIB-4 (p<0.01).

Regarding fecal metabolites, as seen in Figure 3.19B, total plaques were positively
associated with B-hydroxybutyrate, 2-hydroxyvalerate, and lysine (p<0.05). No

significant connections were found for gut bacteria.
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Figure 3.19 Spearman correlation analyses of significant imaging variables in middle-aged and

Total plaque

old-aged T2DM patients. Correlations of the significant calcification territories in myocardium with A)
biochemical parameters, B) the most relevant fecal metabolites, and plasma glycerol. No significant
associations were found between the significant calcification territories in the myocardium and the
most relevant gut bacteria. GGT, gamma-glutamyl transferase; AST, aspartate aminotransferase; ALT,
alanine aminotransferase; GFR, glomerular filtration rate; FIB-4, liver fibrosis index 4; NAFLD,;
non-alcoholic fatty liver disease. *, ** and *** indicated p<0.05, p<0.01 and p<0.001, respectively.
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3.4.6 Comparison of PET/CT images of female and male

T2DM patients

In the previous sections, the effect of tissue/organ-specific insulin resistance and
structure on the gut microbiota and blood and fecal composition in T2DM patients has
been analyzed based on PET/CT imaging. Following the rationale of Chapter 1, in

this section, we tried to see the effect of gender on these differences.

3.4.6.1 Alterations in PET/CT imaging between female and male

T2DM patients

All PET and CT imaging data used to determine tissue/organ-specific IR and
structural alterations respectively were done univariable analysis between both
genders. As delineated in Figure 3.20, several significant differences in CT data, not
in PET data, were obtained. Radiodensity (RD) of the skeletal muscle was increased
in female T2DM patients (p<0.05). However, epicardial adipose tissue (EAT) volume

was higher in males (p<0.05).
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Figure 3.20 CT imaging data analyses between female and male T2DM patients. A) Radiodensity
(RD) in the skeletal muscle. B) Epicardial adipose tissue (EAT) volume. HU, Hounsfield unit. *
indicated p<0.05.
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3.4.6.2 Correlations of significant CT imaging alterations with
significant biochemical and anthropometric parameters, fecal
metabolites, and gut bacteria between female and male T2DM

patients

Correlation analysis of significant PET/CT imaging variables between genders was
performed with significant differences in biochemical and anthropometric parameters,
fecal metabolites, and gut bacteria. As depicted in Figure 3.21A, skeletal muscle RD
was negatively associated with the waist/hip ratio (p<0.05). On the contrary, the
waist/hip ratio and plasma creatinine concentration were positively related to EAT
volume (p<0.05).

On the other hand, plasma metabolites were not used in the correlation analysis since
no significant difference between both gender groups. Only one significant correlation
was shown between altered fecal metabolites and CT imaging variables (Figure
3.21B). Thus, EAT volume was positively associated with the SCFA butyrate (p<0.05).
Finally, no associations were found between the CT imaging variables and the gut

microbiota in terms of gender.
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Figure 3.21 Spearman correlation analyses of significant imaging variables in T2DM females and
males. Correlations of significant CT imaging variables with A) significant biochemical and
anthropometric parameters, and B) fecal metabolites. No significant associations were found between
significant CT imaging variables and significant gut bacteria. BMI, body mass index; ALP, alkaline
phosphatase; RD, radiodensity; EAT, epicardial adipose tissue. * and ** indicated p<0.05 and p<0.01,
respectively.
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3.5 Discussion

The present chapter aimed to extend the understanding of tissue/organ-specific insulin
resistance in T2DM by studying, for the first time, its relationship with the gut
microbiota and fecal and plasmas metabolome. Two different T2DM phenotypes were
addressed previously by our group in terms of insulin-mediated *®F-FDG uptake in the
myocardium after HEC, insulin sensitive (mIS), and insulin resistant (mIR) [389]. We
defined mIS as a striking increment in myocardial *®F-FDG uptake. On the contrary,
we defined mIR as a pathological response to the HEC, namely, a marginal increase in
myocardial *®F-FDG uptake. This difference in glucose uptake is similarly expressed
before in skeletal muscle between T2DM patients and controls following an HEC
[400]. They found that T2DM patients had a blunted increment in intramyocellular
glucose-6-phosphate concentrations, compared with controls.

At the same time, we also found two other phenotypes in patients: a marginal increase
in hepatic '®F-FDG uptake after HEC and a decrease in hepatic ®F-FDG uptake.
According to the availability of ®F-FDG, if the myocardial tissue of the patient has a
striking increased uptake of '|F-FDG, the liver should have decreased uptake of
BE_FDG. Therefore, reduced *®F-FDG uptake in the liver after HEC was classified as
L-1S, while increased ®F-FDG uptake in the liver was classified as L-IR.

Although the skeletal muscle and brain regions did not show any phenotypes in the
patients, correlation analysis was also performed. In addition, these will provide the
differences between using systemic IR indexes such as HOMA-IR (evaluated in
chapter 1) or tissue/organ-specific insulin resistance in T2DM. On the other hand, the
effects of gender and age in terms of tissue/organ-specific insulin resistance were
assessed. As result we found, both in mIR and in L-IR patients, insulin sensitivity
ISclamp and electrolyte chloride were decreased. On the contrary, the concentrations

of plasma GGT and hyaluronic acid were increased in these patients.
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3.5.1 Alterations caused by myocardial and hepatic IR

3.5.1.1 Biochemical parameters and LSM value

Although long-chain fatty acid is the preferent energy source for the heart, as
described in the introduction [66], glucose becomes the favored oxidized substrate
when glucose and insulin concentrations are increased, as the HEC clamp condition of

our study [66].

In the first section of the chapter, T2DM patients with myocardial insulin sensitivity
(mlS) were studied and compared with patients affected by myocardial insulin
resistance (mIR). As expected, mIS patients showed higher systemic insulin
sensitivity (1S¢iamp), compared with mIR patients. Interestingly, on the contrary, mIR
patients have also an increase of liver enzymes, hepatic steatosis and fibrosis indexes,
such as the AST, ALT, GGT, NAFLD liver fat score, liver fat content, FIB-4 score,
and LSM value, suggesting that they had more severe NAFLD and higher risks of
liver fibrosis. These are in coherence with previously described results for both

phenotypes of T2DM patients [335, 389].

In the liver phenotype study, as in the mIR patients, IScamp and serum chloride
concentrations were reduced in L-IR patients. This may be a cause or consequence of
IR in the myocardium and liver. Previous studies demonstrated that chloride is a key
electrolyte for regulating plasma volume during worsening heart failure [401] and its
recovery [402]. Thus, the reduction of serum chloride in mIR and L-IR patients may

be associated with myocardial ischemia and increased CV risks.

Fibroscan is a useful test to stage liver fibrosis [403]. Compared with their
counterparts, the LSM value in mIR patients and L-IR patients was both elevated
significantly and its median value was all higher than 6, indicating that these patients

had significant liver fibrosis [335]. In this abnormal condition, we found that these
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two types of patients both had increased plasma GGT and hyaluronic acid levels. In
addition, L-IR patients presented higher total bilirubin levels and ELF scores, which

further reflected aberrant liver condition [404].

3.5.1.2 Gut microbiota

Regarding alterations of gut microbiota, one alpha diversity index—Faith’s
phylogenetic diversity index was shown a significant reduction in the mIR group, but
another alpha diversity index—Shannon’s diversity index did not show this significant
result. Then, we observed the changes in gut microbiota composition caused by miR.
We found that many specific gut bacteria decreased prominently in mIR patients,
including the order Thermicanales, family Thermicanaceae, genera Thermicanus,
Caloramator, and Desulfosporosinus and species Coprobacillus cateniformis. On the
other hand, the species Eubacterium callanderi was found to be increased in these
patients. It is the first time to describe these results in T2DM patients with myocardial
IR.

Different from the myocardial study, very few significant results in the gut microbiota
were obtained in the hepatic study. All alpha diversity indexes did not indicate
significant differences between L-IS and L-IR groups. And only one genus,
Eubacterium, showed a significant increase in L-IR patients. Eubacterium callanderi,
an anaerobic, rod-shaped, and non-spore-forming bacterium, belongs to the genus
Eubacterium within the phylum Firmicutes [405], and has thus far only been isolated
from ruminal content and pig feces [406]. It has been reported as the causative agent
in a single case of bacteremia [407]. Our study suggested that the increase of
Eubacterium callanderi may play an important role in mIR patients, as well as the
genus Eubacterium in L-IR patients, but further studies are required to reveal the

function and mechanism of this species in the patients.
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3.5.1.3 Fecal metabolomics

Concerning fecal metabolomics, no fecal metabolites were found to be elevated
significantly in mIR patients or L-IR patients. In other words, we only found that
several fecal metabolites were reduced in these two types of patients when compared
with their counterparts, such as B-galactose, ribose, arabinose, aspartate, histidine,
lactate, and 2-hydroxybutyrate. These results are first described in T2DM phenotypes.
Beta-galactose, ribose, and arabinose are the three main monosaccharides. Compared
with mIS patients, mIR patients had lower concentrations of these monosaccharides,
probably because of lower carbohydrate metabolism caused by systemic IR and
myocardial IR. For instance, galactose is a key source of energy in humans and an
important structural element in complex molecules [408]. Recently, it has been
reported to be beneficial in many diseases, particularly those affecting the brain [409,
410]. A decreased level of fecal aspartic acid was also reported previously in T2DM
rats [411]. Aspartic acid has been linked to several important biological functions,
including NADH transport to mitochondria, alanine generation, and gluconeogenesis.
It was also linked to depression and dementia as a neurotransmitter [411].

Many previous studies revealed that plasma 2-hydroxybutyrate levels were higher in
T2DM patients than in healthy controls [412, 413]. Vangipurapu et al revealed that
2-hydroxybutyrate significantly increased the risk of T2DM by 32% and was
significantly associated with the risk of incident T2DM and IR, and also associated
with reduced insulin secretion [414]. We found that fecal 2-hydroxybutyrate
concentration was markedly lower in L-IR patients than in L-IS patients. Our
disparity in 2-hydroxybutyrate results could be attributed to differences in feces and

plasma, as well as different comparison subjects.

3.5.1.4 Plasma metabolomics

In addition, plasma metabolomics was also conducted for patients in our study. A

previous NMR analysis of plasma lipoproteins indicated that the concentrations of
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VLDL of different sizes were all significantly increased in T2DM patients [415]. We
obtained higher plasma VLDL(CHj3) concentrations in mIR patients, which suggested
higher CV risk [416]. However, it was not observed in L-IR patients. In the plasma,
we also observed reduced p-galactose in mIR patients. A previous study found some
abnormalities in inositol metabolism in association with IR in a mouse model, and
insulin-sensitising effects of dietary myo-inositol supplementation [417]. In our study;,
plasma concentrations of myo-inositol were lower in mIR patients than in mlS
patients, most likely due to myocardial IR. Choline is an essential nutrient for humans
and plays important roles in human metabolism as a methyl donor, a precursor for the
neurotransmitter acetylcholine, and a component of cell membranes [418]. Besides,
choline is also a major precursor for TMAO. Although some studies have shown that
choline and its metabolites are related to CVD risk and T2DM [234, 419, 420],
another study reported that plasma TMAO and related metabolites were not
significantly associated with T2DM, and plasma choline was associated with greater
IS [421]. In the current study, we found that plasma choline was lower in mIR patients,
possibly due to lower IS. Commonly, mIR and L-IR patients both exhibited decreased
concentrations of plasma glycerol. In IR states, increased lipolysis leads to the
overproduction of glycerol from triglycerides [422]. A prospective study on a
large-scale Finnish population has demonstrated that higher serum glycerol levels are
associated with an increased risk for T2DM [423]. Our results for the plasma
metabolite glycerol were obtained in T2DM subgroups, which have not been

described before.

3.5.2 Associations with systemic IR and tissue/organ-specific

IR

Although the widely-used systemic IR indexes HOMA-IR and QUICKI did not show
significant differences between groups of myocardial and hepatic studies, the 1Sciamp
did. Additionally, myocardial ASUV obtained from PET imaging analysis represents
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myocardial IS, because a previous study from our group showed that myocardial
ASUV was negatively correlated with HOMA-IR in all included T2DM patients (n=
35) and in mIR patients, but not in those with mIS [389]. In the hepatic study, as
shown in Figure 3.22, liver ASUV was positively correlated with HOMA-IR in the
included T2DM patients (n= 35) and in L-IS patients, but not in those with L-IR.
Therefore, liver ASUV can be considered liver IR. Although skeletal muscle ASUV
did not show significant correlations with HOMA-IR (data not shown), it had positive
correlations with 1S¢jamp (Figure 3.15). Thus, skeletal muscle ASUV can be defined as
skeletal muscle 1S. Concerning the brain regions, the left olfactory bulb, left superior
temporal gyrus and right precuneus were significantly related to IR indicators
HOMA-IR and QUICKI (Figure 3. 17). The imaging data of the left olfactory bulb
represents IS of the region, the data of the left superior temporal gyrus and right
precuneus represents IR of these regions. Then, specific gut bacteria related to
systemic IS and tissue/organ-specific IR or IS were identified, as well as fecal and

plasma metabolites.
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Figure 3.22 Correlation analyses between liver ASUV and HOMA-IR in A) all T2DM patients
with liver phenotypes, B) L-IS patients, and C) L-IR patients.

3.5.2.1 Specific gut bacteria

In the myocardial study, two genera Caloramator and Desulfosporosinus were
positively correlated with systemic IS (ISciamp), and also with myocardial IS. But the
species Coprobacillus cateniformis was only positively associated with myocardial IS,

and the species Eubacterium callanderi was only negatively associated with
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myocardial 1S. These results were obtained for the first time, and are interesting to be
verified in future research. However, in the hepatic study, the genus Eubacterium did
not have significant associations with 1S¢iamp or liver IR.

Regarding skeletal muscle IS, it was positively related to Caldilineales taxa, genera
Desulfosporosinus and Mogibacterium, and the species Carboxydocella ferrireducens,
but negatively to the family Veillonellaceae. The family Veillonellaceae has been
reported to be positively associated with liver fibrosis severity, HbAlc, and adipose
tissue IR in non-obese subjects [424]. In addition, Veillonellaceae was found to be
associated with higher serum insulin concentrations and caecal TNF-oo mRNA levels
in mice [425]. Our research is the first to show a link between Veillonellaceae and
skeletal muscle 1S, as well as other above bacteria.

Among the above three brain regions, only the left olfactory bulb and right precuneus
depicted significant correlations with gut microbiota. Of note, the genus
Desulfosporosinus, which has shown positive associations with myocardial and
skeletal muscle IS above, also showed positive associations with left olfactory bulb IS.
Desulfosporosinus is a genus of strictly anaerobic, sulfate-reducing bacteria, and is
commonly found in soil [426]. However, reports about the associations between
Desulfosporosinus and 1S are very scarce. One study described that all species from
Desulfosporosinus can produce trimethylamine [427], which can be taken up by
hepatocytes and oxidized to TMAO [428]. TMAO was generally regarded as a
deleterious dietary gut microbiome metabolite in studies on patients and animal
models of NAFLD, cognitive diseases, and T2DM [427]. However, TMAO has also
been summarized to have positive effects involving anti-oxidative or
anti-inflammatory effects observed in the liver, adipose tissue, skeletal muscle, and
pancreatic B-cells under stress from over-nutrition models [427]. The genus
Desulfosporosinus in our study may be linked with IS in the myocardial tissue,
skeletal muscle, and the left olfactory bulb by beneficial TMAO effects.

The olfactory bulb is an essential structure in the olfactory system devoted to the
sense of smell [429]. The precuneus is a brain region involved in a variety of complex

functions including mental imagery strategies and memory [430]. Besides
164



Chapter 2

Desulfosporosinus, the left olfactory bulb IS was also shown positive associations
with Caloramator mitchellensis, but inverse associations with Streptococcus
vestibularis. On the other hand, the right precuneus IR was positively associated with
Megasphaera elsdenii, while was oppositely with the family Caulobacteraceae and
the species Desulfotomaculum indicum. Megasphaera elsdenii is an important ruminal
bacterium from the family \eillonellaceae. Wang et al found that the richness of
Megasphaera was positively correlated with HOMA-IR in patients with diabetic
peripheral neuropathy [431]. This is the first time that the relationships between these
bacteria and brain IR or IS regions have been established, and further research is

needed to gain a thorough understanding.

3.5.2.2 Specific fecal metabolites

Concerning fecal metabolites, p-galactose showed positive associations with systemic
IS (ISciamp) and myocardial 1S. Another two monosaccharides ribose and arabinose
also depicted positive associations with myocardial IS. Ribose is an important
substrate of ATP synthesis. The results suggested that these monosaccharides may be
involved in insulin-mediated myocardial energy metabolism. Further, two amino acids
aspartate and histidine also showed positive correlations with myocardial 1S. Our
previous study on obese patients found that fecal histidine had a negative association
with HOMA-IR [206]. Our finding indicates that the fecal metabolite histidine is not
only associated with systemic insulin sensitivity, but also with myocardial IS.
However, no fecal metabolites were found to be inversely associated with myocardial
IS. Meanwhile, fecal metabolites were not found to be significantly correlated with

liver IR, skeletal muscle IS, and brain insulin-related regions.

3.5.2.3 Specific plasma metabolites

Regarding plasma metabolites, p-galactose also exhibited positive associations with

myocardial 1S, further demonstrating the crucial roles of B-galactose in patients and
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myocardial IS. Moreover, like B-galactose, plasma choline was also shown positive
associations with myocardial 1S. Our previous study indicated that plasma choline had
a negative correlation with HOMA-IR [206]. However, another report showed an
opposite correlation [432]. Plasma lipoprotein VLDL(CH3) levels were negatively
associated with myocardial IS. Associations between plasma lipoprotein and
HOMA-IR depend on the particle size [433, 434], Jason et al revealed that the
production rate of plasma VLDL; (Sf 60-400), not VLDL, (Sf 20-60), was
significantly and positively correlated with HOMA-IR [433]. Although correlations
between these plasma metabolites and myocardial IS have never been described
before, they are almost consistent with the findings in systemic IR.

In terms of hepatic IR, plasma glycerol showed a negative association in this study,
which differed from previous reports. Glycerol is a substrate for gluconeogenesis, and
increased hepatic delivery of glycerol caused by adipose tissue IR drives
gluconeogenesis and results in hepatic IR [435, 436]. For skeletal muscle IS, two
plasma amino acids tyrosine and histidine had positive associations. However, plasma
tyrosine concentrations have been reported to have a positive correlation with IR [206,
437]. L-histidine is a component of carnosine, present in skeletal muscle [438]. The
supplementation of histidine was reported to improve IR, reduce BMI, and fat mass,
and suppress inflammation and oxidative stress in obese women with metabolic
syndrome [439]. These findings support our results about the relationship between
plasma histidine and skeletal muscle IS. Finally, for brain IR or IS regions, left
superior temporal gyrus IR correlated negatively with plasma formate. This
metabolite was found to be negatively associated with HOMA-IR and BMI in our
previous study [206]. This is the first time a relationship between brain IR regions and
the metabolite has been depicted, and more research is needed to obtain a more robust

result.

3.5.2.4 Biochemical parameters (CV and hepatic risk factors)

In addition, the relationships between CV and hepatic risk factors and systemic IS and
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tissue/organ-specific IR or IS were also determined in the study. The latest publication
from our group demonstrated that liver tests can be used to identify myocardial IR in
T2DM patients [335]. Consistently, we found that hepatic risk factors including liver
enzymes (AST, ALT, and GGT), NAFLD liver fat score and liver fat content, as well
as liver fibrosis measures (LSM value), were negatively associated with myocardial
IS. In addition, we also found that the CV risk factor total cholesterol/HDL ratio had a
negative correlation with myocardial 1S. Individuals with high total cholesterol/HDL
ratios have been demonstrated to be insulin resistant for many years [440]. Of note,
the serum concentration of an electrolyte, chloride, which was reduced in both mIR
and L-IR patients, showed a positive association with myocardial IS, but no
significant association with liver IR. As described above, studies from Kataoka et al
implicated an important role of chloride in the worsening and recovery of heart failure
[401, 402].

In the past decade, the role of insulin resistance in the pathogenesis of NAFLD and
NASH has been better elucidated [184, 441]. Our study found that plasma GGT levels
and LSM values correlated positively with liver IR. Previous studies showed that
elevated GGT levels are a marker for hepatic steatosis and hepatic insulin resistance
[442] and that LSM values had a positive correlation with HOMA-IR [443].

As introduced above, skeletal muscle is an insulin-dependent tissue and accounts for
the majority (about 60-70%) of whole-body insulin-mediated glucose uptake [24].
Thus, our results showed that skeletal muscle IS was positively related to whole-body
IS (ISciamp). Adiponectin, which is only secreted by mature adipocytes, has many
beneficial effects, the most important of which is increasing IS [82]. We also found
that skeletal muscle 1S was positively associated with plasma adiponectin levels. This
is in coherence with a previous finding that plasma adiponectin concentration was
positively associated with the fold increase in skeletal muscle insulin receptor tyrosine
phosphorylation [444], an important step in the insulin-signaling cascade. On the
contrary, three hepatic risk factors were shown negative associations with skeletal
muscle IS, including plasma ALT levels, hepatic steatosis index, and liver fat content.

Higher plasma ALT levels were suggested to be associated with IR, and
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hypoadiponectinemia in adolescents [445]. Previous studies consistently showed that
liver steatosis is associated with IR in skeletal muscle [446].

Interestingly, plasma adiponectin levels and hepatic risk factors were also correlated
with brain IS or IR regions in our study. In detail, adiponectin was positively
correlated with left olfactory bulb IS, while inversely with right precuneus IR. A study
in aged mice reveals that adiponectin can enhance neuronal IS through AMPK
activation and chronic adiponectin deficiency leads to cerebral IR [447]. This study
suggests that adiponectin also mediates effects in the brain. Additionally, NAFLD
liver fat score and liver fat content were positively related to IR in the left superior
temporal gyrus and right precuneus but were negative to left olfactory bulb IS. These
results were obtained for the first time. Recently, NAFLD has emerged as an
important disease linked to the development of cognitive impairment and dementia
[448, 449]. More studies are warranted to disclose the relationships of hepatic risk

factors with brain IR.

3.5.3 Age and gender effects

Continuing from Chapter 1, age and gender differences in T2DM patients in PET/CT
imaging were investigated. In Chapter 1, older patients presented higher risks of
myocardial infarction, kidney dysfunction, and liver fibrosis than middle-aged
patients. Through PET/CT imaging techniques, older patients found a higher
frequency of CACs > 400 AU in LM plaque and total plaque. Since CACs are the
most sensitive and noninvasive tool in assessing cardiovascular risk [450], our results
suggested that older T2DM patients were at a very high risk of developing
cardiovascular events. Rodgers et al also outlined that the aging and elderly
population was especially vulnerable to cardiovascular disease [451]. The frequency
of LM plaque and the total plaque was not found to be significantly associated with
the relevant gut microbes but was found to be positively related with hepatic risk
factors (GGT and NAFLD fibrosis score) and increased risk of myocardial infarction.

Most fecal metabolites showed significant correlations with total plaques, instead of
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LM plaque.

In Chapter 1, T2DM women presented more serious NAFLD, while T2DM men
showed the potential to suffer from kidney problems. An analysis of PET/CT images
showed a significantly reduced **F-FDG uptake in the spleen after HEC and a lower
radiodensity in the skeletal muscle in males. In contrast, a bigger EAT volume and no
difference in EAT radiodensity was observed in males, compared to females. Recent
studies showed that both EAT radiodensity and EAT volume were independently
associated with human coronary atherosclerosis [452, 453]. It suggested that T2DM
men had a higher risk of coronary atherosclerosis than T2DM women. Few significant
correlations were obtained between PET/CT imaging variables, gut bacteria, and fecal

metabolites.

3.5.4 Limitations

Finally, we have to comment on some limitations of the data presented in this chapter.
For instance, we study the myocardial IR and hepatic IR in the same cohorts,
therefore, a part of the patients would manifest both myocardial and hepatic IR
through observations of ‘®F-FDG uptake, and some other patients only had one of
them. But we did not consider the influence of hepatic IR when we studied
myocardial IR. Similarly, we did not consider the effect of myocardial IR when we
investigated hepatic IR. As described in chapter 1, the number of patients in both
groups of one study was small. Further, a long-term study for the patients with mIR or
L-IR is required to confirm our described relationships between gut microbiota,
metabolomics, and specific insulin resistance. Despite these limitations, our studies
are the first to establish a relationship between specific insulin resistance measured by

real glucose uptake, and gut microbiota, as well as metabolomics.
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3.6 Conclusion

The study presented in this chapter allows us to draw the following conclusions:

T2DM patients with the mIR phenotype were characterized by a reduced
systemic IS index, more severe NAFLD, and increased risk of liver fibrosis
and coronary atherosclerosis, compared with mIS patients.

Alterations in gut microbiota, fecal and plasma metabolites such as decreased
proportions of Thermicanales taxa, Caloramator, Desulfosporosinus, reduced
fecal p-galactose and lactate and increased plasma VLDL(CH3) in mIR
patients after comparing with mIS patients. Regarding associations, the genera
Caloramator, Desulfosporosinus, and fecal p-galactose were positively
associated with 1S¢amp and the myocardial IS, while Eubacterium callanderi
and plasma VLDL(CHj3) were negatively associated with myocardial IS.
Several alterations were also found in L-IR patients, including a higher
abundance of Eubacterium, and lower concentrations of fecal
2-hydroxybutyrate and plasma glycerol after comparing with L-1S patients.
Additionally, plasma GGT concentration correlated positively with liver IR,
while plasma metabolite glycerol correlated negatively with liver IR.

Skeletal muscle IS was positively related to [Scamp, plasma adiponectin,
tyrosine, and histidine and negatively with ALT, hepatic steatosis index, and
liver fat content. Regarding gut bacteria, skeletal muscle IS was positively
associated with Caldilineales taxa, while inversely with Veillonellaceae.
Several significant associations were obtained for brain IS/IR regions with
GM. Thus, the left olfactory bulb showed positive associations with
Desulfosporosinus and Caloramator mitchellensis, but negative associations
with Streptococcus vestibularis. The right precuneus was positively related
with Megasphaera elsdenii, while inversely with Caulobacteraceae and
Desulfotomaculum indicum.

Old-aged T2DM patients further showed higher atherosclerotic risk than
middle-aged patients. CACs in the left main coronary artery and total coronary
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Chapter 2

territories were positively related with GGT, NAFLD fibrosis score, and
troponin I, but negatively with glomerular filtration rate.

Several imaging differences were shown between T2DM females and males.
In detail, females had higher radiodensity of skeletal muscle but lower EAT

volume.
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4. General conclusions

As a result of the work presented in chapters 1 and 2, we draw the following

conclusions from this thesis:

e The results presented in the first part of the thesis, comparing T2DM patients
with healthy controls, provided results that were in coherence with previous
studies, such as an increased abundance of Proteobacteria in patients and a
decreased glutamine/glutamate ratio.

e Regarding the age and gender in T2DM, we detected changes that were
associated with these features, confirming that gender and age effects should
be taken into account during patients’ management.

e Several differences were detected between both myocardial and liver
phenotypes, including CV and hepatic risk factors, GM, as well as fecal and
plasma metabolites.

e Despite skeletal muscle and brain did not show any IR phenotypes, they were
found to be related to some specific gut bacteria, and plasma or fecal
metabolites.

e While no direct correlation with systemic IR parameters like HOMA was
detected in T2DM, we were able to identify a series of bacteria and
metabolites that correlated with specific IR in different tissues/organs,

representing interesting biomarker candidates for specific comorbidities.
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Annexes

8. Annexes
All supplementary figures were included here.

8.1 Studies between T2DM and healthy controls
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Supplementary Figure 2.1 Sequencing and alpha diversity analyses. A) and B) were bar plots of
sequencing reads. C) was a rarefaction curve. D), E) and F) were different indicators reflecting the
species richness when the sequencing depth was 20000. G) was Pielou's evenness index which
presented the species evenness of a community. Data were shown as mean £SEM in A, B, and D to F.
Data were shown as the median and interquartile range in G.
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8.2 Studies between middle-aged

patients
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Supplementary Figure 2.2 Basic sequencing and alpha diversity analyses between middle-aged
and old-aged T2DM patients. A) and B) showed the bar plots of sequencing reads. C) displayed
rarefaction curve. D) to F) showed the different indicators reflecting the species richness when the
sequencing depth was 20000. G) exhibited Pielou's evenness index which presented the species
evenness of a community. Data were shown as mean =SEM in A), B) and D) to F). Data were shown

as the median and interquartile range in G).
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Supplementary Figure 2.3 Composition of gut microbiota in middle-aged and old-aged T2DM
individuals. A) and B) showed the relative abundance of gut bacteria at the phylum and family levels

respectively.
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Supplementary Figure 2.4 PLS regression analysis of fecal metabolic profiles versus NAFLD
fibrosis score in middle-aged and old-aged T2DM groups. The model’s parameters were: UV
scaling, R2Y (cum)= 0.589, Q2(cum)= 0.262. Permutation test: R2=(0.0, 0.479), Q2=(0.0, -0.099), p
from CV-Anova = 0.013.
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Supplementary Figure 2.5 Principal component analysis of plasma metabolites between
middle-aged and old-aged T2DM subjects. The model’s parameters were: UV scaling, R2X(cum)=

0.841, Q2(cum)=0.679.
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8.3 Studies between female and male T2DM patients
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Supplementary Figure 2.6 Sequencing and alpha diversity analyses between female and male
T2DM patients. A) and B) showed the bar plots of sequencing reads. C) displayed the rarefaction
curve. D) to F) showed the different indicators reflecting the species richness when the sequencing
depth was 20000. G) showed Pielou's evenness index which presented the species evenness of a
community. Data were shown as mean =2SEM in A), B) and D) to F). Data were shown as the median

and interquartile range in G).
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Supplementary Figure 2.7 Composition of gut microbiota in female and male patients. A) and B)

showed the relative abundance of gut bacteria at the phylum and family levels respectively.
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Supplementary Figure 2.8 PLS regression analysis of gut microbiota versus the waist/hip ratio in
female and male T2DM groups. The model parameters were: UV scaling, R2Y(cum)= 0.830,
Q2(cum)=0.199. Permutation test: R2=(0.0, 0.812), Q2=(0.0, -0.124), p from CV-Anova = 0.111.
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Supplementary Figure 2.9 PLS regression analysis of fecal metabolic profiles with
anthropometric and biochemical variables in female and male T2DM. The models’ parameters
were: waist/hip, UV scaling, R2Y(cum)= 0.619, Q2(cum)= 0.241. Permutation test: R2=(0.0, 0.459),
Q2=(0.0, -0.120), p from CV-Anova = 0.137. Urate, UV scaling, R2Y(cum)= 0.456, Q2(cum)= 0.073.
Permutation test: R2=(0.0, 0.252), Q2=(0.0, -0.067), p from CV-Anova = 0.211.
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Supplementary Figure 2.10 PCA analysis of plasma metabolomic profiles between female and
male T2DM subjects. The model’s parameters were: UV scaling, R2X(cum)= 0.846, Q2(cum)= 0.704.
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Supplementary Figure 2.11 PLS regression analysis of plasma metabolomics versus blood urate
in female and male T2DM groups. The model’s parameters were: UV scaling, R2Y(cum)= 0.172,
Q2(cum)=0.078. Permutation test: R2=(0.0, 0.081), Q2=(0.0, -0.077), p from CV-Anova = 0.197.

8.4 Studies between mIS and mIR patients
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Supplementary Figure 3.1 Sequencing and alpha diversity analyses between mIS and mIR. A)
and B) showed the bar plots of sequencing reads. C) displayed the rarefaction curve. D) to F) showed
the different indicators reflecting the species richness when the sequencing depth was 20000. G)
showed Pielou's evenness index which presented the species evenness of a community. Data were
shown as mean =SEM in A), B) and D) to F). Data were shown as the median and interquartile range
in G). * and $ mean p<0.05, 0.05<p<0.1, respectively.
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Supplementary Figure 3.2 Composition of gut microbiota in the mIS and mIR groups. A) and B)
showed the relative abundance of major gut bacteria at the phylum and family levels respectively.
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Supplementary Figure 3.3 PLS regression analysis of fecal metabolic profiles versus hepatic
enzyme GGT in mIS and mIR. The models’ parameters were: UV scaling, R2Y(cum)= 0.537,
Q2(cum)=0.147. Permutation test: R2=(0.0, 0.271), Q2=(0.0, -0.100), p from CV-Anova = 0.045.
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Supplementary Figure 3.4 PLS regression analysis of plasma metabolic profiles versus blood

albumin in mIS and mIR. The models’ parameters were: UV scaling, R2Y(cum)= 0.261, Q2(cum)=
0.193. Permutation test: R2=(0.0, 0.074), Q2=(0.0, -0.087), p from CV-Anova = 0.017.
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8.5 Studies between L-IS and L-IR patients
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Supplementary Figure 3.5 Sequencing and alpha diversity analyses in L-1S and L-IR. A) Bar plots

of total sequencing reads, B) Bar plots of quality filtered sequencing reads. C) Rarefaction curve. D) to

F) Graphical representation reflecting the species richness when the sequencing depth was 20000

determined with different methods reflecting the species richness when the sequencing depth was
20000. G) Pielou's evenness index which presented the species evenness of a community. * and $ mean

p<0.05, 0.05<p<0.1, respectively.
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Supplementary Figure 3.6 Bacterial composition in L-IS and L-IR at A) phylum and B) family level.
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Supplementary Figure 3.7 PLS regression analysis of fecal metabolic profiles versus total
bilirubin in L-1S and L-IR. The model’s parameters were: UV scaling, R2Y(cum)= 0.682, Q2(cum)=
0.280. Permutation test: R2=(0.0, 0.556), Q2=(0.0, -0.114), p from CV-Anova = 0.076.
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Supplementary Figure 3.8 PLS regression analysis of plasma metabolic profiles versus significant
biochemical parameters in L-1S and L-IR. The parameters of models were: A) 1S¢amp, R2Y(cum)=
0.187, Q2(cum)= 0.109. Permutation test: R2=(0.0, 0.107), Q2=(0.0, -0.076), p from CV-Anova =
0.125. B) Hyaluronic acid, R2Y(cum)= 0.220, Q2(cum)= 0.100. Permutation test: R2=(0.0, 0.103),
Q2=(0.0, -0.074), p from CV-Anova = 0.168. All PLS models were obtained by using UV scaling.
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