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SOMMARIO
L'epilessia è una nota condizione caratterizzata da convulsioni, episodi di instabilità

elettrica che provocano scuotimenti involontari nei pazienti. Oggigiorno ci sono

molte strategie, di cui quella farmacologica è la principale, ma circa un terzo dei

pazienti mostra resistenza ai farmaci e, nonostante i diversi approcci terapeutici per

i pazienti resistenti alla terapia, molti non riescono a raggiungere il controllo delle

crisi. È, quindi, importante cercare nuove strategie terapeutiche complementari che

possano influenzare il quadro clinico e migliorare la qualità della vita del paziente.

La connessione tra il microbiota umano e le malattie neurologiche è stata studiata a

fondo negli ultimi anni. In particolare, si ritiene che l'asse intestino-cervello sia un

fattore chiave nello sviluppo della malattia e nella suscettibilità alle crisi.

Ciononostante, le informazioni finora disponibili, in letteratura, sulla composizione

del microbiota intestinale nei pazienti con epilessia sono limitate.

Al fine di verificare l'influenza dei batteri sullo sviluppo e il trattamento dell'epilessia,

durante il mio dottorato di ricerca ho analizzato 3 set di dati di pazienti epilettici: 1)

un set di dati di bambini ricoverati in ospedale dopo la loro prima crisi epilettica e

campionati altre 2 volte, dopo 4 e 12 mesi sottoposti a monoterapia farmacologica;

2) dataset di adulti che utilizzano quotidianamente da più di 2 anni il farmaco più

comune disponibile senza più convulsioni; 3) un set di dati di ragazze affette dalla

sindrome di Rett, una malattia genetica che include disturbi del linguaggio e della

coordinazione e movimenti ripetitivi. Le complicanze dei pazienti con sindrome di

Rett includono crisi epilettiche, e i pazienti assumono gli stessi farmaci dei pazienti

epilettici. Questa coorte è stata aggiunta al progetto come controllo negativo,

opposti ai controlli sani arruolati. Questi diversi set di dati gettano le basi per

speculazioni sui cambiamenti e lo sviluppo del microbiota durante l'esordio

dell'epilessia e una terapia farmacologica costante in termini di diversità batterica,

composizione e interazione.

Il DNA batterico estratto dai campioni fecali raccolti dai pazienti è stato sequenziato

tramite tecniche di sequenziamento di nuova generazione su una piattaforma
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MiSeq Illumina, e le letture risultanti sono state analizzate attraverso una pipeline

bioinformatica utilizzando il software QIIME, R, e Matlab.

È stato osservato che la biodiversità era diminuita in condizioni patologiche e

durante l'assunzione di farmaci in tutti i confronti. Di particolare interesse è il picco

di Akkermansiaceae nel microbiota intestinale dei bambini non in terapia. I campioni

dei bambini hanno mostrato un'interessante firma intra-individuale e una

separazione di diversità nel tempo di trattamento farmacologico, probabilmente

correlata a una ridotta abbondanza di gruppi benefici come Faecalibacterium.

Dall'analisi della matrice di co-abbondanza è emerso un trend opposto dei generi

batterici legati a Subdoligranulum e di quelli associati a Bacteroides. Gli adulti in

terapia farmacologica stabile hanno mostrato alcune tendenze simili ai pazienti Rett

come se, nonostante il diverso quadro clinico, la comunità batterica intestinale

fosse più uniformata e simile in termini di biodiversità. L'analisi di selezione delle

varianti eseguita sui pazienti che non assumevano farmaci e sui pazienti in terapia

ha confermato le famiglie Akkermansiaceae e Christensenellaceae come rilevanti

per l'alterazione della composizione batterica durante il trattamento farmacologico.

La separazione dei batteri Gram-positivi e Gram-negativi ha mostrato un

interessante cambiamento delle frazioni con un andamento a favore dei

Gram-negativi: i diversi strati protettivi potrebbero influenzare o essere influenzati

dall'assunzione del farmaco.

I risultati mostrati in questa tesi evidenziano l'esistenza di differenze in termini di

diversità microbica generale e tassonomia. Ulteriori studi condotti su un numero

maggiore di pazienti in tempi diversi e sviluppo della malattia, e un'implementazione

dell'analisi metabolica che tenga conto delle assunzioni nutrizionali, potrebbero

contribuire a rafforzare questi risultati in termini di interazioni tra il microbiota e

meccanismi innati di difesa dell'ospite, come così come la discriminazione a livello

di genere e al di sotto di esso.
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ABSTRACT
Epilepsy is a well-known condition characterized by seizures, episodes of electric

instability provoking involuntary vigorous shaking in patients. Nowadays there are

many strategies, of which the pharmaceutical is the main one, but around one-third

of the patients show drug resistance and, despite the different therapeutic

approaches for drug-resistant patients, many cannot reach seizure control. Indeed,

it is important to look for new complementary therapeutic strategies that can

influence the clinical picture and improve the patient’s quality of life. The connection

between human microbiota and neurological diseases has been thoroughly studied

over the last years. In particular, the gut-brain axis has been addressed to be a key

player in the development of the disease and to seizure susceptibility. Nonetheless,

there is limited information so far, in literature, about the composition of the

intestinal microbiota in patients with epilepsy.

To check for bacterial influence on epilepsy development and treatment, during my

Ph.D. I’ve analyzed 3 datasets of epileptic patients: 1) a dataset of children admitted

to the hospital after their first seizure and sampled 2 more times, after 4 and 12

months subjected to drug monotherapy; 2) a dataset of adults that are using daily

for more than 2 years the most common drug available with no more seizures; 3) a

dataset of girls affected by the Rett syndrome, a genetic disorder that comprises

impairments in language and coordination and repetitive movements.

Complications of Rett syndrome patients include seizures, and the patients take the

same drugs as the epileptic dataset. This cohort has been added to the project as a

negative control, as opposed to the healthy controls enrolled. This diverse dataset

set the stage for speculations on the microbiota changes and development during

epilepsy onset and constant drug therapy in terms of bacterial diversity, composition,

and interaction.

The bacterial DNA extracted from the fecal samples collected from the patients has

been sequenced through next-generation sequencing techniques on a MiSeq

Illumina platform, and the resulting reads have been analyzed through a

bioinformatic pipeline using the QIIME software, R, and Matlab.
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Biodiversity was observed to be decreased in pathological conditions and along

with the drug assumption in all comparisons. Of particular interest is the peak of

Akkermansiaceae in the children’s drug-naive gut microbiota. The children showed

an interesting intra-individual signature and a diversity separation over

pharmacological treatment time, possibly related to a reduced abundance of

beneficial groups such as Faecalibacterium. From the co-abundance network

analysis, the opposite trend of the group of genera related to Subdoligranulum and

the ones related to Bacteroides have emerged. The adults in stable drug therapy

showed some trends similar to the Rett patients, as if, despite the different clinical

picture, the gut bacterial community was comparable and similar in terms of

biodiversity. The feature selection analysis performed on the drug-naive and the

drug-assuming patients confirmed the families Akkermansiaceae and

Christensenellaceae to be relevant for the bacterial composition alteration during

the pharmacological therapy. The separation of Gram-positive and Gram-negative

bacteria showed an interesting change of the fractions with a trend in favor of the

Gram-negative: the different protective layers could influence or be influenced by

the drug assumption.

The results shown in this thesis highlight the existence of differences in terms of

general microbial diversity and taxonomy. Further studies carried out on a larger

number of patients at different times and disease development, and a metabolic

analysis implementation taking into account the nutritional intakes, could contribute

to reinforcing these findings in terms of interactions between the microbiota and

innate mechanisms of host defense, as well as the discrimination at and below the

genus level.
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INTRODUCTION
1. Epilepsy

Epilepsy is one of the first human diseases ever described, with a rich and

distinguished history. Written records dated epilepsy as early as in the 4000

BC [1] and many famous historical figures have been reported, or suggested

through literature analysis, to had had it: Vincent Van Gogh, Napoleon,

Michelangelo - to name a few. [2] Today, epilepsy affects around 50 million

people all around the world, and it is estimated that five million people are

diagnosed with epilepsy each year. [3, 4]

1.1 Disease characteristics

Epilepsy, or seizure disorder, is a chronic non-communicable disease of the

brain. The term “epilepsy syndrome” refers not to a specific condition but to

similar groups of features occurring in patients: one can be diagnosed with

epilepsy based on seizure characteristics, on the electroencephalography

findings, on external or internal triggering factors, such as genetic

mechanisms and prognosis or response to anti-epileptic drugs. [5]

Generally, the main identifier of epilepsy is the recurrence of unprovoked

seizures: episodes of involuntary movement that may involve a part of the

body or the entire body. Seizure episodes are a result of electric instability or

excessive discharges in a group of brain cells. Depending on whether the

epileptic crisis involves the whole brain in several areas or just a part, the

patient is said to have, respectively, a generalized or a focal/partial seizure

(Figure 1). Seizures can vary from the briefest lapses of attention or muscle

jerks to severe and prolonged convulsions; over 60% of the seizures are
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convulsive. [6] Seizures can also vary in frequency of occurrence, from less

than 1 per year to several per day. Seizures recurrence or the need for

treatment are conditions that define a patient with “active epilepsy”; the

estimated proportion of the general population with active epilepsy at a

given time is around 4-10 per 1000 people. [7]

Characteristics of seizures vary and depend on where the disturbance first

starts in the brain, and how far it spreads. Temporary symptoms, such as

loss of awareness or consciousness, and disturbances of movement,

sensation (including vision, hearing, and taste), mood, or other cognitive

functions often occur. Sometimes seizures are accompanied by a loss of

consciousness and control of bladder or bowel functions. Usually, after

experiencing these episodes, people do not remember what happened and

the recovery period may last from minutes to hours (“post-ictal phase”);

confusion, headache, and difficulty in speaking are generally the main

symptoms ensuing but, in some cases, psychosis and behavioral disorders

may happen. [5]

People with epilepsy tend to have more physical problems (such as

fractures and bruises from falls and injuries related to seizures), as well as

higher rates of psychological conditions, including anxiety and depression.

Figure 1: Activity in the brain. Compared to the brain of a non-epileptic subject (A),
the different electric activity indicate whether a seizure is limited in one region (focal, B)
or taking place in several areas of the brain (generalized, C).
(Image credit: adapted from Shutterstock)

A B C
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Similarly, the risk of premature death in people with epilepsy is up to three

times higher than in the general population, with the highest rates of

premature mortality found in low- and middle-income countries and rural

areas. [7] During convulsive seizures some first-aid measures need to be

employed: positioning the patient on his/her side in order to avoid fluids from

getting into the lungs and, whether the seizure worsens or lasts more than

five minutes, administering benzodiazepines, such as midazolam or

diazepam. Usually, a period of clinical observation should follow to assess

possible brain damage or to avoid sudden relapses. [5]

1.2 Causes and diagnosis

Although many underlying molecular mechanisms can lead to epilepsy, the

cause of the disease is still unknown in many global cases.

The causes of epilepsy can be divided into categories: structural, genetic,

infectious, metabolic, immune, unknown. Since epilepsy is a

non-communicable disease, it is not contagious. Epilepsy could be

provoked by brain damage from prenatal or perinatal causes (for example, a

loss of oxygen or trauma during birth) or by congenital abnormalities or

genetic conditions with associated brain malformations; it can be caused by

a severe head injury, a stroke that restricts the amount of oxygen to the

brain, or by an infection of the brain, such as meningitis or encephalitis;

moreover, certain genetic syndromes can lead to epilepsy, and so do brain

tumors. [5]

Whichever cause leads to the disorder onset, patients often display

abnormal brain wave characteristics, due to the nature of the seizures, even

when they are not experiencing them. Proper diagnosis of seizures and

epilepsy is essential for effective treatment. Diagnostic tests can help

determine if and where a lesion in the brain is causing seizures. Thus, there
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are six main forms of generalized seizures according to the characterizing

symptoms of each type: tonic-clonic, tonic, clonic, myoclonic, absence, and

atonic seizures. The recognition of the right one is essential to determine the

adequate drug treatment. [8]

The tool used to measure and identify abnormal electrical activity in the

brain is the electroencephalograph (EEG), usually performed in a

specialized outpatient clinic. The electrical signals in the brain are monitored

with electrodes (sensors) attached to the scalp, within a range of time that

goes from minutes to a couple of hours. Neurologist and clinicians read the

EEG result, in order to find evidence of abnormal electrical activity in the

brain and eventually figure out the type of seizure a patient is having. Brain

imaging such as positron emission tomography (PET), magnetic resonance

imaging (MRI), Single Photon Emission Computed Tomography (SPECT),

and computed tomography (CT) scans are used to observe the structure of

the brain and map out damaged areas or abnormalities, such as tumors and

cysts, which can be the underlying origins of seizures.

Nonetheless, an epilepsy diagnosis cannot be made based on the EEG

findings only: the history and anamnesis of the patients are needed in order

to provide a reasonable clinical supposition for a correct diagnosis. [9]

Furthermore, seizures do not occur frequently as random events in the

population: the subjects that will be diagnosed to be affected by epilepsy

often had their symptoms triggered as they experience disturbances or

altered behaviors such as, among others, stress, lack of sleep, alcohol

abuse, flickering light, sudden noises, emotional upheavals. The limit

beyond which seizures occur is known as “seizure threshold”, which varies

among individuals and is lower in people that would be affected by epilepsy.

[10]
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1.3 A rare disease characterized by seizure onset: the Rett
syndrome

Epilepsy can be a condition per se, but can also be a secondary effect in

other syndromes, as they can be characterized by seizure episodes.

This happens, for example, in the Rett syndrome (OMIM: 312750), a genetic

disorder that typically becomes apparent after 6–18 months of age. This

condition affects about 1 in 15000 girls, due to mutations in the MECP2

gene (encoding for the methyl CpG-binding protein 2) linked to the X

chromosome. The typical Rett symptoms include impairments in language

and coordination and repetitive movements, along with slower growth, a

smaller head size, and difficulty in walking. [11]

Complications of Rett syndrome can include seizures; this, along with the

absence of a known cure for the condition, explains why these patients are

often assuming an anti-epileptic therapy.

1.4 Therapy

Seizures can be controlled through drug therapy, prescribed after the

assessment tests, shortly after the onset of the disease. Up to 70% of

people living with epilepsy or syndromes epilepsy-related could become

seizure-free with the appropriate use of anti-epileptic drugs (AEDs).

The main treatments currently available in Italy include valproic acid (VPA),

ethosuximide (ETS), lamotrigine (LTG), levetiracetam (LEV),

carbamazepine (CBZ), topiramate (TPM), and phenobarbital (PB). All of

these drugs have a low cost, come in form of a pill and have to be taken

daily, with the dosages prescribed by the patient’s physician after an

electroencephalogram analysis. [12]
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Despite the many anti-epileptic drug therapies available, around one-third of

the epileptic patients develop drug resistance. [3, 7]

The several AEDs in use have different sites of action, therefore the

molecular mechanisms that lead to drug resistance are likely to be different

as well. There are several molecular reasons hypothesized to be

responsible for this resistance: the “transporter hypothesis” says that the

drug may fail to reach its target [4]; the “target hypothesis” is about a

reduction in the target’s sensitivity to the treatment [13]; a hypothesis about

the drug missing its target, since the drug’s scope is to prevent seizures but,

as the seizure trigger is not due to the same pathogenic process in every

patient, it may not hit the specific mechanism involved for the individual. [4]

Novel targets for future drug development could cover these kinds of

situations, in order to find the right therapy for every epileptic patient.

When monotherapy fails, prescribing the combination of two or more drugs

together is a common and fast solution for gaining a moderate reduction of

seizure attacks. Research studies in mice suggest that administering two

AEDs acting on the same pharmacologic mechanism is less effective than

administering two AEDs with different paths of action. [14] In fact, the drugs

combined are usually chosen based on their different modes of action: for

example, among the most used combinations, VPA and LTG are assumed

for partial onset and generalized seizures cases [15, 16], while VPA and

ETS are indicated for patients with absence seizures. [17]

In case the pharmacological treatment proves to be insufficient for the

patient, the surgical approach should be often considered: in 60-70% of

cases, it is proven to be resolutive by removing a mass (e.g. a tumor) or

cutting some brain parts (e.g. the hippocampus). [18] For those who are not

eligible for surgery, other strategies are the neurostimulation, which is the
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application of electric stimuli to the vagus nerve, in order to suppress the

abnormal discharges in the brain [19], and the ketogenic diet (as reported in

Introduction, 2.1.4 Diet Influence, page 17).

Despite different therapeutic approaches currently available for patients with

drug-resistant epilepsy, many patients cannot reach seizure control. Indeed,

it is important to look for new complementary therapeutic strategies that can

influence the clinical picture and improve the patient’s quality of life.
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2. Microbiota

In the last decade, there has been an increasing excitement on the potential

contribution of the bacteria species living in our gastrointestinal system to

human diseases, and their possible role in a cure as part of the treatment.

2.1 Our forgotten organ

The living organisms, on a micrometric scale, are called microbes (from the

Ancient Greek words μικρός, “small” and βίος, “life”). This term includes a

huge variety of species living on the planet, either single-celled or as a

colony, many of them still unknown: it comprehends all bacteria, archaea,

protozoa, and fungi species. They live in every part of the biosphere, and

live in every macroorganism, such as plants and animals - humans included.

As the term “microorganism” concerns the singular individual of a species,

the term “microbiota” represents the community of organisms that reside in

a specific environment. The microorganisms living in our body, including

bacteria, viruses, and archaea, are called collectively “human microbiota”,

with distinct district names depending on which specific site is the subject;

among them, the gastrointestinal tract hosts the most studied one: the gut

microbiota (GM).

Collectively, the human microbiota species outnumber eukaryotic cells by as

many as ten to one and their collective genome is estimated at 150 times

larger than the human gene complement. [20, 21] However, because of their

very small size (which is about one-tenth the size of eukaryotic cells, with a

range of 0.5-5.0 µm), the microorganisms make up a small portion of human

body mass. This portion can weight up to 2 kilograms and has a common

composition in the human population for about one-third; the remaining

two-thirds are specific for each individual.
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Microbiota species live and act in ecological communities, have many roles

in the normal activity of the host’s body and several metabolic and immune

functions. All of these elements lead the human microbiota to gain the

definition of an “organ”, generated after birth with the first bacterial

colonization [22, 23] and evolved throughout the entire lifespan of the host,

as a result of all the environmental, dietary and health influences. After one

century of molecular biology, the existence and importance of the human

microbiota have been studied only in the last two decades, also due to the

difficulties in cultivating the anaerobes species. That is why, many times, our

microbiota is called “a forgotten organ”. [24]

Within the gastrointestinal tract, the microbial population varies from district

to district. (Figure 2) In the stomach, bacterial abundance is lower than in

the intestine due to the extremely acid pH from the gastric juices, but it is still

present. [25] The duodenum has a limited microbiota as well, this time due

to the rapid transit of nutritional compounds and to the secretion of biliary

and pancreatic fluids that kill the majority of the bacterial species ingested;

furthermore, its propulsive movement activity prevents a stable lumen

colonization. [26]

There is a progressive increment in the number of bacterial species from the

jejunum to the ileum, in particular of Gram-negative and obligate anaerobes.

In contrast with these two areas, the colon swarms a dynamic and complex

microbial ecosystem mainly made up of strict anaerobes [20, 27],

particularly abundant due to the great substrate availability, the suitable

surfaces, and a good environment for bacterial growth, with slow transit and

a tolerable pH. [28, 29] The colon tract is the main contributor for the total

microbiota abundance; hence, it is the hub for estimating the number of

bacteria in the human body.
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2.1.1 Functions

While every human has a unique gut microbiota composition, its physiologic

functions are basically the same. [31]

The term "microbiome" indicates the overall genome of the ecosystem, in

this case in the intestinal environment. These codes for a metabolome (set

of all metabolites produced by the community) that is more multifaceted than

that of man, since the combined genomes of all organisms present in the

microbiota (bacteria, archaea, eukaryotes, and viruses) constitute a wealth

of millions of genes capable of carrying out metabolic functions that our

organism has not developed in the course of evolution, precisely because

they are already supplied by symbiont bacteria. Taken altogether, the

microbiota has an overall genome 100 times bigger than the human one,

Figure 2. The human body offers a great diversity of habitats. For example: 1) Oral
microbiota, 2) Microbiota of the armpit, 3) Gut microbiota, 4) Skin microbiota, 5) Vaginal
microbiota, 6) Microbiota of the foot, between the toes. (Source: [30])
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which allows a great contribution to the host metabolism and an essential

role in food conversion into nutrients and energy. [32, 33]

Each bacterial community will communicate with other microbes by several

mechanisms: they can exchange molecular and genetic material via

horizontal transfer, and alter their collective behavior on a population-wide

level in response to surrounding species or stimuli, like temperature or pH

variations. Among others, these mechanisms remodel the microbial

composition of the community. [34, 35, 36] Furthermore, a great quantity

and variety of extracellular enzymes, toxins, antimicrobial compounds,

inflammatory cytokines, and metabolites generated by the bacterial

community within the host can modulate host physiology. [37, 38]

Through dynamic microbe-microbe and/or microbe-host interactions, the

diverse microbiota is not only established and maintained but also

contributes beneficial or pathological influences to host health.

One of the main microbiota functions is its crucial role in the immune system.

The delicate balance maintenance in the immune system is crucial for the

health status of a host, and it occurs with the invasive pathogen elimination.

A self-tolerance towards the beneficial bacteria is kept in order to avoid

autoimmunity issues (tolerance that often lacks in patients with autoimmune

disorders). [39]

Resident bacteria are a fundamental line of resistance to colonization by

exogenous microbes. They actively regulate the production of nutrients by

the host through a negative feedback mechanism, in order to prevent the

availability of nutrients for potential pathogens. Besides, they compete for

attachment sites on the brush border of intestinal epithelial cells and

produce antimicrobial substances, inhibiting the growth of their pathogenic

competitors.
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Furthermore, the gut microbiota and its metabolites stimulate the immune

system. Given the bacterial ability to affect intestinal permeability [40],

mucosal immune function [41], and the activity in the enteric nervous system

[42], the gut microbiota has also been shown to be involved in modulating

gastrointestinal functions. Additionally, several studies suggest that the

microbiota and its metabolites are likely to be involved in modulating

behaviors and brain processes such as repressiveness to stress [43],

anxiety, and depression [44]; eating behaviors [45]; and brain biochemistry.

[46]

The intestinal mucosa represents the main interface between the immune

system and the external environment, and the collaboration between the

host and the bacteria seems to play a role in the development of the

immune system itself. As a result of this interaction, there is a protective

response on the part of commensal bacteria, i.e. an inflammatory response

to pathogenic organisms or the triggering of apoptosis. The commensal

bacteria of the gastrointestinal tract therefore play an active role in the

development and homeostasis of the immune system. [33, 47]

2.1.2 Composition

The gut microbiota is made up of 500-1000 species, dominated by

anaerobic bacteria. [48] They have many different lifestyles and abilities,

and their composition and distribution vary depending on the age, health

status, and diet of the host. Each specific site taken in exam is characterized

by a different microbiota composition one from each other and, thus, since

the gastrointestinal tract extends from mouth to anus, there are several

microbiota depending on the sample collected. [49]

In the stomach, microbiota composition is characterized mainly by

Lactobacillus and Streptococcus, which reside in the mucosal layer that
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covers the gastric epithelium. Among the Proteobacteria in this organ, of

particular importance is Helicobacter pylori, whose ideal habitat is the

gastric mucus, because it produces metabolites that are toxic for the

mucosa and cause the onset of several diseases like gastritis and ulcer. [50]

Bacteria and fungi increase their number, density, and complexity

proceeding along the gastrointestinal tract: from the proximal gastric and

duodenal, with a prevalence of aerobic organisms, the population in the

cecum and the colon becomes mainly made up of anaerobic bacteria, due

to the decreased oxygen availability. Three bacterial phyla dominate the gut

microbiota in western adults: Firmicutes, Bacteroidetes, Proteobacteria, and

Actinobacteria. [51]

As for the small intestine, few studies have been conducted due to the

difficult sampling. However, some molecular analysis studies have been

carried out on bacteria associated with mucous membranes, and these

have reported the enrichment of the species of Streptococceae and

Lactobacillales (Bacillus subgroup of Firmicutes), of Actinomycinaeae and

Corynebacteriaeceae (an Actinobacteria group), with a reciprocal decrease

of the species Clostridia and Bacteroides. [52]

In the colon/gut microbiota, the Firmicutes phylum is the most abundant one,

comprising more than 200 genera, followed in a lesser amount by the other

phyla. In fact, the typical colon microbiota of a healthy patient is generally

composed for more than half (about 65%) of Firmicutes, 25% of

Bacteroidetes, 8% of Proteobacteria, about 5% of Actinobacteria, and then

from other minor phyla [49, 53], although the relative abundance of these

phyla can vary greatly from individual to individual, especially in response to

various environmental factors or differences in the diet and lifestyle of the

individual. [54]
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Many studies have demonstrated the beneficial effects, direct or indirect, on

the host by prebiotics and probiotics (respectively, nutrition metabolized by

the microbiota and living microorganisms consumed with the diet), such as

the recovery of the microbial composition following the use of antibiotics or

other medications. As fermentable carbohydrates and, therefore, nutrients

for beneficial bacteria, prebiotics help improve the functionality of the

microbiota by stimulating the growth and activity of probiotic bacteria

(Bifidobacteria and lactic acid bacteria) and, in turn, having beneficial effects

on the gastrointestinal and immune systems. [55] Probiotics, on the other

hand, are present in some fermented products such as yogurt and help the

intestinal microbiota to maintain its balance, integrity, and diversity. [28]

However, there is a lack of evidence of the impact of probiotic supplements

on the composition of the fecal microbiota in healthy adults, as reported in a

recent study. [56]

On the other hand, a main factor that can perturb the composition of the

microbiota is the use of antibiotics. These have a profound effect on the

microbiota and their misuse or excessive use is associated with an increase

in antibiotic-resistant pathogens. Studies have been conducted that prove

large alterations of the microbiota following treatment with antibiotics. [57]

Although specific taxonomic groups affected may vary among individuals,

some of these do not recover even months after treatment and, in general,

there is a decrease in bacterial diversity in the long term. The bacterial

community regenerates after antibiotic treatments, but a reduced resistance

to colonization is observed, which allows external microbes to be able to

supplant the commensal ones causing permanent changes in the structure

of the microbiota and changing the disease state. [58]
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2.1.3 Development through life

For many years, it has been assumed that the human fetus was

microbiologically sterile and that bacterial colonization began during and

after birth, when the newborn comes into contact with the vaginal canal

microbes, the environment, the mother's skin and her breast milk. [23] The

thought that the womb is sterile and, accordingly, that a neonate's

microbiota starts at birth was an accepted fact. However, recent studies

suggest microbial communities exist in the placenta, amniotic fluid, and

meconium: the human fetus could not reside in a sterile environment. [59]

As for the bacterial colonization of the intestine, data about the fetus

microbiota is still lacking, due to the difficulties in collecting a sample before

birth. As for the newborn’s gut microbiota after birth, several studies show

how it is a gradual process. Typically the first colonizers are facultative

anaerobic bacteria, followed by strict anaerobes such as Bifidobacterium,

Bacteroides, Clostridium, and Eubacterium [60, 61]; the change in the

breathing mechanism and consequently the change of bacteria occurs

thanks to the progressive decrease in oxygen present in the gastrointestinal

tract caused by the metabolism of facultative anaerobes.

There are many factors that have an impact on the development of the

baby's microbiota, such as the mode of delivery, the age of the pregnant

woman, infant hospitalization, antibiotic therapy, the mother's microbiota

and the mode of feeding during the early stages of life [62, 63]; geographic

location is also very important, as demonstrated in a study among European

countries. [64] It seems that newborns born with complete gestation and

vaginally and who were then fed only by breastfeeding during the first

months of life have the healthiest microbiota, while children born by

cesarean section have a delayed colonization and fewer Bacteroides and

Bifidobacteria [65]; the latter are also more colonized and to a greater extent
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by Clostridium. The differences between the two groups of newborns persist

up to one year of life. [66]

During this first year, a large fluctuation in the composition of the microbiota

is observed, mainly due to the weaning and gradual introduction of new

foods and solid foods, but also to the gradual exposure to environmental

bacteria. The microbiota reaches stability only between the first years of life,

after weaning is completed, when it becomes similar in composition to that

of an adult individual. [67]

The complex microbial community of an adult individual typically consists of

a few hundred species, but in some individuals the species richness can run

into the thousands. [68, 69] The estimate of the richness and complete

microbial diversity in the human population varies from several thousand up

to 40,000 species [70, 71] increasing with development and reaching the

highest complexity in the individual. [72]

Each individual has a growing microbial composition that remains relatively

stable throughout most of an adult's life. Although the individual microbial

composition has an "individual core" that varies at the bacterial phylum level

and depends on the depth of the analysis [73, 74], the general phylogenetic

profile can be categorized into a limited number of well balanced symbiotic

states between microbes and host, the so-called enterotypes. [75]

In the later stages of life, the composition of the microbiota changes again

and becomes less diverse and more dynamic, characterized by an

imbalance from Bacteroides to Firmicutes, an increase in Proteobacteria

and a decrease in Bifidobacterium. [76] As a result, older people have

substantial microbial differences with younger people and it is also

interesting that the microbiota varies significantly even beyond the age of
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70-80, with differences in the composition in centenarians and semi

super-centenarians (105-108 years old). [77, 78]

2.1.4 Diet influence

Diet is a major factor shaping the composition of the intestinal microbial

community, as what the host ingests can provide the correct nutrients for

bacterial growth. [79, 80] For example, certain types of dietary fibers, known

as microbiota-accessible carbohydrates, represent an essential energy

source to a healthy intestinal microbiota. [81]

The several different dietary habits around the world shape in different ways

the population gut microbiota:for example, variation across human

populations have been observed between the “Western diet” typical of

peope living in metropolitan areas and the dietary habits of rural areas. [82]

Of particular notice is the comparison of the bacterial community of a native

population, the Hadza of Tanzania, and Italian subjects [83], which lead to

the hypothesis that the peculiar hunter-gathers GM could enhance their

ability to digest and metabolize better the nutrients from fibrous plant foods.

Apart from these dramatic composition shifts, the gut microbiota within a

person responds rapidly to dietary changes throughout the entire lifespan.

Bacteria are regularly purged through the colon but have the ability to

double in number within one hour; within 24-48 hours of a dietary

intervention, rapid changes are thought to alter the microbial composition on

a genus and family level. [84]

The extensive dietary changes commonly adopted in the population, such

as vegetarian or vegan diets, can alter the gut microbiota composition in

specific and peculiar ways, primarily influenced by a higher fiber amount

derived from fruits, vegetables, and plant-based foods. [85]
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The ketogenic diet (KD) is extremely fiber-deprived, with high fat and low

carbohydrates consumption. This diet has proven efficacy for refractory

epilepsy [86, 87], and has been reported that it could significantly reshape

the gut microbiota of epileptic infants. [88] Recent studies have investigated

changes in the gut microbiota in adult patients with epilepsy during KD,

showing a diminished relative abundance of Bifidobacteria species and

other fiber-consuming bacteria. [89]

The mechanism activated by the KD is the ketosis, i.e. the conversion in the

liver of the dietary fat in a high amount of ketone bodies circulating in the

blood. These ketone bodies are used as an “alternative energy substrate for

ATP production in the cells of the body including the brain”. [90] Many

biochemical, metabolic and hormonal changes are induced by this energy

shift, and these changes may contribute to the number of seizures reduction,

decreasing the neuronal excitability. It is currently unknown whether fiber

intake change or influence on the gut microbiome contributes to the

anti-seizure effect, or whether this is only a potentially problematic

consequence for the gut microbiome when increasing the dietary fat intake.

[90]

2.2 Gut-brain axis

Comprising ~150 times more genes than the human genome [91], the gut

microbiota offers a multitude of enzymatic reactions. Health-promoting

metabolites, such as vitamins and short-chain fatty acids (SCFAs), are

produced by bacteria and impact both gut and peripheral health via several

gut-organ-axes. One of such axes, the microbiota-gut-brain axis has gained

tremendous attention in the research community in the past years.

The gut microbiota and the brain can communicate bidirectionally through

the central and enteric nervous systems as well as endocrine, immune, and
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metabolic pathways. [92] (Figure 3) It has been shown that the intestinal

microbiota influences the central nervous system (CNS) physiology and

neurochemistry impacting behavior, cognition, mood, anxiety, and

depression. [93] Intestinal dysbiosis has been associated with a variety of

neurological disorders, e.g. autism [94], multiple sclerosis [95], Parkinson's

[96], and Alzheimer's. [97] The composition of the gut microbiota is

influenced by environmental factors and to a lesser extent by host genetics.

[98]

Figure 3: Possible mechanisms of gut-brain axis interactions. 1. The interaction of
the GM with the immune cells in the gut, prompts them to make cytokines circulating from
the blood to the brain. 2. Enteroendocrine cells produce neuroactive molecules and
peptides, interacting the vagus nerve, which sends signals to the brain. This mechanism
could be stimulated by the GM. 3. Neurotransmitters can be produced by the bacterial
species in the gut. These metabolites circulate to the brain, where some of them are small
enough to cross the blood-brain barrier, while others alter cell activity at the barrier itself.
4. Recently gut bacteria have been found in human brain tissue, suggesting that microbes
might somehow be making their way into the brain. (Source: Adapted from [99])
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Recent advances in microbiology have characterized the functional

interactions between microbiota and host. This “forgotten organ” is now

considered not only as a key player in human homeostasis but also as a

direct/indirect causal agent in influencing various diseases such as allergy,

irritable bowel syndrome, type 2 diabetes mellitus, obesity, cancer, and

neurological diseases. [100] The gut microbiota is thought to be connected

to the disease through the so-called “gut-brain axis”, a way of interactions

between the brain and the microbial community living in the gastrointestinal

tract.

In the last few years, the potential contribution of the microbiota in our

gastrointestinal system to CNS diseases has opened many research and

future opportunities. The CNS and the enteric nervous system (ENS) of the

gastrointestinal tract are tightly connected by hormones, neuromodulators,

and neurotransmitters related to efferent/ afferent nerves including the

vagus nerve. As most (>95%) of the microbiota in our body are

gastrointestinal residents, these microbes are perfectly situated to react to

and influence neuronal, humoral, metabolic, or immune signaling underlying

the gut-brain relationship.

On the one hand, as an example, elevated levels of noradrenaline in the

gut-lumen (caused by stress, for example) can influence gene expression or

abundance of some bacteria. [101, 102] On the other hand, mice grown in a

germ-free environment demonstrate exaggerated stress responses and

anxiety behaviors related to changes in the hypothalamic-pituitary-adrenal

axis. [103] Similarly, disruption of the maternal gut microbiome perturbs the

neurodevelopment of their offspring, which show autism-like behaviors that

can be rescued by introducing the commensal bacteria species

Lactobacillus reuteri. [104, 105] These studies emphasize this bidirectional
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relationship and support disruption of gut homeostasis as a potential risk

factor in psychiatric or neurological disorders.

To date, high-quality evidence about alterations of microbial ecology or the

production of microbial-derived metabolic products in human patients with

brain or gut-brain disorders is limited. [106] There is still little clinical

information about the gut-brain axis mechanisms in diseases, and if acute

alteration of the intestinal microbiota actually effect clinical symptoms. [107,

108]

Furthermore, it is still up to debate whether the patients with these disorders

have gut bacterial alterations due to an imbalance from the gut microbial

interface (bottom-up theory) or changes the signal transmission from brain

to gut (top-down). [109]

2.3 Gut bacteria, diseases, and epilepsy

In public opinion, bacteria have been seen as harmful to our health and

associated with dirty environments. Modern microbiology recognizes the

existence of a bacterial species spectrum, depending on their role and

interactions with or inside the host. In fact, the majority of bacterial species

that make the gut microbiota composition are either harmless or beneficial

(respectively called commensal bacteria and symbionts); relatively few

types of bacteria (called pathobionts) expose the host to a certain risk,

infections, or diseases. [110, 111]

Most of the time, in a complex environment as the intestinal one, the

pathobiont bacteria are usually suppressed thanks to the other huge amount

of beneficial gut bacteria that promote the regular balance. [112] There is no

clear definition for the characteristics of a “healthy” human gut microbiota
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community, despite the several and important research projects aimed to

this issue, such as the Metagenomics of the Human Intestinal Tract,

MetaHIT, and the Human Microbiome Project, HMP. An average

composition can be deduced by healthy donors, but the multitude of factors

that influence the microbiota is so important that defining a sample or patient

truly healthy can be complicated.

Nonetheless, the composition described before (Introduction, 2.1.2

Composition, page 12) is a general information about the gut microbiota

composition in non-diseased patients. Alteration in the host’s health and/or

lifestyle may lead to the loss of balance in the microbiota, which can remain

altered during the entire period of alteration; when it reaches a modification

so deeply different from the normal composition, this kind of gut microbiota

is called to be in a state of “dysbiosis”. This status can be connected to

chronic diseases, intestinal function disorder, intestinal inflammation, stress

condition, allergies, and many other situations.

For what concerns epilepsy patients, there is still little information about the

gut bacterial alteration that can occur, and how it could be linked to seizures

or drug therapy. [90] The majority of research studies focus on case-reports

or small cohorts, for example with a fecal microbiota transplant, [113] and on

patients in KD [89]. Since this diet has been proven to profoundly influence

the gut microbiota with or without a disease, [114] despite its recognized

role in reducing the number of seizures, further investigations are needed to

understand which bacterial species are characteristic of an epileptic patient

with no man-made alterations.
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3. The analysis

The microbiota is the subject of the metagenomic analysis, a term that

indicates the usage of modern genomic techniques for studying the entire

gene content of all bacterial communities present in a sample, avoiding the

necessity for the isolation and cultivation of the singular species. This has

been particularly relevant for anaerobic bacteria, which make up the

majority of the microbiota.

Given the huge number of bacterial groups present in each microbiota

sample, singular species determination is not possible: to obtain the

microbiota composition, it is necessary to use the so-called “next-generation

sequencing” techniques and a bioinformatic procedure, essential for the

identification of specific patterns in patients.

3.1 Sample types

Metagenomic analysis in humans can be performed from potentially any

kind of sample: studies have been conducted on saliva, tissues (epidermis,

mucosal), nasal swabs, genitalia, but the most common sampling is feces.

For the great influence of diet and the numerous niches and species present

in the gastrointestinal tract, fecal samples are the most studied and

commonly used for gut-brain axis studies to characterize bacterial presence

and differences among hosts. Furthermore, fecal samples are easy for the

patients to collect and provide, via non-invasive and inexpensive procedures,

and the bacterial DNA extraction has several solid protocols to follow that

minimize the human error and ensure a clearer result. For these reasons,

for this present study, fecal samples have been used.
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3.2 The sequencing necessity

The main objective of human microbiota research is to observe and

measure the microbial community structure and dynamics, which are the

relationships among its members, which substances are produced and

consumed, and, eventually, the interaction with the human host and what

distinguish one microbiota to another considering the patients’ different

status (health, nutrition, drugs, etc.).

Until over a decade ago, gut microbiota comprehension was limited by

technical issues, as bacterial community members have always been

identified in vitro through comparisons among colonies using their

physiologic/phenotypical characteristics. This culture-dependent methods

needed the microorganism to be isolated in a lab to be studied on selective

media. Given that the human microbiota hosts several hundreds of species

and that there are more than 104 bacterial cells per gram or milliliter of

luminal content, this culture method became insufficient for the

metagenomic study; furthermore, many bacterial species in the gut are

strictly anaerobic and have never been cultivated.

New genetic technologies allow the identification of the complex gut

metagenome and its influence on the health and diseased status of the host.

One of the main limitations of this sequencing method is that by identifying

the DNA present in the sample, we cannot tell whether it belongs to a living

or dead microorganism, if it was present due to the host defense or if it was

at the end of its life cycle. To have a clearer picture of the bacterial presence

and activity, metagenomic data has to be integrated with transcriptomic,

metabolomic or proteomic data in order to see which bacteria were actually

active in the sample analyzing the transcripts, the metabolites produced or

the protein expressed, respectively.
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3.3 Obtaining the base sequence

After extracting the bacterial genetic material from the patient’s sample, the

microorganisms can be identified through determination of their nucleic acid

composition. This process is called “sequencing”, as it allows to collect the

nucleotide sequence of the bacterial DNA or RNA.

The most popular sequencing method used nowadays is the so-called

“next-generation sequencing” (NGS)[115], as it followed the first sequencing

reactions made by Frederik Sanger in 1977 [116] and his strategy for base

reading and error percentage: the speed, the simplicity and the output (from

thousands to hundreds millions of sequences per sample) of the new

processes determined the huge success of many companies and platforms,

each based on different working strategies. The platforms on the market

differ for the molecular mechanisms used for obtaining the nucleotide

sequence, but they all have the common idea of the sequencing by

synthesis: Roche 454 uses the pyrosequencing, while Illumina exploits the

bridge amplification for emitting the fluorescent light; Ion Torrent uses the

detection of hydrogen ions released during the polymerization of a template

DNA strand; among the newest instruments, PacBio an uninterrupted

template-directed synthesis of an entire DNA molecule in real time. [117,

118, 119]

Each of these and of the non-listed sequencing approaches and platforms

have strengths and weaknesses, and must be accurately chosen on the

basis of the sample type, the quality and quantity of output desired, the

sequencing depth and the budget in disposal. [120] For example, for a more

accurate and wide data, as species or strain taxonomic assignments and

functional pathways identification, a Whole Genome Sequencing (WGS) is

commonly used. [121] This technique allows to obtain data about the entire

bacterial genome, not only from a selected portion as with the NGS methods,
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and the functional characterization of the microorganisms in the samples.

Despite the greater features, WGS is less frequently used than the NGS as

it has a much higher cost (about 10 times more expensive): the NGS choice

provides a rapid and economic choice for characterizing the microbiota

composition, with a good resolution, even if not enough to get reliable

information below the genus level.

The platform used in this present study is the MiSeq instrument, produced

by Illumina (San Diego, CA, USA), released on the market between 2012

and 2013. It can process up to 384 samples per time, obtaining around 15

GB of sequences. [122] The high amount of samples that can be submitted

in one analytic process (also called a “run”) is due to the multiplexing

strategy, which consists in the identification of the single samples through

short known nucleotide sequences ligated at the end of the fragments

generated. The short nucleotide sequences attached are called “index” or

“barcode”, and the fragments produced by the bridge amplification

sequencing happening in the MiSeq are called “reads”. By separating the

indexes, it is possible to extract and identify the genomic content of each

sample.

What is assembled with the MiSeq machine, though, is not the entire

genomic content of all the bacteria present in the samples, despite the

gigabytes size would suggest a consistent data amount. Each run produces

up to 15-20M reads, with a maximum length of 300 nucleotides, in a

so-called paired-end method, which consists of the sequencing of the two

terminal ends of the amplified fragment. The sequencing target is a

ribosomal protein, a characterizing portion of the bacterial genome, that

allows the most possible identification and quantification of the organisms in

the sample: the 16S sub-unit of the ribosomal RNA (rRNA) gene.
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3.3.1 The target gene

The 16S rRNA gene is now considered the cornerstone of bacteria and

archaea classification after the American biologist Carl Woese, in 1977,

used molecular phylogenetic techniques applied to this component and to

the gene that codes for it. The 16S rRNA is 15,9 kilobases long and has 9

hypervariable regions, denominated from V1 to V9. These regions are

alternated to highly conservative ones, common to all bacteria and archeae.

The conserved regions are targeted by “universal” primers that allow the

sequencing and identification of the hypervariable ones, which are amplified

through a polymerase chain reaction (PCR) before sequencing: they are

peculiar for each species and, therefore, allow the taxonomic distinction -

even for unknown species.

This step produces a library of double-stranded DNA fragments that can be

recognized by the MiSeq sequencer through specific adapters. The DNA

amplified from all the samples, then, is pooled together and submitted in the

machine with the reagents needed for the sequencing reactions. The

sequencing itself takes place on a flow cell, a thin glass chip with a lane

containing billiards of templates deposited in fixed positions, which grant a

stochastic distribution of the reads clusters, in order to provide a better and

clearer base signal, producing a bigger data output. [123]

The DNA pool is heated and one of the double strands is cut and washed off,

leaving a single strand on the flow cell. At every sequencing cycle, the four

nucleotides (A, T, C, G), marked with a fluorescent molecule, are added on

the flow cell and they pair with the complementary base on the single-strand

DNA fragment. The sequencing reaction stops at every base added, and the

picture derived by the laser excitation of the last fluorophore added is

collected through a CCD camera (Charge-Couple Device). The fluorescent

marker is removed from the nucleotide paired and a new base is added.
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This step is repeated at every cycle, until the sequence is over and the

sequenced strand gets washed away and the single-strand hangs down on

another template, flipping the nucleotide molecule, and the sequencing

process starts again, from the other end of the fragment.

The MiSeq sequencer, in the end, delivers the conversion of the luminous

signal in an analyzable output and removes the multiplexing barcode,

preparing the reads for the following step. The reads length obtained in the

sequencing process is limited by several factors that cause a decadent

signal: a lower read quality could be due to incomplete cuts of the

fluorescent markers or of the terminal portions anchored on the flow cell;

nucleotide mis-call or mis-assignment, rather than a base insertion or

deletion is the most common error type.

3.4 The bioinformatic approach

All the analysis performed for the study presented in this thesis have been

carried with the Quantitative Insights Into Microbial Ecology software

(QIIME): an open-source software designed for the transition from the raw

sequencing data to its interpretation and its deposit into a public database.

[124] It has been developed a decade ago and, with its several releases and

new features that cover the majority of researchers biological questions, it is

still considered the main software for 16S analysis, despite the competition

of similar packages.

Once the sequencing reads have been obtained from the MiSeq, the data

analysis with QIIME consists of three steps: 1) reads quality assessment; 2)

clustering and alignment; 3) use of these data to produce representations of

the similarity of communities such as abundance curves, biodiversity plots,

and ecological and statistical descriptors of the bacterial community

structure. [125]
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3.4.1 Reads quality assessment

The first step comprises all the processing and filtering procedures

necessary to prepare the data for the bacterial analysis and interpretation.

16S rRNA gene data analysis quality is crucial for a correct classification of

the microorganisms involved. The reads quality and length are detected in

the first place. Pre-processing methods for trimming the bases read by the

sequencing platform are commonly used for filtering the reads and

discarding the ones with a lower quality, reducing the number of wrong

reads. [126, 127] One of those methods consists in the usage of a quality

score for trimming the length of low quality reads or for cutting a fixed

number of bases at the end of the reads, where the sequencing quality is

typically lower. Quality, in Illumina-based sequencing, similarly to the

Sanger-based one, is expressed according to Phred score (usually in the

range of 0-40), and is determined as the overall probability of having an

incorrect base call in a given position along the sequence. Phred scores are

logarithmically related to base-calling error probability (Q = -10 log10(P)).

[128, 129]

Putative chimeras are detected along with the quality of the reads. These

particular reads are made up of fragments coming from several 16S genes,

produced by the artificial recombination of two or more DNA molecules

during the PCR amplification. They are created when the PCR product from

a sequence is ligated to another sequence, acting like an extension primer

for it, and thus generating a DNA molecule from two templates. Similarly to

sequencing errors, chimeric sequences can be erroneously interpreted as

new amplicons and, therefore, could be wrongly used for bacterial diversity

estimation. [130]
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3.4.2 Clustering and annotation

The second step generates the data tables needed for subsequent

interpretation.

Before proceeding taxonomic assignment and quantification, sequencing

reads are subjected to a clustering procedure, aimed at the identification of

clusters of (uncultivated or unknown) organisms, by DNA sequence

similarity. These clusters are defined as “Operational Taxonomic Units”

(OTUs), which are pragmatic proxies for species at different taxonomic

levels. These OTUs are the base of a clustering theory: given all the

possible mutation and sequencing errors that can happen during the PCR

reactions, it is not possible to assume that each read represents a different

bacterial species. To remedy to this issue, a comparison among reads is

carried out to align them and to see the most similar ones. If a group of

reads present a homology out of the entire sequence higher than a given

threshold, these reads will be clustered and will form an OTU.

Figure 4. OTU clustering. The reads are clustered together according to a given
similarity threshold (97%) in order to have OTU sequences with less than 3% dissimilarity.
Ambiguity rises when a read is not clearly assigned to one OTU; reads not clustered in
any OTU are labeled as “chimera” and discarded. (Source: [131])
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A percentage threshold of 97% is nowadays accepted as a standard value

and as a good approximation following the conventional rule that 97%

identity approximately defines members of the same bacterial species: a

lower value would group more reads together and lower the OTU number.

[132] This clustering is crucial in the analysis as it could allow the distinction

of more species than the ones actually present, grouping “fake species”

derived from the mutation and sequencing errors mentioned above in the

Introduction (3.3.1 The target gene, page 27). In other words, clustering

reads for their 97% homology means that in one OTU there will be only

reads that have no more than 3% difference between them. (Figure 4)

Once the OTUs have been determined, taxonomic annotation follows: this is

a procedure necessary to understand which species the grouped

sequences come from and to give them a unique taxonomic identification

name.

The taxonomic assignment is what allows a proper bacterial classification

and identification. “Taxonomy” (from the Ancient Greek ταξις, taxis, “sorting”,

and νομος, nomos, “rule”) is the classification discipline. Biology taxonomy

is part of the systemic biology, which defines taxon groups and studies the

relationships between organisms and their evolution history. A taxon, in

biology, is the grouping of organisms real, morphologically and genetically

distinguishable from others and recognizable as a systemic unit, placed in a

hierarchic structure of the scientific classification.

From general to particular, the most used taxonomic categories are: domain,

kingdom, phylum, class, order, family, genus, species. These categories are

hierarchically ordered: each genus integrally includes one or more species,

each family one or more genera and so on. Moving up in the hierarchy, the

characteristics common to group members are fewer in number but more
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and more basic, and likewise. [133] The purpose of classifying organisms

into formally defined taxa, rather than through informal groups, is to provide

groups whose constituency (i.e., which organisms comprise them) remains

within a narrow scope and whose Latin name has universal value,

regardless of language used for communication.

The alignment of the reads to the reference genome dataset produces

tables and depth of the sequencing coverage for the reads of each genome

and return taxonomic data and abundances. [134] Not all reads match

sequences in databases because not all organisms have reference

genomes, due to culture difficulties or to the fact that many species are still

unknown, or to difficulties in the assignment of sequenced bacteria to known

clades. Choosing a good database is important, as there are several

available choices, differing for the approaches used to perform taxonomic

establishment. The most widely used in microbiota analysis is GreenGenes

database, [135] but its taxonomic terms proposed from phylogenetic

methods have not been maintained since 2013 (version 13.8). The most

updated databases are: SILVA ribosomal RNA database project, [136] RDP,

[137] and that developed by the National Center for Biotechnology

Information (NCBI BLASTN, [138]). The one used for this present study is

SILVA, which counts on yearly updates and is, therefore, considered

accurate and reliable.

In this study, the Ribosomal Database Project (RDP) classifier, a naive

Bayesian classifier, was used to assign sequences derived from bacterial

16S genes to the corresponding taxonomy model, providing taxonomic

assignment for phylogenetic level down to the genus. [139] As species are

reevaluated year after year and microbiology discrepancies are resolved or

risen, the classifier is constantly updated to correctly assign the 16S

sequences.
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3.4.3 Data usage

The third and last step uses the data derived from the previous ones and

produces phylogenetic trees, needed for diversity analysis and ecology

descriptors. Statistical tools to describe the differences among bacterial

population in patients are used as well. [140]

An important concept to address when dealing with OTUs and taxonomic

classifications is the diversity among populations, such as the number of

distinct groupings in a sample or in the original population. Many bacterial

species are abundant in some individuals and many organisms prevail in the

majority of individuals, as stated before (Introduction, 2.1.2 Composition,

page 12). Although microorganism composition can vary over time and

show some similarity between individuals, our intestinal content appears to

be highly personalized when considered in terms of microbial presence,

absence and abundance.

The description of an ecological community (such as that of human

microbiota) can be conducted using two of the terms introduced by

Whittaker [141] for measuring biodiversity over spatial called: alpha-and

beta-diversity.

Within the same community (in this kind of studies, the sample taken from

an individual), alpha-diversity is measured: this is an estimate of the wealth

and distribution of taxa in a single population. Richness is the description of

the number of species in a sample (determined by the number of OTUs),

while diversity is the measure that combines richness and how the different

species make up the gut microbiome. [141] The rarefaction tables (i.e.

estimation of the alpha-diversity of the dataset on reads subsets, at

increasing reads depth) are the basis for measuring alpha-diversity,
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because they reflect the difference between samples based on the

abundance of taxonomic varieties in a community. Moreover, they are used

to determine if the sampling was sufficient to accurately characterize the

bacterial community studied, evaluating whether or not the alpha-diversity

measures at increasing depths reach a plateau.

The QIIME pipeline provides various metrics for this analysis. The ones

used in this present study are: Chao1, Observed Species, Shannon and

PD_whole_tree. Chao1 provides an estimate of the minimum number of

species in a sample and is an abundance-based coverage estimator of

bacterial richness that gives more weight to the low abundant species. [143]

Observed Species counts the unique OTUs found in the sample. Shannon

provides information on observed OTU abundances taking into account both

wealth and uniformity and calculates the population diversity in samples,

measuring bacterial diversity based on OTU counts; it has a greater weight

on species richness even if it provides more inference about the community

composition, contemplating also the relative abundance of the species

present. [144] PD_whole_tree is the Faith’s Phylogenetic Distance, the only

phylogenetic metric used in this study, and it requires a phylogenetic tree to

provide results on the microbial differences in the community; it calculates

the phylogenetic distance between OTUs by measuring the total branch

length for the OTUs in each sample. [140] When comparing sample groups,

permutation-based tests can be used to evaluate if a certain experimental

condition is characterized by a significantly higher or lower biodiversity.

The term beta-diversity, on the other hand, is used for cross-sample

diversity analyzes. Samples are separated by comparing common OTUs or

by viewing relative abundances of different OTUs. To compare the samples,

a distance matrix is constructed that quantifies the differences between

them, looking at the taxonomic groups present and/or the phylogeny or
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abundances of different species. Among phylogenetic distances, the most

commonly used is the Unique Fraction method (“Unifrac” distance, [145]),

which measures the phylogenetic distance between sets of taxa in a

phylogenetic tree as the fraction of the branch length of the tree that leads to

descendants from either one environment or the other, but not both. A

quantitative measure (weighted Unifrac) is ideally suited to revealing

community differences that are due to changes in relative taxon abundance;

the qualitative measure (unweighted Unifrac) is most informative when

communities differ primarily by what can live in them, in part because

abundance information can obscure significant patterns of variation in which

taxa are present. [146]

The Principal Coordinates Analysis (PCoA) is a technique of linear

decomposition analysis that is used to make comparisons between samples,

finding linear combinations of different markers and separating the points of

the graph (the samples) into clusters corresponding to the different groups,

representing inter-object dissimilarity in a low-dimensional Euclidean space.

The points are plotted in a multidimensional space in such a way that the

distance between them is as close as possible to that calculated in the

Unifrac matrix, the most commonly used phylogeny-dependent similarity

metric: this distance can be “unweighted” if it considers the similarity

between the sequences of the samples but does not compare the

abundances between them; it can be “weighted” if the distance considers

both the similarity between sequences and their abundance. [147]

The coordinate that separates the points most is the first main coordinate

(PC1), the second best is PC2 and so on. Each principal coordinate has a

percentage value that represents the percentage of variance expressed by

that dimension. With two quantitative variables such as the principal

coordinates, the graphical representation is a scatter plot. The points (the
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samples) are plotted in a graph where the axes represent two out of the

coordinates (or, in a three-dimensional graph, three coordinates together).

In order to better visualize similarities and differences among groups (i.e.:

healthy subjects from diseased ones), data points are usually colored

according to categories and a statistical test, such as the “Adonis” test [148]:

the analysis of variance using distance matrices, for partitioning distance

matrices among sources of variation, and fitting linear models to distance

matrices, which uses a permutation test with pseudo-F ratios, implemented

in the R language.

Taxonomic abundances can provide a consistent variety of applications.

Relative abundances can be compared among experimental groups usually

by employing non-parametric tests such as the Mann-Whitney U-test, in

order to find increased or depleted taxa in a group of samples. Moreover,

they can easily show the microbiota composition, but also help suggest

interactions among them. This can be achieved through a co-abundance

analysis, in which statistical correlation (such as Pearson or Spearman) is

implemented to hypothesize if certain groups of bacterial species frequently

occur together and similarly in the samples. This type of analysis generates

a correlation matrix and a hierarchical tree of interaction, that can be used to

identify bacterial clusters. In each cluster, called co-abundant group (CAG),

the bacterial species grouped together share more patterns and traits based

on their common abundance in the samples. The interactions in terms of

common presence or absence can be extrapolated from the matrix as well,

and a co-abundance network can be generated. [149]

The correlation matrix can be generated not only to compare the relative

abundances of bacterial species, but also to have a glimpse of how they are

related to non-taxonomic variables such as nutrient intake from the host,

SCFAs detected or other metadata collected from the patient, for example
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the body mass index (BMI), the day of sampling (in case of a longitudinal

study), or physical values. A linear regression model can be implemented

for a feature selection analysis able to discriminate whether these metadata

can be informative in the research for the bacteria more probably crucial or

characteristic in the dataset. Machine learning is the study of computer

algorithms that improve automatically through experience. [150] This kind of

analysis is one of the core concepts in machine learning, a term coined in

1959 by Arthur Samuel, pioneer in the artificial intelligence field. Its methods

are particularly useful for recognizing patterns in complex datasets such as

the gut microbiota. [151]

The model works with the features (e.g.: the high number of bacterial

genera present in the samples), and determines which ones are more

informative distinguishing between them accordingly to importance scores.

[152] The model works dividing samples according to a status label and

creating two subsets of data: a training set, used to train the model, and a

test set, on which the model is applied to determine whether it works by

classifying the samples correctly.
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AIM OF THE PROJECT

Recently, changes in the gut microbiota have been linked to a possible role

in epilepsy development and to seizure susceptibility. [90] To date, the

connection between microbiota and epilepsy is still unclear as there is

limited information, in literature, about the bacterial composition and

eventual changes in patients with epilepsy, in particular in children.

During my Ph.D., thanks to the collaboration with Dr. Vignoli from the

Regional Epilepsy Center at ASST Santi Paolo e Carlo in Milan, I had the

opportunity to analyze three datasets of epileptic patients at different

disease and therapy stages.

The first dataset consisted of children admitted to the hospital after their first

seizure; diagnosed with epilepsy, these children were sampled and followed

up with 2 more sampling after 4 and 12 months subjected to drug

monotherapy. The project was aimed at monitoring the gut microbiota

differences from a naive bacterial state, influenced only by the seizure

occurrence, to a gradually pharmacologically-treated one.

The second dataset was made up of adult epileptic patients with a stable

years-long monotherapy that resulted in no more seizure episodes. The

hypothesis is that gut microbiota in these patients should have reached a

new balance after many years with a constant drug assumption.

The third dataset consisted of children affected by the Rett syndrome and

seizure episodes, for which they assume the same drug prescribed to

epileptic patients. They have been added to this thesis dataset as a

“negative control”, opposed to the healthy subjects enrolled for a disease-

and drug-free microbiota: given the additional condition to the seizures and
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the different lifestyle and cognitive impairments that often affect the Rett

patients, their microbiota is thought to be extremely diverse from the others.

This thesis deals an exploratory project that looks for connections and

influences between gut bacteria and the epilepsy development through time

and drug therapy. All the samples have been collected only after making

sure that the patients were not in any particular diet, such as the KD, nor

taking any antibiotic or probiotic in the six months preceding the sampling, in

order to see a more realistic bacterial picture (i.e.: not altered by non-natural

influences).

Taken together, this resulting dataset aimed at providing a broad

comparison of: 1) patients with a drug-naive bacterial community (affected

only by the epilepsy onset); 2) patients assessing their gut microbiota after

introducing the drug therapy; 3) patients with a well-assessed bacterial

balance after years of therapy; 4) patients dealing with an established drug

therapy, reduced mobility and other symptoms. The addition of the adults in

drug therapy to the timeline with several samples from the same subject

could provide a glimpse of the progression of an eventual shift in the gut

microbiota, allowing a long-term observation that often is not clinically

possible or easy to accomplish.

This diverse datasets set the stage for speculations on the microbiota

changes and development during epilepsy onset and a constant drug

therapy in terms of bacterial diversity, composition, and interaction. In case

the hypothesis of a gut microbiota impairment due to seizures and/or drug

assumption has a solid base, after confirmation by further research with

huger cohorts, this could pave the way to a probiotic or prebiotic therapy

aimed at restoring a healthier bacterial community and, possibly, easing the

seizure occurrence complementing or substituting the drug therapy.
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MATERIALS AND METHODS

1. The dataset

The total dataset derived by the union of the datasets described in

Introduction, 4. Aim (page 40) and consisted of 65 fecal samples.

The mentally and physically healthy subjects enrolled as positive gut

microbiota control (healthy control, HC) were 28, a number comparable to

that of patients. The age range of the HC group was from 7 to 28 years. For

a clearer image of the native and non-altered bacterial community, all the

HC subjects that were under any other medication or assumed antibiotic or

probiotic treatments in the previous three months, have been discarded.

Samples from the children before and after therapy dataset (9.2 ± 4.6 years)

were taken at their first onset of seizure (time zero, t0; labeled drug-naive

DN), after 4 months of therapy (time one, t1; labeled drug-therapy 4 months

DT4) and after 12 months from t0/DN (time two, t2; labeled drug-therapy 12

months DT12). The drugs assumed were either VPA or ETS. The samples

collected at each time-point were 8 as DN, 8 at DT4, 6 at DT12. The healthy

subjects enrolled for the time-line comparison between these time-points

were a subset of 9 HC, age (7.3 ± 3.9) and sex matched.

The Rett syndrome subjects (RTT) enrolled as negative gut microbiota

control were 7, with a mean age range of 23 ± 8.7 years. They all had

different degrees of clinical severity, all carried the MECP2 gene mutation

and were all assuming one of the AEDs prescribed to the epileptic patients

involved in this study. Three of them still had seizures, while four were

seizure-free. Two patients were on monotherapy (VPA and CBZ,

respectively), whereas five were on polytherapy (three including VPA, two
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including CBZ). Gastrointestinal discomfort and constipation were present in

all subjects, despite regular feeding ability. This dataset has been published

in Borghi et al. [153]

The adult epileptic patients in a stable drug therapy (labeled SDT) were all

taking the same VPA drug, for at least two years.

All participants were Caucasian, living in Northern Italy, and without any
dietary restriction. The following table summarizes the dataset composition:

Group N° Age Sex (F/M) BMI Drug
DN 8 8.5 ± 4.4 6 / 2 NA -

DT4 8 8.8 ± 4.2 6 / 2 NA VPA / ETS

DT12 6 10.3 ± 4.5 5 / 1 NA VPA / ETS

SDT 8 30.3 ± 5.2 8 / 0 NA VPA

RTT 7 23.0 ± 8.7 7 / 0 17.2 ± 3.9 VPA / CBZ

HC
28 21.0 ± 7.9 19 / 9 20.9 ± 2.2 -

subset: 9 7.3 ± 3.9 6 / 3 NA -

1.2 Subjects recruitment

All subjects were enrolled at the ASST Santi Paolo e Carlo Hospital (Milan,

Italy), in the Epilepsy and Sleep Disturbances Center (adult and children

after therapy patients) and in the Child Neuropsychiatry Department

(children before therapy, Rett patients). The diagnosis of RTT was made

according to the Rett diagnostic criteria defined in 2010. [154] Inclusion

criteria were clinical diagnosis of RTT and demonstrated MECP2 mutation,

while exclusion criteria were the use of antibiotics or probiotics in the three

months before. All these studies were approved by the Local Ethics

Committee (protocol number 2016/ST/199, 28 July 2016). A written

informed consent was obtained from healthy subjects and from the parents

or legal guardians of the enrolled patients.
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2. DNA extraction and sequencing

The following procedures were performed in the Microbiology laboratory, at

the Department of Health Sciences of the University of Milan (Milan, Italy).

The fecal samples collected by the patients, whenever not immediately

processed, have been stored at -20°C until use. From each fecal sample, an

aliquot of 200mg was taken in order to perform the genetic material

extraction.

Total bacterial DNA extraction was performed using the Spin stool DNA kit

(Stratec Molecular, Berlin, Germany), according to the manufacturer’s

instructions. The extraction kit provides the homogenization of the fecal

samples in a lysis buffer and its incubation at 95°C for 10 minutes. The

lysate samples were mixed with the InviAdsorb matrix to remove PCR

inhibition components. After incubating at 70°C for 10 minutes, Proteinase K

was added to the supernatant, for protein digest and degradation. Bacterial

DNA purification is obtained through the addition of suitable buffers, aimed

at the elimination of eventual foreign particles. The filtrated product was

eluted with the kit buffer to a volume of 100 μl.

The bacterial DNA concentration and degree of purity have been evaluated

through spectrophotometer (NanoDrops, Spectrophotometer ND-1000). For

each sample, 1 μl has been read at 240 nm wavelength, and the optic

density value has been automatically converted in ng/μl for evaluating the

extraction quality.

25 ng of DNA from each stool sample was utilized to construct a sequencing

library. 16S rRNA gene amplicon libraries were performed with a two-step

barcoding approach according to Illumina 16S Metagenomic Sequencing

Library Preparation (Illumina, San Diego, CA, USA), which targets the
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V3-V4 hypervariable regions of 16S rRNA. In the first-step PCR, 16S rRNA

gene of all bacteria was amplified as follows.

PCR reactions were prepared in a final volume of 25 μl with the following

reagents:

Volume

Microbial Genomic DNA (5 ng/µl in 10 mM Tris pH 8.5) 2.5 µl

Amplicon PCR Reverse Primer (1 µM) 5 µl

Amplicon PCR Forward Primer (1 µM) 5 µl

2x KAPA HiFi HotStart ReadyMix 12.5 µl

The amplification conditions were: 95°C for 3 minutes; 25 cycles of: 95°C for

30 seconds, 55°C for 30 seconds, 72°C for 30 seconds; 72°C for 5 minutes;

hold at 4°C. To verify the size of PCR amplicon, the PCR product were run

on electrophoresis gel and ~550 bp were obtained for all the samples.

Before proceeding with the second PCR for indexing the samples, a

clean-up step was performed to purify the samples. The purified amplicons

resulting from first PCR step were amplified with dual-index primers using

Nextera DNA Library Preparation Kit (Illumina). Each sample possessed

specific barcode sequences at the 5′- and 3′-end of the PCR amplicon to

discriminate among each other in the pooled library.
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The second PCR was obtained in a final volume of 50 μl with the following

reagents:

The amplification conditions were: 95°C for 3 minutes; 8 cycles of: 95°C for

30 seconds, 55°C for 30 seconds, 72°C for 30 seconds; 72°C for 5 minutes;

hold at 4°C.

After the second PCR and a subsequent clean-up, library concentration and

exact product size were measured using a KAPA Library Quantification Kit

(Kapa Biosystems, Woburn, MA, USA) and an Agilent 2100 Bioanalyzer

System (Agilent, Santa Clara, CA, USA), respectively.

A pooled library (20 nM) and a PhiX control v3 (20 nM) (Illumina) were

mixed with 0.2 N fresh NaOH and hybridization buffer HT1 (Illumina) to

produce the final concentration at 12 pM each. The resulting library was

mixed with the PhiX control v3 (5%, v/v) (Illumina) and 600 µL loaded on a

MiSeq v2 (500 cycle) Reagent cartridge for obtaining a paired-end 2 × 250

bp sequencing. All sequencing procedures were monitored through the

Illumina BaseSpace application. De-multiplexed FASTQ files were

generated by Illumina MiSeq Reporter.

Volume

DNA 5 µl

Nextera XT Index Primer 1 (N7xx) 5 µl

Nextera XT Index Primer 2 (S5xx) 5 µl

2x KAPA HiFi HotStart ReadyMix 25 µl

PCR Grade water (Dnase-Rnase free) 10 µl
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3. Data analysis

Raw sequencing reads from the datasets have been pooled and processed

together.

The read pairs have been merged by using PandaSeq software (version 2.5,

[155]), which performs a local assembly between two overlapping pairs,

generating a single fragment covering the whole V3–V4 amplicon.

Fragments of length <250 bases or >900 bases, as well as non-overlapping

sequences, were discarded. Then, fragments were filtered using the

“split_libraries_fastq.py” utility of the QIIME suite, which filters out

sequences having more than 25% nucleotides with a Phred score of 3 or

less.

Quality-filtered reads were, then, analyzed with the standard QIIME pipeline

(version 1.9.0). Sequences were grouped into OTUs (Operational

Taxonomic Units) by using UCLUST [156] with 97% similarity threshold and

taxonomy was assigned against the SILVA bacterial 16S rRNA database

(release 132) by RDP classifier at 50% confidence. Singleton OTUs (i.e.,

clusters made up of only 1 read) were discarded as possible artifacts or

unlikely bacterial sequences.

Sample biodiversity (alpha-diversity) was estimated according to different

microbial diversity metrics: Chao1, Shannon index, observed species and

Faith’s phylogenetic distance (PD whole tree). Statistical comparisons

between groups have been conducted with the QIIME pipeline, through the

Monte Carlo non-parametric permutation test provided by the

“compare_alpha_diversity.py” function.

Beta-diversity matrices were calculated using both weighted and

unweighted Unifrac metrics [147] and a Principal Coordinates Analysis were
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conducted. Data separation was tested through the PERMANOVA test

(adonis function) in the R package vegan (version 2.0-10 [157]).

The RStudio software (version 1.2.1335 [158]; R version 3.6.3 [159]) has

been used for: the statistical evaluations in taxonomy analysis, using the

pairwise t-test from the package “rstatix” (version 0.6.0 [160]); the feature

selection analysis, via the generalized linear model from the “stats” R

package (version 3.6.3); plotting all these analysis results using ggplot2

from the package “tidyverse” (version 1.3.0 [161]). The co-abundance

correlation heatmap and clustering were performed in Matlab (version 2008;

Natick, MA, USA). The networks of co-abundant groups were plotted

through the Cytoscape software [162] using the Matlab input for nodes and

edges.

A p-value <0.05 was chosen as the threshold for statistical significance.

Unless otherwise stated, a Bonferroni correction for multiple comparisons

was applied.
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RESULTS

1. General observations

Overall, the patients had a different biodiversity and composition from the

healthy controls, as reported in the alpha-diversity and in the beta-diversity

shown in Figure 5A and 5B, respectively. For each alpha metric and for the

unweighted Unifrac distance, the comparison was found significant: Chao1,

p=0.031; observed species, p=0.016; Shannon index, p=0.026; PD whole

tree, p=0.024; unweighted Unifrac distance, p=0.03.

This analysis resulted in a separation at phylum level of the Tenericutes

(p=0.0498), reduced in the patients, while at family and genus level there

were significant distinctions only for bacterial with relative abundances <1%.

(Supplementary Table 1 and Supplementary Figure 1, pages 89 and 94).

Figure 5. Alpha-diversity and beta-diversity.
All significant comparisons. (A) For the
alpha-diversity: Chao1, p=0.031; observed species,
p=0.016; Shannon index, p=0.026; PD whole tree,
p=0.024; (B) For the beta-diversity: unweighted
Unifrac distance, p=0.03. The first and second
Principal Coordinates are reported. An ellipse of
confidence shows the distribution trend of the
samples within the two groups.
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2. Seizure naive, drug stabilized and over-modified GM

The previous results have been deepened by narrowing the dataset,

establishing several categories for the analysis. A group called “EPI” was

created to comprise the 22 samples assuming AEDs (i.e.: the adults in

stable therapy, plus DT4 and DT12 subjects). This group was meant to

represent the drug-assuming patients, in comparison with the sample with a

drug-naive GM (the children at time zero, drug-naive, DN; 8 samples) and

with the control groups, HC (28 samples) and RTT (7).

Given the peculiar clinical picture of the RTT, body mass index (BMI) was

calculated using the formula weight (kg)/height (m)2, and and compared to

the HC. BMI was 17.2 ± 3.9 (mean ± SD) in RTT patients, and 20.9 ± 2.2 in

HC (p = 0.073).

Figure 6. Alpha-diversity along the patient groups: healthy controls (HC), drug-naive
epileptic patients (DN), patients in drug therapy for more than 1 year (DT4, DT12, SDT),
and Rett patients (RTT). The linear regression computed shows the conditional mean
trend along the pathological condition. No significant values were observed.
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Biodiversity was found altered along the pathological conditions (Figure 6).

The smoothed conditional mean trend elaborated through a linear

regression shows that there is a clear trend towards reduced biodiversity

with disease progression for every alpha-diversity metric, even though with

no statistical significance. The Chao1 metric, an abundance-based

coverage estimator of bacterial richness, reported the major different

biodiversity within the samples. The drug-naive GM was found altered

compared to HC, while the EPI group was found to be more similar to the

bacterial diversity present in the RTT patients. The presence of outliers and

data point dispersion was observed for all the groups.

Differences among these groups were seen also through the PCoA plot

showing the beta-diversity, the inter-sample biodiversity (Figure 7). An

interesting observation is that the EPI group and the drug-naive children

seem to be overlapping, as the drug assumption didn’t influence significantly

the GM composition; the extremely high p-values point in that direction

Figure 7. Beta-diversity for the experimental groups. Healthy controls (HC),
drug-naive epileptic patients (DN), patients in drug therapy for more than 1 year (DT4,
DT12, SDT), and Rett patients (RTT) are compared. Weighted (A) and unweighted (B)
Unifrac Distances are represented, using the first and second principal coordinates. An
ellipse of confidence shows the distribution trend of the samples within the several groups.
The first and second Principal Coordinates are reported for both plots.
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(p=0.82 and p=0.95 for weighted and unweighted Unifrac distances). The

RTT patients are clearly separated from the other groups, as those samples

have their own composition; the comparisons between RTT and all the other

groups had <0.01.

The taxonomic comparison revealed several significant differences in the

bacterial abundance among the four groups.

At phylum level (Figure 8) a profound reduction of the Firmicutes phyla in

the Rett patients was observed, in particular compared to the HC group (rel.

ab: 54.7% and 35.6% in HC and RTT, respectively; p=0.044). The

Bacteroidetes phyla showed to be depleted in the drug-naive GM (29%

compared to 38.2% in HC), while RTT group had an opposite trend with a

Figure 8. Relative abundance distribution of the main phyla among the
experimental groups. Only the phyla with more than 1% of relative abundance in all
the groups are represented; those with less than the set threshold were clustered into
the “Other” group. Bacterial phyla are ordered after HC abundances.
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higher abundance (52.4%, RTT vs DN: p=0.047); the group of epileptic

patients in drug therapy, instead, showed a Bacteroidetes abundance

similar to the HC one (35.9%). Verrucomicrobia, instead, was found to be

characteristic of the microbiota of DN patients, accounting for 8.7% of the

relative abundance, compared to 1.7% in HC subjects (p=0.0205).

The EPI and RTT group have a Verrucomicrobia abundance slightly higher

but similar to HC (3.1% and 2.2%, respectively). Total relative abundances

are reported in Supplementary Table 2, page 90.

As for the family level, Ruminococcaceae was found profoundly decreased

in the RTT group: only 8.8%, compared to HC (28.2%, p=0.0065),

drug-naive (30.9%, p=0.0134) and EPI patients (30.0%, p=0.0324). (Figure

9) Bacteroideaceae showed a trend towards reduction, from HC (26.1%)

through the drug assumption (22.8% in drug-naive patients, 22.6% in the

EPI group), while the RTT patients have a huge increment accounting for

the 40.7% of their entire GM relative abundance (p=0.0134 vs EPI).

Akkermansiaceae accounted for the 8.7% of relative abundance in the

drug-naive patients (p=0.0201 compared to HC, 1.6%), while EPI and RTT

patients have it only for 3.1% and 2.2%, respectively. Other significant

comparisons and the total relative abundances are reported in

Supplementary Table 3 (page 91).

Figure 9. Relative abundance histograms at family level through a stacked (A) and a bar
plot (B). Only the phyla with more than 1% of relative abundance in all the groups are
represented; those with less than the set threshold were clustered into the “Other” group.
Bacterial families are ordered after HC abundances.
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Among the main genera, i.e. with a relative abundance higher than 0.1%,

some bacterial groups were found to be significantly different among the

patients. As seen for the Bacteroidaceae family, Bacteroides genus was

found in a much higher quantity in RTT patients than in all the other groups

(40.7% vs 22.6% in EPI, p=0.0134); Parabacteroides followed a similar

trend, 4.4% in RTT patients compared to 1.1% in the EPI group (p=0.0232)

and to 2.0% in HC and 1.3% in the drug-naive children. Akkermansia genus

confirmed what was observed at higher phylogenetic levels: a clear and

significant increment compared to all the other groups (8.7% vs 1.6% in HC,

p=0.0201). (Figure 10)

A co-abundance analysis has been conducted with the purpose to see if and

how the bacterial genera were found abundant or absent together. (Figure

11) The main 25 genera, having an average relative abundance higher than

Figure 10. Relative abundance at genus level. The main 20 genera, with a relative
abundance higher than 1% among all the groups, are represented; those with less than
the set threshold were clustered into the “Other” group. Bacterial families are ordered
after HC abundances.
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1% in at least 30% of the samples within each group, have been included.

The red tiles indicate a positive relationship, while the blue ones a negative.

Along the diagonal line, the clusterization, according to Spearman’s

correlation and Ward linkage metric, allowed the distinction of four

co-abundant groups (CAG). Each of these has been named after the most

abundant genus: Allistipes CAG(green), Subdoligranulum CAG (pink),

Faecalibacterium CAG (yellow), Bacteroides CAG (red).

A co-abundance matrix and corresponding symmetrical heatmap have been

generated also for the four groups of patients, separately: HC, drug-naive,

EPI, and RTT. (Supplementary Figure 2, page 95) The bacterial

abundances of each genus present in the CAGs have been added up to

generate the relative abundance of the CAG themselves and compared to

see how they were different among the experimental groups.

(Supplementary Table 4 and Supplementary Figure 3, page 92 and 96)

A network of co-abundance has been made for each patient group, in order

to observe the relationships of the several members of the CAGs, combined

with the different relative abundances (the size of the nodes) and the

intensity of the relationship (the transparency of the arches). The width of

the arches indicates the intensity of the correlation, while the color indicates

whether this correlation was negative (blue) or positive (red).

Despite the not-so-different taxonomy abundances (represented by the size

of the nodes), the DN network (Figure 12B) seemed to have stronger

negative correlations between the bacterial genera within the CAGs

compared to the HC one (Figure 12A), in particular between the

Faecalibacterium and the Subdoligranulum CAGs. Many Subdoligranulum

CAG members were found negatively correlated to the Bacteroides CAG

ones as well, while the group was overall more positively correlated to the
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Allistipes CAG. The networks for EPI and RTT groups are shown in

Supplementary Figure 4A and 4B (page 97), respectively. While the EPI

correlations were weaker (R value closer to 0 than to 1) but quite

comparable with the DN ones, the RTT network shows a completely

different pattern, with a majority of positive and strong correlations among all

the CAGs, even if with a strongly reduced relative abundance of many of the

genera involved. A remarkable role was played by Subdoligranulum and the

genera in its CAG. This genus was the only one within the CAG to maintain

a relatively high abundance in the Rett group, while all the others were

dramatically reduced.



55

Figure 11. Heatmap of the co-abundances occurring in the total dataset. Red tiles
indicate a positive relationship, blue ones a negative. According to the Spearman
correlation, 4 clusters were identified as summarizing the genera. X- and Y-axis are the
same, but mirrored as it is a symmetrical heatmap. The partition of this heatmap in HC, DN,
EPI, and RTT groups is shown in Supplementary Figure 2 (page 95).
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B

Figure 12. Correlation among bacterial genera. The networks for HC (A) and DN (B) are
shown. Relative abundances of the singular genera are represented by the size of the nodes
and of the labels. The width of the arches indicates a higher or lower correlation value
according to the Spearman test. The arches colors indicate a positive (red) or negative (blue)
interaction. Bacterial genera are divided into the CAG deduced by the co-abundance heatmap
in Figure 10. EPI and RTT networks are shown in Supplementary Figure 4A and 4B (page 97).

A
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3. Timeline

As 22 samples were from a longitudinal study throughout one year, with

three sampling aimed at looking for the impact of the drug therapy on the gut

microbiota, I focused the analysis by dividing the EPI groups into the time

categories: of the 8 drug-naive samples collected at time-zero (DN) from

patients, all of them provided a sampling after 4 months of drug assumption

(DT4), and 6 of them provided a subsequent follow-up after 12 months

(DT12). The HC samples used for the comparisons were 9 subjects age-

and sex-matched with the patients, in order to reduce a possible

confounding factor in this younger subset.

As a preliminary glimpse, the children’s samples show a firm signature

across the months and the different sampling, as shown in the PCoA in

Figure 13. Through time, many samples showed an overall shifting trend

along the first principal coordinate (PC1): 5/8 patients (62.5%) have their DN

time-point at lower PC1 values, while 4/6 patients (66.7%) have the DT12

samples at the higher values.

Figure 13. Beta-diversity of the samples grouped by patient of origin.
The lines connect the samples from the single patient, while the colors
indicate the time-point of sampling collection. The first and second Principal
Coordinates are reported within the unweighted Unifrac metric.
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This trend could be observed also in the alpha-diversity analysis, which

revealed how the children’s biodiversity was reduced gradually and

constantly over the months of pharmacological treatment. (Figure 14)

Taxonomic abundances switches along time can reveal what happens when

epilepsy and a AED therapy starts. (Figure 15) Relative abundances at

phylum and family level are reported in Supplementary Table 5.

At genus level, it is worth noting the sudden peak of Akkermansia in patients

at the onset of the seizure disorder (8.7% vs 2.1% in HC, p=0.0462). After 4

months of drug assumption, this relative abundance drops rapidly (0.5% in

DT4) and returns to a normal amount after 12 months (3.2% in DT12),

comparable to the HC abundance. On the other hand, Faecalibacterium

was found decreasing tragically at DN (4.7% vs 11% in HC), going back to a

normal level after the drug therapy (8.6% at DT4, 11.1% at DT12).

‘Prevotella 9’ has entirely the opposite trend, as it is mainly absent before

the therapy (1.0% in DN patients) and then, after 4 months of drug

assumption, increasing rapidly (4.7% at DT4, 5.9% at DT12) to the healthy

amount (4% in HC).

Figure 14. Alpha-diversity along the time-points. Healthy subjects (HC) were used as
controls for epileptic children with a drug-naive gut microbiota (DN) sampled after the first
seizure, and the same patient sampled after 4 (DT4) and 12 (DT12) months of drug
therapy. The linear regression shows the conditional mean trend decreasing along the
months in therapy. No significant values were observed.
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Figure 15. Relative abundance at genus level. The main 20 genera, with a relative
abundance higher than 1% among all the groups, are represented; those with less than the
set threshold were clustered into the “Other” group. Bacterial families are ordered after HC
abundances.
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3.1 A speculation tool

In order to speculate on how these changes could stabilize or still mutate in

the future years of drug therapy, the samples from the adults continuously

assuming an analogous pharmacological treatment have been added up, as

an artificial new time-point. The linear regression applied on the

alpha-diversity shows a decreasing pattern over time and therapy

assumption. It is worth noting that the adult group and the RTT group have

an overall highly similar biodiversity (with a p-value=1 for all the metrics).

(Figure 16A)

Figure 16. Biodiversity distribution over the time
and the therapy assumed. (A) Alpha-diversity: the
linear regression computed (the red line) shows that
the biodiversity decreases along with the time of drug
assumption increment. (B) Beta-diversity: the
distribution trend of the samples within the several
groups is shown using the first and second Principal
Coordinates; an ellipse of confidence shows the
distribution trend of the samples within the groups.
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In the PCoA it is evidenced how the kids cluster together, while adults in

years of therapy have accomplished some similarity to the HC in terms of

overall diversity since their distributions and mean centroids are close one

another. (Figure 16B)

Since not all bacteria react the same way to drugs due to their different cell

wall, the gram coloration could show some interesting difference among

groups. Gram-positive decrease gradually as Gram-negative abundances

rise in time and therapy assumption. (Figure 17)

In the taxonomy abundances distribution (Supplementary Figure 5, page 98),

‘Prevotella 9’, that was already found interesting among the real time-line

with the children dataset, with this amplified time-line it seems to be linked to

the drug assumption: as it was mainly absent in HC an DN samples, it

increases over the first months and year of therapy, keeping a stable

amount in the adult patients; the RTT group, instead, appears to be not

affected by it. We also see a higher abundance in Escherichia-Shigella

among the adult group, and for a little amount also in RTT.

Figure 17. Gram coloration separation among bacterial genera. The first 100 genera
have been included, corresponding to the 99.99% of the cumulative abundance of the
total genera.



62

4. Pharmacological treatment effects

As a focus only on the drug assumption in epileptic patients, the subjects

have been selected and divided into those who were not currently taking

any drug (the drug-naive group, DN) and those who have been taking the

same drug for more than one year (DT12 and adult group), labeled DA

(“drug-assumption”). In order to look only for drug-stabilized GM

compositions, DT4 has been excluded from the analysis, as 4 months could

be not enough time for microbiota to be changed in a stable way.

Figure 18. Alpha-diversity distribution for epileptic patients according to the drug
assumption. Patients have been divided in non assuming drugs (the drug-naive group,
DN) and in pharmacological treatment for more than one year (DA). Chao1 metric was
found significantly reduced over the groups (p=0.0072). The linear regression computed
(the red line) shows that the biodiversity was reduced also with the Observed Species and
PD whole tree metrics, while bacterial richness (Shannon index) was increased.
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Only the Chao1 metric had a significant trend over the drug assumption

(p=0.00712, Figure 18), while the other metrics did not. Biodiversity,

furthermore, has different trends with regards to the alpha-diversity metric

used: Chao1, Observed Species and PD whole tree had a decreasing

values in the DA group, while Shannon index had an increment.

A feature selection analysis to see which of the families could be more

imputed to highlight the dysbiosis suggested by the alpha-diversity

distribution was performed. Using the values from each alpha-diversity

metric as a co-variate to discriminate the bacterial groups, the most

abundant 30 out of 143 families were tested. Since the feature selection

analysis doesn’t perform well with too many bacterial absences (i.e. relative

abundances at 0%), only the bacterial groups present for at least 0.001% of

relative abundance in all the samples have been added for selection.

For Chao1 metric, the family relevant to the model was Akkermansiaceae;

for Observed Species metric, Akkermansiaceae and Lachnospiraceae; for

Shannon index, Tannerellaceae; for PD whole tree, Christensenellaceae.

These suggestions are in line with the different relative abundances found

among the experimental groups (Lachnospiraceae and Christensenellaceae

are part of the Subdoligranulum CAG seen in Figure 12 (page 57), while

Akkermansiaceae, from the Bacteroides CAG, was already noticed in Figure

14) and comply with the alpha-diversity drug-assumption findings.

As reported in Figure 19A, these bacteria were all decreased during the

drug assumption. With a distinction among the groups (Figure 19B), though,

this constant decreasing trend was observed only in the

Christensenellaceae family, while the others did not show clear tendencies.
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Figure 19. Relative abundances of selected bacterial families. (A) Divided
by drug-assumption, as in the feature selection analysis; (B) for all the
experimental groups in the dataset.
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DISCUSSION

This exploratory thesis revealed some interesting aspects that could be

used for speculations on the gut microbiota changes in patients affected by

epilepsy seizures and in a consequential pharmacological treatment.

Drug-naive as an only-epileptic gut microbiota

Drug-naive (DN) patients have been studied in order to have an idea of a

gut microbiota composition altered only by epilepsy, with in a picture cleared

of potential confounders and focused on the diseased and unaltered by drug

treatments.

DN subjects were found to have some interesting and peculiar trends: for

example, a conspicuous increase in the Akkermansia genus compared to all

the other groups (from 2.1% in the healthy controls (HC), to 8.7% in DN),

further confirmed by highlighting the Akkermansiaceae family through the

feature selection analysis. Akkermansia is known to have a protective effect

on microbiota, as a mucin degrader, and is normally considered a good

bacteria with a beneficial role: the high abundance could be caused by a

protecting role of this bacteria after the occurrence of the first seizure of the

children. In the co-abundant network, Akkermansia was grouped together

with the Bacteroides co-abundant group (CAG), which had an increasing

abundance with the progression of the disease, with a higher overall

abundance in the non-healthy subjects.

On the other hand, Faecalibacterium, was found decreased in DN (4.7% vs

7.9% in HC): the seizure seems to be connected to the loss of a key

beneficial player in the health of the gut microbial community.



66

Microbiota development in children

When the pharmacological therapy starts, the gut microbiota could be

altered by the constant drug assumption. [169] As seen in the separation

between Gram-positive and negative genera, the proportion of bacteria

changes gradually, from a certain distribution in the healthy status to a

higher proportion of Gram-negative along with the drug assumption. Since

all the subjects were drug-respondents and did not experience further

seizures following the initial recruitment, the assumption that the observed

alterations are due to the drug therapy and not to the disease development

could be valid.

The relative abundance of Proteobacteria rises from a healthy status

quantity (0.5% in HC) over time (1.9% in DN patients, 2.9% at DT4, 1.3% at

DT12), and was partially reflected in the higher abundance of the

Escherichia-Shigella genus: 0.6% for HC rose at 1.1% in DN, stabilized at

0.8% at DT4 and 0.5% at DT12.

The high increase in the Akkermansia was observed to be stabilized over

the months of drug therapy, with lower relative abundances, more similar to

the HC ones (from 8.7% in DN to 0.5% at DT4 and 3.2% at DT12, compared

to 2.1% of HC). The pharmacological treatment seems to have had a

balancing role in the expression of this marker of good health.

A positive trend was also observed for the Faecalibacterium genus, which

was greatly depleted after the first seizures (4.7% in DN vs 7.9% in HC) but,

however, recovered over the first year of drug assumption (8.6% at DT4 and

11.1% at DT12). This genus is the most common indicator of microbial

health in the gut, and its recover through drug therapy after the untreated

seizures could be worth noting as a positive outcome.
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On the other hand, there was a slight decrease over time in the

Lachnospiraceae family (14.9% in DN patients becoming 11.2% at DT12,

compared to 16.0% in HC): this family hydrolyzes starch and other sugars to

produce butyrate and SCFAs. [164] From the findings of this study, it

appears evident that the drug therapy affected but not dramatically this

butyrate-producer, a useful and needed metabolite linked to gut microbiome

health.

These alterations could be the reason why the analysis showed such a

decreased biodiversity within the children samples, although with a similar

bacterial composition, as evidenced by the beta-diversity analysis,

compared to the other experimental groups. Biodiversity reduction has been

generally related to a pro-inflammatory status within the gut. Nonetheless,

Figure 13 (page 57) highlighted how this dissimilarity followed an overall

common trend among the children studied: along the first principal

coordinate of the unweighted Unifrac metric, the samples were separated

between the DN and the DT12 sampling, indicating a bacterial diversity

influenced by the drug assumption in the same individual over time.

This separation could be highlighted also by the ‘Prevotella 9’ abundance,

relatively absent in HC and DN subjects (<0.4% in both groups) but highly

incremented after drug therapy (4.7% at DT4 and 5.9% at DT12). This group

is named after its designation in SILVA database and defines a cluster

mainly made up of Prevotella copri. Intriguingly, the main function of this

species is to promote inflammation and to alter gut permeability, as reported

by a recent study. [165] Prevotella copri is also thought to maintain the

production of IL-6 in the gut, which could trigger an inflammatory response

in the host. [167] A higher sequencing resolution could help unraveling the

species characterization to address with more confidence this finding, but it

is, nonetheless, an interesting trend.
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SDT addition, a future insight

The adults in a stable drug therapy served as a parameter of future gut

microbiota development following years of pharmacological treatment.

Given the difficulties in keeping track of a single patient over such a huge

time window, these findings could be useful to have an overall idea of

possible future alterations; however, they must be taken into consideration

with care and represent only a speculation on the basis of the observed

evidences. This addition has a main bias, which serves as a dataset

limitation: the age range diversity between the children and the adults could

be an issue in stating how much of the differences found in the study could

be influenced by the age, and not only by the microbiota behaviour with

respect to disease and drug assumption.

This set of patients, however, could be seen as a bridge between the GM in

epileptic patients at the early therapy stages and at a worse condition, with

the Rett syndrome’s different symptoms. While the Chao1 metric captured a

constant decreasing biodiversity along the artificial timeline, SDT patients

showed an interesting bacterial similarity with the RTT group in all of the

other alpha-diversity measures used. Considering the extremely different

clinical picture of these types of patients, their gut microbiota composition

was overall similar and comparable. This could indicate that an elongated

and constant assumption of a AEDs assumption shaped the gut microbiota

composition reducing the differences among groups.

An imbalance toward the higher abundance of Gram-negative bacteria with

a corresponding reduction of Gram-positive was observed. This is most

probably due to the increased relative abundance of Proteobacteria, in SDT

and RTT groups. Gram-negative bacteria, such as Escherichia-Shigella

(dramatically increased in the SDT group, 6.0%, compared to the 1% and

below relative abundances in the children dataset and in HC), are thought to
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be carriers of pro-inflammatory molecules thanks to their lypopolisaccharide

outer layer. In fact, these bacteria can be protected from the elimination and

ingestion of white blood cell by the additional layer, allowing them to keep

producing endotoxins that alter the gut microbiota composition and set the

stage for a dysbiosis.

RTT trend in a different picture

The Rett syndrome dataset was the most peculiar in this present study, and

showed the most profound alterations with respect to both HC and the

epileptic-only patients. While the comparison with a healthy control was

already described in Borghi et al., [153] the goal of the RTT addition to the

dataset was to enhance similarities and differences of patients undergoing

an analogous pharmacological treatment. Alpha- and beta-diversity

evaluation only reported a firm signature of the RTT group, and taxonomy

analysis could suggest something in that direction.

Ruminococcus, on the other hand, appears to be a hallmark of the HC group,

decreasing dramatically since the first seizure in DN patients. The database

used for classification (i.e.: SILVA) has a fragmented classification for the

Ruminococcus genus (with several groups as Ruminococcaceae UCG-002,

UCG-005 and UCG-014, Ruminococcus 1, Ruminococcus 2,…) but this

observation is sustained at a higher level by the Ruminococcaceae family,

which has a 28.2% relative abundance in HC and only 3.1% in DN patients,

3% in the EPI group and 0.8% in RTT. This family is often found reduced in

diseased patients, for example in people affected by inflammatory bowel

disease [163] or Parkinson’s disease. [96]

The Christensenellaceae family is emerging as an important player in

human health, being related to a healthy status in a number of other

different disease contexts, including obesity and inflammatory bowel
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disease. [167] The relative abundance of Christensenellaceae in the human

GM is inversely related to the body mass index (BMI) of the host, [167] and

the same correlation, not inversely, is valid for Bacteroides [168]: these two

genera linked to BMI were indeed found, respectively, reduced and

profoundly increased in the Rett patients, who are thinner due to their

lifestyle and syndrome with a BMI significantly lower (17.2 ± 3.9 in RTT

patients, compared to 20.9 ± 2.2 in HC). On the other hand,

Christensenellaceae has been found relevant in the feature selection

analysis: the drug-assuming patients showed a reduced biodiversity but an

increased relative abundance compared to the DN patients. The assumption

about Christensenellaceae and the BMI could be valid for the epileptic

patients as well, in the long term, as the SDT group has a profoundly

decreased relative abundance of this family as well (0.01% in RTT and 0.5%

in SDT vs 3% in HC, 2.2 in DN, 2.3% at DT4, and 2.4% in DT12).

From the network of bacterial interactions, a remarkable role was played by

Subdoligranulum and the genera related to it. This genus was the only one

within the homonym CAG to maintain a relative abundance above 1.6% in

the Rett group, while all the others were dramatically reduced (<0.6%). The

Subdoligranulum CAG was observed to be mostly depleted in RTT,

whereas all the members of the Bacteroides CAG were increased. The

relationships within the network for RTT patients were profoundly altered

compared to the HC and the other experimental groups, sharing some

similarities with the EPI group. Due to the small number of samples in each

subset of patients, it was not possible to elaborate a co-abundance matrix

and reliable network of interactions for all the groups, so any similarity or

difference between the RTT and the SDT groups cannot be confuted

through this analysis.
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Limitations

The most relevant limitation of this research is related to the fact that the

number of patients is relatively low and all these findings are to be

considered only as first hints of a behavior that needs to be verified in larger

cohorts of patients.

Due to the unpredictable nature of the seizure onset in children, the

enrollment of a higher number of drug-naive patients in the recruitment

period has been really difficult; moreover, often, consecutive samples from

the same patient are not easy to obtain. As for the adults in stable drug

therapy, many of them are in polytherapy, and the diverse mechanisms of

action of the drugs assumed could lead to different confounding results. The

epileptic patients sequenced and presented here were selected for

monotherapy, with no other pharmacological treatments, as an attempt to

have a clearer gut microbiota picture, possibly influenced only by known

factors. Lastly, the Rett dataset is small as this syndrome is, luckily, rare to

find and, even more rare and luckily for the patients, not every subject has

epileptic seizure and assume AEDs.

The limitations due to the small number of patients could reduce the data

reliability. The taxonomic relative abundances and significant findings may

change with a higher amount of samples per category, as well as the alpha-

and beta-diversity. As for the feature selection analysis, since the samples

used in the present study were already correctly classified with clinical

records and were not in such a great number that could have been divided

into training and test sets, the interpretation of the result is not of a

prediction but a statement, a descriptive model of the data, in order to

identify a subset of predictive taxa. [151] For example, in a larger and

longitudinal dataset there could have been a status label about an epileptic

seizure happening or not in conjunction with the sampling, and the model
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would have predicted for the dataset whether some bacterial genera were

particularly informative for a seizure happening in some days during a

treatment or dietary intervention.

The union of the different types of patients could lead to the hypothesis that

sex and, in particular, age (as the SDT was of only adults and the RTT

patients were older than the children sample-set) could have influenced the

findings, obscuring the drug-related observations. As for the sex issue, the

Rett and SDT patients enrolled were only females, as well as the majority of

the overall subjects, so the only criticism that could be held in this issue is

the imbalance toward one gender. For the importance of the influence of

these differences among the datasets, both doubts have already been

addressed by other studies: the age difference is thought to not interfere

with the observations made, as the microbial diversity develops and

converges toward an adult-like microbiota by the end of the first years of life;

[67] as for the sex issue, the 16S resolution is thought to not being sufficient

to unravel human GM differences linked to sex-dependent bacteria, [170] as

it doesn’t allow enough confidence to characterize the bacterial community

at a species or strain level, where a difference between

metabolite-producers that could interact with sex hormones could be seen.



73

CONCLUSION

This present study aimed at explore different aspects of epileptic

observation in the light of gut microbiota alterations.

Despite the already discussed limitations of the study, many interesting

speculations have been made that could set the stage for a bigger project

that could lead to confirmations or afterthoughts about the diversities we

observed with longitudinal sampling and focusing on drug assumption.

The results shown in this thesis highlight the existence of differences in

terms of general microbial diversity and taxonomy. In addition to the

influence from the diseased status itself, those bacterial differences might

also be impacted by the pharmacological treatment that the patients were

following. Of particular interest are the observations made about the

time-line during the drug assumption, with a separation over time often clear

and worthy of a deeper sequencing technique.

Further studies could implement the findings presented in this thesis. A

larger number of patients at different times and disease development could

decrease the amount of confounders due to the heterogeneity of the

subjects, especially for age, sex, type of epilepsy, and drug assumed; a

metabolomic analysis implementation could take into account the nutritional

intakes and explore the impact of bacterial metabolites on epilepsy

frequency and response to treatment; a whole metagenomic analysis could

contribute to reinforce these findings with a better discrimination below the

genus level and with the identification of biomarkers associated to the onset

of the disease.
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APPENDIX

Supplementary tables

Genus HC Patients
P-value

Bacteroides 26.1 (11.5) 26.1 (15.5) --

Faecalibacterium 7.9 (8.9) 5.8 (5.2) --

Subdoligranulum 6.2 (6.2) 7.6 (7.2) --

Alistipes 5.3 (8.5) 4.5 (5.3) --

Dialister 3.8 (4.5) 3.2 (3.8) --

Agathobacter 3.1 (3.2) 2.5 (2.7) --

Christensenellaceae R-7 group 2.9 (3.9) 1.4 (2.1) --

Lachnospiraceae NK4A136 group 2.5 (3.4) 1.8 (3.3) --

Ruminococcaceae UCG-002 2.4 (2.3) 1.9 (2.3) --

Ruminococcus 2 2.3 (3.2) 1.5 (2.8) --

Bifidobacterium 2.1 (4.3) 2.4 (3.0) --

Parabacteroides 2.0 (2.4) 1.8 (2.8) --

[Eubacterium] coprostanoligenes group 1.8 (1.8) 1.7 (2.4) --

Barnesiella 1.7 (3.3) 0.7 (0.9) --

Roseburia 1.6 (1.8) 1.0 (1.1) --

Akkermansia 1.6 (2.7) 4.1 (7.5) --

Blautia 1.3 (3.1) 1.1 (1.3) --

Ruminococcaceae UCG-014 1.2 (1.8) 1.5 (3.6) --

Ruminococcus 1 1.2 (1.4) 0.8 (1.0) --

Ruminococcaceae UCG-005 0.8 (0.9) 0.6 (0.8) --

Supplementary Table 1. Taxonomy comparison between HC and all the Patients
at genus level. Data are expressed as relative abundance (standard deviation).
P-values have been adjusted for multiple comparisons with Bonferroni correction.
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Phylum HC DN EPI RTT
P-value

Firmicutes 54.7 (19.3) 56.8 (13.2) 53.2 (14.5) 35.6 (10.6) 0.044 (HC-RTT)

Bacteroidetes 38.2 (17.7) 29 (17.5) 35.9 (15.7) 52.4 (11.7) 0.047 (DN-RTT)

Proteobacteria 2.7 (3.3) 1.9 (2.0) 5.4 (9.2) 5.6 (5.1) --

Actinobacteria 2.3 (4.3) 3.4 (4.2) 2.1 (2.3) 3.3 (4.0) --

Verrucomicrobia 1.7 (2.7) 8.7 (10.8) 3.1 (6.7) 2.2 (3.4) 0.020 (HC-DN)

Euryarchaeota 0.1 (0.3) 0.1 (0.2) 0.0 (0.0) 0.0 (0.0) --

Tenericutes 0.1 (0.4) 0.0 (0.0) 0.0 (0.0) 0.0 (0.0) --

Supplementary Table 2. Taxonomy comparison at phylum level between healthy
controls (HC), drug-naive patients (DN), epileptic patients in drug therapy (EPI = DT4,
DT12 and SDT), patients affected by Rett syndrome. Data are expressed as relative
abundance (standard deviation). P-values have been adjusted for multiple comparisons
with Bonferroni correction.
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Family HC DN EPI RTT
P-value

Ruminococcaceae 28.2 (15.2) 30.9 (13.2) 30.0 (12.2) 8.8 (8.1)

0.006 (HC-RTT)

0.0134 (DN-RTT)

0.003 (EPI-RTT)

Bacteroidaceae 26.1 (11.5) 22.8 (16.7) 22.6 (14.5) 40.7 (8.1) 0.0134 (EPI-RTT)

Lachnospiraceae 16.0 (8.6) 14.9 (6.3) 14.2 (6.6) 13.9 (11.0) --

Rikenellaceae 5.3 (8.5) 2.9 (2.3) 5.2 (5.3) 5.7 (9.2) --

Veillonellaceae 4.3 (4.8) 6.0 (5.8) 3.9 (3.6) 5.4 (5.3) --

Christensenellaceae 3.0 (4.0) 2.2 (2.7) 1.7 (2.1) 1.0 (0.1) --

Bifidobacteriaceae 2.1 (4.3) 3.2 (4.0) 1.9 (2.3) 2.9 (3.9) --

Tannerellaceae 2.1 (2.4) 1.3 (2.2) 1.1 (1.9) 4.4 (4.5) 0.026 (EPI-RTT)

Barnesiellaceae 1.9 (4.2) 0.9 (1.0) 0.8 (0.9) 0.6 (0.9) --

Prevotellaceae 1.6 (4.3) 0.5 (0.9) 5.5 (13.2) 0.2 (0.3) --

Akkermansiaceae 1.6 (2.7) 8.7 (10.8) 3.1 (6.7) 2.2 (3.4) 0.020 (HC-DN)

Acidaminococcaceae 1.3 (2.3) 1.1 (1.3) 1.9 (4.2) 4.3 (4.1) --

Enterobacteriaceae 1.3 (2.7) 1.0 (1.3) 3.3 (9.2) 9.2 (1.0) --

Marinifilaceae 0.9 (1.4) 0.2 (0.2) 0.3 (0.3) 0.5 (0.6) --

Burkholderiaceae 0.6 (0.8) 0.5 (0.7) 0.9 (1.3) 1.8 (2.7) --

Desulfovibrionaceae 0.5 (0.8) 0.1 (0.1) 0.4 (0.6) 0.8 (0.8) --

Streptococcaceae 0.4 (0.3) 0.4 (0.5) 0.3 (0.3) 0.3 (0.4) --

Erysipelotrichaceae 0.4 (0.4) 0.5 (0.7) 0.3 (0.5) 1.6 (1.5)
<0.001 (HC-RTT)

0.0128 (DN-RTT)
<0.001 (EPI-RTT)

Peptostreptococcaceae 0.3 (0.5) 0.5 (0.4) 0.4 (0.7) 0.1 (0.1) --
Flavobacteriaceae 0.2 (0.6) 0.0 (0.1) 0.0 (0.0) 0.0 (0.0) --

Supplementary Table 3. Taxonomy comparison at family level between healthy
controls (HC), drug-naive patients (DN), epileptic patients in drug therapy (EPI = DT4,
DT12 and SDT), patients affected by Rett syndrome. Data are expressed as relative
abundance (standard deviation). P-values have been adjusted for multiple comparisons
with Bonferroni correction.
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Cluster HC DN EPI RTT
P-value

Bacteroides CAG 37.1 (14.9) 43.4 (14.7) 36.2 (18.6) 58.0 (13.4)
0.003 (HC-RTT)

0.008 (EPI-RTT)

Subdoligranulum
CAG 19.8 (12.0) 24.7 (14.4) 20.8 (13.2) 3.4 (6.8)

0.002 (HC-RTT)
0.003 (DN-RTT)
0.002 (EPI-RTT)

Faecalibacterium
CAG 13.9 (10.8) 10.3 (5.4) 12.5 (7.7) 2.2 (1.9)

0.002 (HC-RTT)
0.003 (DN-RTT)

<0.001 (EPI-RTT)

Alistipes CAG 9.0 (12.0) 5.0 (3.4) 6.6 (5.3) 10.5 (8.2)

Other 20.2 (7.6) 16.6 (7.0) 24.0 (15.6) 25.9 (9.0)

A

Phylum HC DN DT4 DT12
P-value

Firmicutes 66.4 (17.7) 56.8 (13.2) 53.4 (11.9) 57.7 (18.7) --

Bacteroidetes 27.5 (15.6) 29.0 (17.5) 42.0 (11.4) 34.8 (19.6) --

Actinobacteria 3.1 (5.4) 3.4 (4.2) 1.2 (1.5) 2.9 (2.6) --

Verrucomicrobia 2.1 (3.5) 8.7 (10.8) 0.5 (0.5) 3.2 (5.5) --

Proteobacteria 0.5 (0.5) 1.9 (2.0) 2.9 (2.2) 1.3 (0.7) 0.014 (HC-DT4)

Euryarchaeota 0.2 (0.5) 0.1 (0.2) 0.0 (0.0) 0.0 (0.0) --

Supplementary Table 4. Distribution and significances of the co-abundant groups
(CAGs) within the experimental groups healthy controls (HC), drug-naive patients (DN),
epileptic patients in drug therapy (EPI = DT4, DT12 and SDT), and patients affected by
Rett syndrome.

Supplementary Table 5. Taxonomy comparison at phylum (A) and family (B) level
between healthy controls (HC), drug-naive patients (DN), epileptic patients in drug therapy
after 4 months (DT4) and after 12 months (DT12). Data are expressed as relative
abundance (standard deviation). P-values have been adjusted for multiple comparisons
with Bonferroni correction.
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B

Family HC DN DT4 DT12
P-value

Ruminococcaceae 38.7 (12.7) 30.9 (13.2) 29.9 (11.7) 36.6 (14.4) --

Bacteroidaceae 21.5 (14.5) 22.8 (16.7) 28.1 (15.7) 23.7 (14.5) --

Lachnospiraceae 19.1 (8.0) 14.9 (6.3) 15.9 (5.9) 11.2 (4.0) --

Veillonellaceae 3.5 (3.2) 6.0 (5.8) 2.6 (2.3) 5.7 (4.8) --

Bifidobacteriaceae 2.9 (5.3) 3.2 (4.0) 1.1 (1.4) 2.8 (2.5) --

Rikenellaceae 2.9 (2.3) 2.9 (2.3) 5.2 (4.8) 3.7 (3.0) --

Christensenellaceae 2.7 (2.8) 2.2 (2.7) 2.3 (2.5) 2.4 (2.4) --

Akkermansiaceae 2.1 (3.5) 8.7 (10.8) 0.5 (0.5) 3.2 (5.5) --

Marinifilaceae 0.9 (2.0) 0.2 (0.2) 0.3 (0.3) 0.2 (0.2) --

Barnesiellaceae 0.8 (0.9) 0.9 (1.0) 0.9 (1.1) 0.5 (0.7) --

Tannerellaceae 0.8 (0.7) 1.3 (2.2) 1.7 (2.7) 0.3 (0.5) --

Prevotellaceae 0.7 (1.4) 0.5 (0.9) 5.4 (13.2) 6 (14.4) --

Streptococcaceae 0.5 (0.4) 0.4 (0.5) 0.2 (0.1) 0.6 (0.5) --

Erysipelotrichaceae 0.4 (0.3) 0.5 (0.7) 0.2 (0.2) 0.2 (0.2) --

Acidaminococcaceae 0.4 (0.6) 1.1 (1.3) 1.7 (2.3) 0.2 (0.3) --

Peptostreptococcaceae 0.3 (0.4) 0.2 (0.1) 0.2 (0.3) 0.4 (0.3) --

Methanobacteriaceae 0.2 (0.5) 0.1 (0.2) 0.0 (0.0) 0.0 (0.0) --

Enterococcaceae 0.2 (0.4) 0.0 (0.0) 0.0 (0.0) 0.0 (0.0) --

Clostridiaceae 1 0.2 (0.1) 0.1 (0.1) 0.2 (0.2) 0.3 (0.3) --

Burkholderiaceae 0.2 (0.2) 0.5 (0.7) 1.4 (1.9) 0.4 (0.5) --
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Supplementary figures

Supplementary Figure 1. Relative abundance at phylum level for the
comparison between healthy controls (HC) and all the patients. The main 20
phyla, with a relative abundance higher than 1% among all the groups, are
represented; those with less than the set threshold were clustered into the “Other”
group. Bacterial phyla are ordered after HC abundances.
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Supplementary Figure 2. Correlation matrix of co-abundance at genus level divided
by experimental group. The clusters (CAG) correspond to the ones calculated from the
matrix from the entire dataset. X- and Y-axis are the same, but mirrored as it is a
symmetrical heatmap.
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Supplementary Figure 3. Relative abundance of the Co-Abundant Groups
(CAGs) obtained from Figure 11. The most abundant 20 genera have been analyzed
in the co-abundance matrix and grouped in the Alistipes (green), Subdoligranulumn
(pink), Faecalibacterium (yellow), and Bacteroides CAG (red); the genera not included
in the matrix were clustered in the “Other” group.

HC DN EPI RTT



97

Supplementary Figure 4. Correlation networks at genus level for (A) EPI and (B) RTT
groups. Relative abundances of the singular genera represented by the size of the nodes
and of the labels. The arches width indicate a higher or lower correlation value according to
the Spearman test. The arches colors indicate a positive (red) or negative (blue) interaction.
Bacterial genera are divided into CAGs deduced by the co-abundance heatmap in Figure 10.

A

B
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Supplementary Figure 5. Relative abundance at genus level for all the experimental
groups in the dataset. The main 20 genera, with a relative abundance higher than 1%
among all the groups, are represented; those with less than the set threshold were
clustered into the “Other” group. Bacterial genera are ordered after HC abundances.
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