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ABSTRACT

The effect of Alzheimer disease both on socioeconomic and public health of individual is a
great concern. Such disorders affect not only influenced the health sector but also put economic
burden on care givers and also affect the life of people affected with AD to live happy and
healthy life.

AD is that neurodegenerative disease which put direct burden of about million costs.. Thus,
target the management of AD as a proxy for the big issue for approaching the complex
challenges that need to be addressed, including scientific and clinical research, technology
development, care delivery, public policy, insurance and other financial issues, and
psychosocial burdens to caregivers.

Long and long decades were spent and continuously research are going on to understand
the undergoing mechanism of AD and develop more effective treatments for this devastating
disease. Wide spectreum of intervention are required to reduce or prevent the effect of disease.
This could only be gained through joint and collaborative research.

This introduction section will first focus on the clinical and neuropathological
characteristics of AD. Subsequently, advances in the understanding of putative molecular
mechanisms underlying neurodegenerative events, mostly based on studies of rare familial
variants of AD, will be discussed. As mentioned, effective treatment regimes remain
conspicuously absent, despite enormous research efforts during the last two decades. Therefore,
the final part of this introduction will focus on new research strategies that might help to provide
insight in the biological mechanisms that contribute to AD associated neurodegenration.



1.1 INTRODUCTION

1.1.1 Alzheimer’s disease(AD) — Multistagial neuronic syndrome
Neurodegenerative disorder (ND) is a wide term for a group of preliminary malfunctioning of
neurons with strong characteristics of a progressive damage of working neurons [1]. In contrast,
the term dementia is a general term used for the condition of brain affecting coginitive, thinking
and memory skill [2]. Dementia affects the human brain in many different ways. It is totally
depends on person’s way of living and combined effect of environmental factors and states of
health. Dementia is divided into 3 types on the basis of their stage of progression

(1 Latent stage — priliminary year or two

(1 Middle stage — second to fourth or fifth years

[1 Severe stage — fifth year and after
AD is the most common form of dementia when compared to other dementia like Lewy body,
Frontotemporal dementia and Parkinson Disease (PD) [3]. It involve the damage of neuron and

pathological marker are found in form of Neurofibrillary tangle and f-amyloid plaques.

1.1.2 Brief history of AD
AD was first discovered a century ago in year 1906 by Alois Alzheimer, a German neurologist.
He was the one who is endorsed for it, the condition received his name. Most of the scientific
community at that time does not gave much attention to Alois work toward AD because at that
time it was considered as one of rare disease whose harmful effects weer not noticed by medical
professionals [4]. Earlier prospective regarding this domain of research changed in 70™ century
in support of lots of evidences available about that the senile dementia contribute majorily in
eldest population [5]. Most and major researches were performed in this field in previous last
three decades. [4].

As described earlier that AD is the commonest form of dementia, so that AD draw
attention toward itself by their wide spectrum of effects on the society [6]. This disease is now
major health concern and is a point of essential discussion.



1.2 DESCRIPTION OF AD

AD is marked by the symptoms appear in the patient suffered from the disease, This symptoms
is much different than that of ageing in term of cognitive decline, which is more gradual and
associated with less disability. Symptoms appear in this disease are first mild and then become
severe [7].

The main physiology lies in this disease is that of neuronal damage that start from
hippocampus region of brain and later distribute in different area of brain responsible for
different types of activities [8]. Amyloid beta (AB), a little by product peptide formed due to
malfunctioning of the transmembrane amyloid precursor protein (APP), whose exact function is
not known but believed to be involve in neuronic development. Single unit of AP are rich in
sheet region transformed into higher tertiary form and later aggregate to form amyloid B-fibrils.
This insoluble fibril are deposited outside the neuron and form thick structure called senile
plaque or neuritic plaque in extracellular region of blood vessels [9]. Intracellular the neurons
are severely damaged by false aggragation or accumulation of tau-protein, which normally help
in providing stable structure to microtubule. Activation of tau protein has been done through
phosphorylation. Hyperphosphorylated tau accumulate in paired helical filament form and later
develop into thick masses inside the nerve cell body famously known as neurofibrillary tangle.

The actual mechanism for formation of plaque and NFT are not known. Senile plaques
and NFT like hallmarks promotes the injury and death of essential neurons, which hampered the
cogntive function of brain along with change in behavioural activities of AD patients. Abnormal
release of glutamate resulting inflammation and neuron death [11]. Neuroinflammation
symptom is directly or indirectly linked to AD. Immunological role of AD gene is confirmed by
extensive pathological and clinical proof documents available on online literature portal. The
molecular changes including increased pro-inflammatory cytokine concentrations within the
blood and cerebrospinal fluid [12]. These molecular changes whether promote later stage of
disease or not remains to fully understood, however swollowing of brain and associated
activities of neuroglia cell for amyloids deposits, has been concerned in dynamic mechanism
and pathological processs of AD.



1.3 HAZARDOUS CAUSES FOR AD

(a) Age

Due to better health facilities provided to people they live long and healthier life and as such
they live long asa consequence of which number of old aged people increase tremendously and
ageing and AD like condition emerges. The Late onset of AD appear after age of 65 years and
the rate of occurrence of this disease become high after age of 85 years [13]. It is stated in one
sentence as AD grow in exponential fashion after the age of 65.

(b) Role of environment for AD

Environmental factors like diet, activities and way of living have combined effects in
occurrence of this disease. This thought was supported by stern. Several diseases like diabetic,
smoking, obesity are linked to this AD like condition. A better education and mental quiz along

with fiber rich food may decrease the chance of occurrence of disease.

Table 1.1: Influence of different factors and their action of mechanism in possible cause of AD.

Directions of AD Possible mechanisms

Factors

Heart disease upward Parenchyma destruction, increased AP
production

Heavy smoking upward Cerebrovascular effects, Oxidative stress

stress upward Microvascular disease

Type 2 diabeties | upward Effect on brain vessel, insulin and AP act as
Comepetitor.

Obesity upward Increased risk of type 2 diabeties inflammations




Head injury upward Increased AP and APP deposition

Level of | Downgrade Provide cognitive reserve

education

Healthy Downgrade Antioxidant and Anti-inflammatory

diet

Body Exercise Downgrade Activate brain plasticity, promotes brain

vascularisation

1.4 EPIDEMIOLOGY AND SOCIAL IMPACT OF AD

After 1998, WHO declared AD as a major health concern in European continents [15]. Statistics
of AD shows that numbers of individuals are still increasing, notably among the oldest
population age larger than 65 years. The estimated population suffered from this disease is
about 44 millions in 2016. According to prior census,now predictable that in future about 70
millions new cases will be registered in 2030 and 120 millions in 2050.

[16]. The total number of new cases of AD in whole world is on average 7.7 million i.e, every
four second new cases of AD are reported [17]. On comparison death cases reported by WHO s
about 5.3 millions and an Most of the death are due to complication arises as a consequence of
AD. In 2016, lumsome 17.5 billion hours of cares are given by family members and unpaid
caregiver consist of more than 15 millions to patients sufferer from AD and other dementias, In
term of money this service provided by caregiver are about $604 billion..

Cases of AD are now rising in fast growing economy of asian countries like China, India
etc [18]. According to statistics figure of Alzheimer related disorder society of India (ARDSI) in
2010 approximately 0.4 million people are diagnosed with AD [19]. Looking at this
information, It is greater needed to take urgent steps in this direction. It is assumed that by the
end of 2050, 22% of total population aged 60 or over and majority of them will be from Asia,
America or Africa [16]. AD is now major cause of death as compared to other harmful diseases

as stated by Alzheimers association as indicated in Fig. 1.
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Figure 1.1: Proportion of different factors of death (all ages) between 2010 and 2016

(Source: Alzheimer’s Association Report 2016, Alzheimer’s disease facts and figures)

1.5 PATHOGENESIS AND SYMPTOMS OF AD

AD is marked by the presence of two signal i.e neurofibrillary tangle (NFT) and amyloid plaque
which are formed both intracellularly and extracellularly due to misfolding activity of neuronic
proteins.

1.5.1 Amyloid

Extracellular f-amyloid plaques formation is firstly hypothesised in amyloid cascade hypothesis
(Figure 2). Plaques formed outside the surface of neuron by the enzymatic activity of B-amyloid
cleaving enzyme (BACE) and as result AB-42 type aggregate together to form this structure
[20]. The presenilin proteins (PS1 and PS2) plays vital role in formation of B-APP by
undesirable cleavage of APP. Familial- AD (FAD) is mainly occur due to specific mutation on
PS1 or PS2, as a consequence of which concentration of -amyloid rises many fold [21]. Allele



of apolipoprotein E type 4 (APOE ¢ 4) are major culprit on onset of sporadic AD [22]. By the
well experimental studies of APOE, PS1 and PS2 describe the molecular mechanism lies in
plaque pathology [23]. The amyloid cascade hypothesis is the most popular theory which
explained the role of B-amyloid in plaque formation [24]. The theory does not however explain
the cause of sporadic AD. Plaques are also common in non-demented individuals [25].

The sortilin related receptor 1 (SORL1), also contribute in APP processing. SORL1
directed APP into recycling process and protect APP from enzymatic activity by BACE and
presinilin proteins. Due to less enzymatic activity on APP, lesser amount of AP production
takes place. However, when the expression of SORLL1 is not much expressed than the enzymatic
activity of BACE like enzyme increases drastically and higher concentration of Ap formation
takes place. Levels of SORLL1 act as biomarker in identification of AD brain and mild cognitive
impairment as the concentration of SORL1 found to be reduced have been shown to be reduced
in the brains of AD patients and patients suffered from mild cognitive impairment [26]. Another
chaperone protein called Clusterin also work as natural biomarker as its expression is directly
associated to severity and progressive stage of disease [27].

It is utmost important to identify specific genes which confer the risk of AD. However,
there is found always a problem in identification of specific genes as single genes represent low
level of risk [22]. GWAS studies overcome this problem by examining whole genome for genes
associated with the risk. However, the level of disease pattern varies from person to person.
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Figure 1.2: Alzheimer’s Disease and its major hallmark
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1.5.2 Tau protein abnormalities
Another positive signal of AD connected changes within the brain is intracellular structure
formations referred to as neurofibrillary tangles (NFTs). NFT are made from paired helical
filament (PHF). The most important protein molecule of NFTs is that the protein tau, a tubule
associated protein (MAP) [28], link with structural protein called microtubule which assist in
providing cell stability of neuron, releasing of tau protein from microtubule result in unbound
tau protein aggregation [29]. The explanation for the aggregation is explained by tau hypothesis.
In physical state, tau proteins are soluble in nature and show dynamicity through
phosphorylation and dephosphorylation. Imbalance generated during this dynamic leads to
formation of multiplied levels of abnormally hyperphoshorylated tau like P-tau 181, P-tau 199,
P-tau 231, P-tau 396, P-tau 404, that successively disturb normal tau and alternative MAPs
(MAP1 and MAP2) [30]. Tau aggregate in hyperphosphorylated form and make PHF to
establish tangle inside the neuron. Tangle formation take place due to disorganization of
microtubules. The mutual impact of tangle formation and disorganisation of microtubules result
in compromise in natural and cognitive performance [31]. Amyloid cascade hypothesis depend
on high volume of AB-protein that influence tau to form NFT [25].

Similar to tau, another protein called a-synuclein help in tubule assembly through
binding nature of this protein [32]. When mutation occur in this protein result in lost of



assembly of tubule and tangle formation take place. Tubule is very important for performing
role in traditional neural and synaptic connection building, pathology of microtubule also focus
in neurodegeneration [33]. The quantity of NFT may be a pathological marker of AD severity.

1.6 Animal models and post mortem studies

Support from transgenic animal model, human tau protein mutation in transgenic mouse model
shown tangle formation [34]. Core symptoms associated with AD has biological basis, both
plaques and NFT have mutually exclusive behaviour to each other and both grow independent
to each other and have different pattern of distribution [35]. On examining the brain during post-
mortem shows how the disease progresses from onset to prominent stages with relation to time.
The medial temporal cortex, hippocampus, and entorhinal cortex, anterior neural structure are
majorly affected whereas other parts are remains unaffected. This distribution or
topographically prophetical nature of aggregation is assumed to be a 5 to 6 stage method
whereby the primary 3 stages are diagnosis, with symptomatic or clinically identifiable
symptoms changing into outstanding from stages 3 head. The symptoms of amnesia are caused
due to disturbance in hippocampus region therefore manufacturing early changes in memory,
and ultimately the progression to the final stage, wherever the pallium is affected also [36].
Moreover, It has been reported that tangle formation appear before plaques formation. This can
be contradictory to amyloid cascade theory which said that tangle formation take place as result
of Ap formation [37]. Support to this statement is found within creation of animal model like
“3xTgADAPP”,”PS1” and “P30IL”. The incidence of amyloid deposition precedes tangle
formation by abnormalities in tau protein reveal temporal and spatial distribution of taupathy
following amyloid deposition [38], both APP and “P301L” models jointly yielded each pairs of
pathologies; with amyloid thought-more infective feature of the two, and so a lot of at risk of
cause dementia.



1.7 Other famous hypothesis

1.7.1 Oxidative Stress

Oxidative stress is one of major suspect responsible for causing neurodegenerative disease by
harming numerous essential bio molecules present in brain region in an uncontrolled pace. One
thought that AP and NFT essential in initiation of antioxidant defence. Therefore the sign of AP
deposits and tau hyperphosphorylation could be directly linked to oxidative stress defence
mechanism. Animal model study shows that oxidative harm precedes the pathological changes
related to AD [39].

1.7.2 Inflammation

Brain regions that are affected by AD shows presence of cytokines and microglia through
increased inflammatory cascades [40]. It is not clear whether or not this can be a natural action
to control inflammation and associated misregulated immune response. Enzyme COX is a key
enzyme of inflammatory phenomenon is targeted by non-steroidal medicinal drug medicines.
(NSAIDs), touching COX levels. NSAIDs doesn't cut back the danger or delay the onset of AD
[41]. Majorly this process depend on role played by NSAID, although some evidences are there
which show inflammation process is independent of inflammation, NSAIDs will cut back Af
accumulate in animal models of AD. As it is assumed that glia cell of brain activated when AD
diagnose at early age in patients and also play role during synaptic disruptions and mild
cognitive impairment [42]. The AD medicinal drug bar Trial (ADAPT) looked into the role of
NSAIDs in individuals at risk of dementedness, exploitation COX and COX-2 medicine. The
trial was associated to heart disease risks [43]. In total, COX enzyme which target NSAID are
much better option than that of COX-2 inhibitors [44].



1.7.3 Cholinergic hypothesis

Disturbance in cholinergic pathway lead to discovery of cholinergic hypothesis, it totally based
on secretion of AChE that is situated at the basal region of the brain [45]. These neurons arise
from basal region to the hippocampus and cerebral cortex that are concerned in each memory
disturbance and psychological symptoms. Ach is chopped-off by the protein
acetylcholinesterase (AChE). Quantity of acetylcholine is found in trace amount in moderate
and severe AD patients, unlike mild patients; inhibition activity of cholinesterase improves
transmission capacity of neurons and provides mild relief to AD patients.

1.7.4 Cholesterol metabolism

The association between cholesterol and AD pathogenesis are now widely accepted [46].
Activity of enzymes involve in APP metabolism are greatly affected by cholesterol. Statins
which are cholesterol-inhibiting drug are also played a crucial role in lowering the risk of AD
[47]. Another function of Apolipoprotein (APOE) is that it is involved in the transportation of
cholesterol, and APOE ¢4 allele is an authenticated marker which undoubtly increases AD risk.
APOE ¢4 is also associated with early onset for AD [22]. APOE &4 both work as genetic risk for
AD and also linked to the production and aggregation of both amyloid and tau. E4 allele of
apolipoprotein is involved in malfunctioning of neuronic signal and amyloid plaque formation.
Individuals who possess two €4 alleles are thought 7 times more susceptible in developing AD
than those who have the E3 allele. Heavy amount of cholesterol present in body may increase
risk of AD in age >= 40 years and FDA approve cholesterol free drugs like statin which reduce
the risk of occurrence of AD. But impact of statin on improving cognitive function is not much
affected [48]. AD researchers are not convinced by the cause which cause brain cell death and
tissue loss in AD brain but plaques and tangles are key suspects. Scientists can see the dreadful
effects of AD when they visualize at brain tissue under the microscope (Fig.3).
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The actual mechanism for the occurrence of two disease hallmark is still not known. Different
mechanism like synaptic failure, oxidative stress, mitochondrial stress may involve indirect
association with AD, but is still questionable, Linkage of Ap with tau is also still not clear [49].
From some AD molecular search it has been found that in tau pathology, once it is started it
grow independently without the involvement of AP. It also evidence that even after removal of
major portion of AP deposit around the nerve fibre, The performance of neuron not improve to
much extent[50]. These are some of the evidences which are highlighted here but many other
hypothesis regarding AD comes from time to time but due to lack of evidences every hypothesis
fail to explain actual mechanism of AD. This demonstrates that we have still fragmentary

knowledge and need to compile that knowledge to understand the actual cause of AD.

1.8 GENETICS AND RISK FACTORS FOR AD

No one is aware of the actual reason behind AD; however scientists do apprehend that genes are
concerned. For several years, researchers have explored for specific genes that are responsible
for outcome of commonest dementia. There are some intriguing clues, however additional

analysis required to totally perceive the genetic link of disease.



Four chromosomes 1, 14, 19 and 21 on genes are strongly linked to familial AD. The name of
genes lies on chromosomes is PS1, PS2, APOE and APP [51].

APOE genes belong to the chromosome responsible for late onset AD that is the most
common form of the illness that affects peoples over age 65 years. Several literature available
online around the world have shown that when a person possess has one specific allele of the
APOE sequence, mentioned as APOE4, it'll increase their chance of obtaining AD at some
phase in their lives [52]. But the proof for direct association available is not sufficient. This is
confirmed as some people who have APOE4 don’t get AD, others have the illness despite the
very fact that they don’t have APOE4 in their DNA [53]. In alternative words, though the APOE
gene clearly influences AD risk, it isn't a true biomarker that someone will have the illness.
Scientists have to be compelled to learn lots of relating to the association.

AD sometime appear early in families whose relatives were earlier affected by this disease.
By studying the genetic material of those individual the role of gene associated to chromosome 1
and 14 play major role in occurrance of early onset of disease before age of 65 [54]. The
chromosome 21 gene is a motivating AD clue attributable to its role in Down syndrome [55].
Individuals with Down syndrome have an additional copy of gene on location 21. As they age, they
usually get AD symptoms, although at a younger age than others who get the disease. Their brain
cells additionally show identical damage that happens to brains affected with AD [56]. Scientists are
still attempting to completely understand the link between these 2 conditions. Genes don't seem to
be the sole reason for the disease. Additional analysis can show however DNA, life style, and things

within the surroundings play roles in creating individuals additional possible to induce the condition.

1.9 DIAGNOSIS OF AD

The classification and therefore the criteria accustomed diagnose dementia and AD is about move
into Diagnostic and Statistical Manual of Mental Disorders (4th, text revision, DSM-IV-TR) (APA)

and the International Statistical Classification of Diseases and Health related Problems. The
international committee DSM-IV-TR (APA) and ICD-10 define dementia as associated with other
impairment in cognitive function of brain [57]. NINCDS-ADRDA criteria classify the identification
of symptoms as definite (typical symptoms and microscopic anatomy confirmation), probable
(typical symptoms while not microscopic anatomy confirmation) or attainable (atypical symptoms

however no different identification a minimum of equally likely).



These classification criteria are considered to be highly reliable as its statistical validation reaching
sensitivity and specificity is found to be 81% and 70 % respectively [58].

This criteria work mostly in diagnosing late stage of disease but it has been well accepted in
scientific community that disease shows its effect much earlier before the actual diagnosis of
disease symptoms [59]. By this way, criteria were fixed to identify mild cognitive impairment
(MCI), in this stage sufferer people feel difficulty in performing routine task. But MCI is very
unspecific and precede other dementia other than AD [60]. In order to identify AD at early stage
of disease there is requirement of efficient biomarkers. In 2011, the NIA-AA workgroup
conjointly work on finding the definition and detection of preclinical stages of AD [61],
recognizing the importance of biomarkers for the sure shot identification of AD at early stage
and causes of other dementia.

Biomarkers can be defined as matter (physiological, biochemical or anatomical)
signature used to identify any pathological changes occurred during different stages of diseases
[62]. In term of AD 5 potential biomarkers are confirmed till now are as given, decreased
concentration of AB42 in the cerebrospinal fluid (CSF), increased CSF tau proteins in neuronal
cortex regions, decreased fluorodeoxyglucose uptake on PET (FDG-PET), PET AP imaging,
and structural MRI imaging measures of cerebral atrophy. Evidence available from literature
suggests that abnormal biomarker findings ease in finding the disease in years as compared to
finding possible factors take decades [63].

1.9.1 CSF as one of preliminary biomarkers

The fluid which found inside the central nervous system are called cerebrospinal Fluid (CSF),
therefore when any biochemical changes occur in brain it will be noticed and monitored through
CSF, as there is no any hindrance by blood brain barrier (BBB). CSF is extracted from patient
brain through lumber puncture procedure. CSF biomarkers comprise components total tau (T-
tau), phosphorylated tau (P-tau), and the 42 amino acid isoform of f—amyloid (A  42) [64].
1.9.2 Level of Tau protein in CSF

Tau present in CSF was used as biomarker from early decade to identify AD. A meta-analysis
revealed that over 2200 AD patients had been studied, with 1000 age-matched controls [65].
Consistently CSF-tau level has been significantly elevated (approximately three-fold increase)
in AD patients. However, the sensitivity and specificity levels tend to vary. The sensitivity
levels range between 40% and 80%, and specificity varies between 65% and 85 % [66]. There is
also a link between tau and age related disorders increases in non-demented persons.



Though CSF levels of tau are highly sensitive for AD, they do not possess a high level of
specificity against other dementias [67].
1.9.3 Phosphorylated tau protein in CSF
Different form of phosphorylated tau like P-tau 181, P-tau 199, P-tau 231, P-tau 396, and P-tau
404 are found in CSF with varied concentration. P-tau 231 and P-tau 181 were found to be the
two robust and authenticated biomarker to facilitate discrimination between AD and other
dementias [68]. Sub-groups of AD based on CSF proteins have been highlighted and identified,
where following analysis and measurement of the CSF forms of P-tau levels have been shown
to cluster indicating different clinical profiles at 88% and 86% sensitivity and specificity
respectively [69].
1.9.4 Role of p-Amyloid in CSF
It is now well known that AB1-42 is a pathogenic protein, and is found in the CSF. Decrease in
concentration of CSF in AD patients due to building of amyloid proteins inside the cerebral
cortex. This suggests a connecting-link between extracellular amyloid plaques and CSF AB1-42
[50]. In the past decades studies were performed on 900 patients and 500 controls and the
findings have been consistent in the levels of AB1-42 between the two sets of populations [70].
There was noticed that AB1-42 level are much lower in AD population, with a sensitivity range
of 78% to 100% and a specificity range of 47% to 80% [71]. The level of AP found in CSF is
much higher from that of found in plasma [72]. Furthermore plasma AP levels are not in
sufficient amount to fulfil the criteria as diagnostic measure. Plasma AB1-42 levels are found to
be similar in both AD-patients and control. A longitudinal study suggested that higher plasma
AP, a risk issue for developing AD is not thought to be helpful in discrimination between
disease and control. Plasma AP do not have the sensitivity or specificity compared to CSF-AB
[73].
1.9.5 Concentration of p-Amyloid antibodies

The level of antibodies present against AP in both CSF and blood are lower in AD
patients as compare to that of healthy persons. With reference to work from animal-model,
active and passive immunization with - amyloid antibodies resulted in a reduction of plaques
development. Active immunization trials on humans with B-amyloid antibodies produce side
effects as sub acute meningoencephalitis. However in subset of patients who possess
autoimmunity for antibodies of AP have shown neuroprotective effect, with improved

performance in neuropsychology exam. [74].



1.9.6 Imaging as a biomarker (MRI & PET)

Magnetic Resonance Imaging (MRI) has been used to detect disease state or atrophy in one of
the lobe called medial temporal lobe in AD patients. Validity of this physical techniques as
biomarkers is measured and reported that it have approx. 85% sensitivity and specificity, and
depending on the severity, is found in up to 96% of the AD cases as compared to normal one.
The Alzheimer’s disease Neuroimaging Initiative (ADNI), one of the central unit of
international research as part of a multicentre study are majorly measuring hippocampus size
volumes and measuring cortical thickness to differentiate disease and non-disease brains.
Available computational technique are used to test MRI scans and differentiate AD and non
AD brain with 89% sensitivity, following post mortem confirmation [75]. Neuronal function of
brain becomes false in region of temporal parietal and cortical specific area. Positron emission
tomography (PET) is also proved to be valid imaging biomarkers utilize live aldohexose
metabolism in neuron in differentiating AD brain and healthy control [76].

Although all these are efficient biomarkers but not able to diagnose full
pathophysiological process. For example, CSF and AB-PET are used to recognise A deposit,
but do not provide information on AP oligomers, which equally play role in pathophysiology of
AD. Neuronal injury in some extent are relate to abnormal tau protein in of brain [77] and the
brain atrophy are not specific for AD but also relate to other neuropathy. Furthermore, it may be
chance that individual who are marked positive through biomarkers will not necessary that
progress to dementia in future [78].

In spite of all these limitation, The development of biomarkers are one of the major step
toward AD diagnostic research. Early detection of AD will become easy by applying these
biomarkers in-vivo and effective treatment start immediately and it help in reduction of

population suffer from this hazardous brain malady [52].



1.10 TREATMENT OF AD

There are no potential drugs available in market for complete prevention of AD, but only drug
available in market are symptoms based [79]. Natural compounds are prioritised as compared to
chemical compound which improve thinking and memory skill. FDA approve drug for AD are
divided into 2 categories, namely the cholinesterase inhibitors Donepezil, Rivastigmine,
Galantamine, and the NMDA receptor antagonist Memantine. Study of cholinergic system suggests
that deficit of cholinergic results of occurrence of AD [80]. However its efficacy in patient suffers
by disease from mild stage to advance stage may be a point of debate. The intake of Memantine base

on the hypothesis that neurodegeneration is caused due to toxin radicals, cell damage mediated by
excessive Ca °" influx through NMDA receptors. It is not applicable to patients who are in initial

stage of disease, another drug called Memantine should be offered as symptomatic cure option for
moderate to severe AD. Combined action of these two drugs is proved to be beneficial in controlling
fast decline in cognitive function of brain. This treatment is effective just for 6-12 months before the
brain function declination start again [81]. AD treatment are divided into both pharmacological and
non-pharmacological and it’s just mitigate the economic and physical burden on family-members
and care-givers, facing both natural and psychological burden of disease and facilitate to perform
activities of daily routine till attainable.

Beside treatment of AD on basis of symptoms some drugs are now developed on the basis
of disease modifying properties. These drugs follow different strategies in treatment of disease
and categorise into 3 phases of clinical trials: (1) Ap metabolism, (2) hyperphosphorylated tau
phenomenon and (3) other remaining strategies. Most drugs which target Ap production by APP
cleavage belongs to phase-2 or phase-3. Beside their role in controlling A production they
were primarily developed for other diseases such as diabetes or hypertension, as well as others
drugs which are specifically designed for that purpose e.g. to alter the - or y-secretase activity,
to induce neuroimmune response to AP peptides or to stop the formation of A oligomers which
are suspected to pose an important neuroprotective toxin.

Despite promising result in preliminary phase of drug development most of the drugs fail
in phase 11 trial stage of drug discovery. Most of the drug is banned in phase Il trial of drug
development due to adverse effect generated without much improvement in cognitive ability of
brain.



This results in a reassessment of preventive methods in AD drug development process. This is
supported by updating criteria in diagnosis of disease and majorly focuses on treatment method
and techniques for early diagnosis of disease. Implementing these criteria in future trials is
predicted to possess a crucial impact on drug development.

1.11 CURRENT RESEARCH

It is critical that AD and connected dementias analysis still accelerate. To confirm that the effort
to find better treatments receives the main target it deserves, the Alzheimer's Association funds
analysers watching new treatment methods and advocates for a lot of independent funding of
AD research [82].

1.11.1 The expectation for perspective drugs

At this time, there are 5 FDA-approved AD medicine that heal the symptoms of disease —
temporarily serving to brain activity and thinking problems — with a 6th drug on the market
universally [83]. Although these drugs don’t operate on cause of disease. In distinction, several
of the new medicine in development aim to change the disease development procedure itself, by
influencing various changes occurs in brain due to AD. These positive changes provide target
for the development of new treatment. Several researchers believe new victory treatment
eventually involve a disease modifying drug (DMD) medications aimed toward many targets

[84], almost like current progressive treatments for several cancers and AIDS.

1.12 PROBLEM STATEMENT

The problem statement mentioned in this study is to identify the genes and proteins of AD and
their connection to the disease. The method and techniques employed in the research, using
complex large databases, analyzes the data, and generate the results in a reliable way.

There are two ways of doing the analysis: in-vitro analyses and in-silico research. The
in-vitro analysis is capable of diagnosis the disease and additionally suggest a treatment. This
needs experimental proofs. The experimental result could generate low quantity of information
and therefore the medico, additionally could have some additional information at his/her
disposal. With this extra information, medico currently could also be able to analyze the
information and turn out results to acquire knowledge regarding the disease and its cure.
Because the physicians analyze large information, the results therefore obtained could also be



Inaccurate and insufficient within the method of constructing medical choices. Significantly
within the method of drug discovery, the quantity of information to be extracted, stored,
manipulated, managed and analyzed is quite large. As a part of these activities, a really great
amount of information is to be exchanged and shared. This can be a tough task to find, extract,
manipulate, manage and analyze huge volumes of information manually. It's quite apparent that
there are ranges of cause concerned in disease.

The in-silico analysis uses associate experimental technique performed on computers or
in artificial machine. This approach is capable of extracting, storing, manipulating, managing
and analyzing terribly immense amounts of data and manufacture purposeful information, which
might be accustomed build purposeful and correct selections. As a part of this, great amount of
information might have to be extracted from a range of sources and in numerous formats. The
information from varied sources is well-mined using an appropriate acceptable mining
technique and also the data be made available for processing.

The current study focuses in finding the genes and proteins responsible for AD as
regulatory biomarkers for understanding the pathogenesis of disease. By using various search
engines, search and extract data from a wide range of databases available on line for open
access. The data extracted is assembled in the desired format by using the computational
algorithm for processing, and later perform required computations. The results are represented
graphically and provide necessary information for decision making. Using this methodology,
the data cannot only be processed but also be interpreted in a variety of formats like pictorial
and graphical. The in-silico process makes the process more accurate, efficient and reliable.

In this study the data of genes and proteins causing AD and other neurodegenerative
diseases are extracted from various online databases assembled and analyzed with different
objective in mind by using different approach. From the analysis, the names of the

genes/proteins that primarily cause AD are known, inferred and later hold on in web repository.



1.15 OBJECTIVES OF RESEARCH

Keeping in view the gaps existing in efficient biomarkers for AD, the current study was
undertaken with the following four objectives:

Objective 1: Build a comprehensive database for AD which includes basic level to advanced
level information for genes, proteins, SNPs, miRNA, Animal models, pathways and drugs etc.
Along with this AD affected brain image data are also embedded with tissue differentiation
according to stage of disease added value to our database.

Objective 2: Machine learning (Decision Tree) approach to unravel the genetic mystery of AD
Pathological process using standard diagnostic scoring System. Efficient rule primarily based
classification of AD related genes for correct mining of data used for scientific research.
Objective 3: Systems biology approach for gene set enrichment and topological analysis of AD
network.

Objective 4: Molecular docking simulation studies of specific chemical group of compounds to
find inhibitors for specific target protein Acetylcholinesterase (AChE).

1.16 SCOPE OF THE STUDY

This study focuses on the identifying genes and proteins that play a key role in connection
between AD. These genes are used as Biomarker for predicting the complications with which
occurrence of one can tell the state of the other one. These genes are identified and extracted
from the databases that are obtainable in online repository. Biological aspects are not vividly
utilized in this study except to clarify the examples and to grasp the fundamentals of the
problem. This study has identified some keystone genes/protein that is responsible for AD.

1.17 LIMITATIONS OF THE STUDY

This dissertation work identifies genes and proteins that are related to the complications but this
will not tell that only these genes/proteins related to the diseases and this will relate to only this
complication. During the inhibitors identification for Acetylcholinesterase (AChE) this will not

tell that only these genes will play an important role in the drug design.



1.18 BRIEFING OF LITERATURE REVIEW

There is an utmost need in identification of AD at early stage and on timely manner. Due to
several years of research in this domain clinical profile and associated symptoms are well
established. Only demand for effective biomarkers are remaining which correctly diagnose the
disease in short time.

Currently available diagnosis techniques take a time of about a month to detect disease
rather than hour or day. In term of treatment, clinician only develop drugs which enhance or
improve the cognitive ability for short duration by prescribe drugs according to the symptoms
and also theses drugs are not recommended to patients in severe stage of disease.

Research shows that AD exist in pre-symptomatic phase so there is higher demand for
early diagnosis of this disease and development of new drugs based on complete eradication of
this ailment from root. Currently available single or group of biomarkers still promising but are
not much sufficient to fulfil their role of diagnosis of disease at preclinical setting, With great
hope arise about CSF as biomarkers as it contain all essential biomolecules which assist in
identification of disease with great accuracy .

The three key areas of research in AD have yielded important information in the form of
data as morphology and molecular understanding of the disease, the pathological events associated
with AD, the clinical profiling and the search for biomarkers. This review also focus on discovery
of robust biomarker by majorly giving preference to the known or proposed molecular candidates,
employing the traditional hypothesis by using scientific approach on small dataset.

With the advancement in technologies researchers can analyse large numbers of data
samples in robust manner to interrogate potential biomarkers open new avenue of research
direction. In literature discuss that with high throughput technology and big data handling
through clusters and heavy servers allow focusing both CSF and braining tissue. It helps in
finding both known and unknown biomarkers comprise genome, protein and metabolite level
data.

The application of interdisciplinary field of machine learning, systems biology,
structural biology and bioinformatics can be applied for discovery of biomarkers for the
diseases; this implies the accurate diagnosis of disease state, the ability to sub classify diseases,

to elucidate disease aetiology and mechanisms.



1.19 THESIS IN NUTSHELL

The principal title of this work is the identification of important genes and proteins with their
role involved in AD and their interaction studies.

In the first chapter a general background is presented, Detail literature about disease, its risk
factors, epidemiology, and genetics of disease, also overview the problem statement, scope,
significance of the study and limitation of the study.

In the Second, Third, Fourth and Fifth chapters discussed about four different objectives, their
methodology, results, conclusions in form of major finding and discussion about their
applications in finding potential biomarkers for confirmation of AD.

In the Seventh chapter summarizes the conclusions of the key reports of the study and discusses
prospects for further work in these areas.

In summary, the present study has made an attempt to show how applications of different
computational and statistical tools help in finding useful knowledge about pathogenetic
mechanism of AD. Through structure data of Proteins about different inhibitors enlightened our
knowledge about their binding energy and inhibitory potential. This study can useful to generate
new biological information. With the exponential growth of sequence and structure data,
Bioinformatics can still play a very important role in new biological discovery and in

formulating intelligent questions for designing experiments.
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CHAPTER 2

Development of Comprehensive
Biomarkers Database for (AD)
- ABCD



ABSTRACT

Alzheimer’s disease (AD) is associate in age-related, non-reversible brain disorder. Memory
loss, confusion and personality changes are major symptoms noticed. Final consequence of AD
leads to a severe loss of mental activities. Due to lack of effective biomarkers, no effective
medication available for the complete treatment of AD. There is a need to provide all AD
related information to the scientific community. Our resource Alzheimer’s Disease Biomarkers
Comprehensive Database (ABCD) somewhat accomplished this objective by working as a big
repositories of varied data related to AD. The web interface contains information concerning the
proteins, genes, transcription factors, SNP’s, miRNAs, mitochondrial genes and expressed
genes implicated in AD pathogenesis. In addition to this molecular level data, the database has
information for animal models, medicinal candidates and pathways involved in AD and some
image data for AD patients, ABCD is coupled with some major external resources where user
can retrieve additional information about the disease. The database was architected in such a
manner that user can extract meaningful information easily. This database is unique in the sense
that it is completely dedicated to specific neurological disorder (AD) of a human. Further
advance options like AD affected brain image data of affected patients and structural compound
level information add values to our database. Features of this database information enable users
to extract, analyze and show information associate with a disease in many alternative ways. The

database is hosted and accessible at http://www.bioinfoindia.org/abcd.



http://www.bioinfoindia.org/abcd.

2.1 INTRODUCTION

Better health facilities within the past few decades have contributed to individual’s longer and
healthier lives. Advancement in medical technology conjointly increased the variety of
individuals with non-communicable disease like dementia [1]. Dementia is a diseased brain
condition, typically of severe or progressive nature affects thinking, memory and behavior to
perform routine activities. AD is categorized as the most common form of dementia [2]. AD is
noticed by an incurable continuous decline in psychological activities. Current ailment of the
disease is basically symptom based and relies on three enzyme inhibitors which are donepezil,
rivastigmine and galantamine which are affecting acetylcholine based system whereas
memantine, affecting the glutamatergic system. Since 2003, no new medicines are passed by US
Food and Drugs Administration (FDA) test for the treatment of AD. AD has well enhanced
among individuals aged higher than sixty-five years, still there is no permanent cure that stops
or reverses the progression of the disease which ultimately worsens the situation, and afterward
results in the death of sufferers. Presently, there is no specific marker available which can be
considered as medicinal drug target for AD identification and diagnosis that may make sure
with a 100 percent certainty regarding AD identification. The challenges in front of scientific
community include; understanding of abnormalities in gene regulation, protein-protein
interactions, and also the resultant alterations in signal and metabolic pathways result in AD [3].

There is associate imperative would like for substantial advances withinin the research
area of biomarkers for assessment of risk, identification of causative factors and disease
progression monitoring [4]. Continuing efforts are still going on to achieve success, this
includes develops new medicines that might slow or stop the progression of disease. Current
studies on AD are underway to spot biomarkers for diagnosing and new medical specialty to
hinder disease progression. Acceleration in the biomarker identification, disease prognosis and
diagnosis has been observed in various cancers such as colorectal [5] and thyroid cancer [6]
with the help of repositories created from the scattered data from public domains and review
literature. Therefore, our target was to collect and consolidate this data in a single repository for
assessing different AD biomarkers, respective feasibility to be a drug candidates and role in
subsequent pathways [7]. With this aim, we designed Alzheimer’s Disease Biomarkers

Comprehensive Database (ABCD); which is a completely AD dedicated online data resource



for storing and retrieving various components in the form of knowledge to researchers, doctors
and caregivers. The amount and quality of data available in ABCD is manually curated and
most of the available data are collected from experimentally generated data sources which
renders ABCD the foremost comprehensive in itself.

Exponential growth of experimental information with biological studies and also the
development of recent tools created it easier for the analysis community to research AD
information [8]. The bottleneck of AD study lies in information analysis, as a result of the
quality of knowledge analysis depends on multitude of databases, tools and nonuniformity of
knowledge concerned within the study [9]. We have a tendency to collate associated data related
to AD that is scattered in various web resources for the examination of increasingly massive
biological information of AD.

The information available in ABCD is for open access to all and allows user to easily
browse the data associated with AD and their related molecular consequences. The platform
supports various kind of user input in context of system biology to develop healthcare
application for AD. Also, network level understanding of pathways using concrete information
can help scientific community to pave a path to resolve AD complexity. Molecular level
information retrieval portal can interrogate the information from user-friendly interface. ABCD
database management system is shown in Figurel. Its comprehensiveness, standardization, free
availability, ease of accessibility and support of various user profiles create ABCD a resource of
option to investigate diseases of neurodegeneration.
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Figure 2.1: Workflow for data storage, processing and mining useful information of
Alzheimer’s disease from ABCD

2.2 MATERIAL AND METHODS

ABCD is a type of relational database using MySQL for database construction with an online
interface that was developed by using HTML, CSS (Cascading Style Sheet) and JavaScript and
hosted on Apache http server [10]. Figure 2 shows the manually designed entity—relationship
model for ABCD and Figure 3 represent the architecture of ABCD which describes that data
extraction from literature and other external resources and their in-between association which

allows user to access and retrieve information in easy way without putting much effort.
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Figure 2.3: ABCD architecture; the main features of the ABCD platform and their

integration and user access mode.

2.2.1 Large data collection from standard resources for ABCD

The data deposited in ABCD database has been retrieve from literature and standard and
authenticated online resources like PubMed, PMC, Google Scholar, MEDLINE, NCBI and
other resources [11]. ABCD contains genes, SNPs and miRNAs for providing gene regulatory
information to the researcher. For miRNA related data, user get verified information from
mMIiRBASE [12]. A custom PHP script helped us to obtain molecular data from NCBI [13].
Information about drugs were obtained from Chembank [14]. ABCD includes manually curated
data extracted from the published research articles. The data available in the present version of
the ABCD covers 843 publications gave information about 449 genes and 767 miRNAs as well
as 404 drugs . ABCD contains manually curated data filter from published research articles. The
quantitative data present in current version of database comprises 843 publications contain
information about 449 genes and 767 miRNAs as well as 404 drugs [15].



2.2.2 ABCD external links

To enrich the contents of ABCD, association with various external databases was established,
which includes (i) World health Expectancy (for statistics of AD and other diseases), medical
subject heading (MESH) [16] for medical literatures related to AD; (ii) National cell repository
for AD (NCRAD) to retrieve genes that increase risk for AD and dementia funded by National
Institute of Ageing (NIA)[17]. (ii1)) Alzheimer’s International (AI) association is the important
health organization in AD concern, support and research to have information ragarding causes,
risk factors, diagnosing and clinical trials studies like pharmaceutical classes and medical care
indications [18]; (vi) Alzforum portal contain repository of biomarkers, literatures, risks,
antibodies, animal model, mutation studies and therapeutics [7], National Institute of health
(NIH), an international body for human services have quick link to several institutes work under
NIH [19]. miRBase has lot of analysis material coupled with miRNAs and endogenous
molecules [20]. In addition, Alzheimer’s and Related disorders Society of India (ARDSI) link
was also connected with ABCD; which is a body to make better life of people who are suffered

from dementia and maintain record of the people affected by AD in India [21].

2.3 DATA INCORPORATION

The main modules incorporated in ABCD are; genes enquiry, proteins enquiry, molecular
search, gene regulatory related search and advanced Search. These allow the user; (i) to explore
the database by searching genes and proteins by their name and id. In advanced search, users
can search SNPs regions and mitochondrial gene in molecular search option whereas
transcription factors and co-expressed gene under gene regulatory information search. Drug
details, pathway catalogs and image information of AD affected brain were provided separately.
For each type of enquiry, ABCD help the user by providing sample input to avoid wrong
entries. There are 2 levels of filter checking on inputs, a client side and a server side. The input
nomenclature relies on the official scientific standard commonly employed by on-line
databases. The statistics on the ABCD information are according at the side of a quick

documentation on the usage of the information content.



2.3.1 Search and Advanced Search

In search section users obtain their query from ABCD system by genes and proteins. In the
advanced search option, users can search ABCD by mitochondrial gene, co-expressed gene,
SNPs, Transcription factors (TF), micro RNAs (miRNA), pathways and drug target. The drug
target section follow the genes that are targets of medicine utilized in the remedies. Genes are
featured by the nomenclature of HGNC [22] and Entrez-gene by NCBI [23]. medicine are
searched by their names as reported in Chembank [14]. SNPs are stored in database by rs#
number corresponding to the nomenlature in dbSNP [24]. Mitochondrial gene, co-expressed
gene, SNPs are also sub-leveled in advanced search option in gene category. Major categories of
ABCD listed as below.

Genes: Genes search show the location of genes in chromosome and number of exon count with
their genetic association and enrichment score describe about the overrepresentation of gene
from geneset and association with disease phenotype [25]. It also reports the co-expressed gene
which are expressed in symbiosis, encodes the role of genes.

Proteins: Proteins search provide high quality information about protein physiochemical
properties with their structure and function related to AD [26].

Transcription factor: Transcription factors of AD genes are obtained from DAVID gene
annotation tools [27].

SNPs: SNPs search show the SNPs out there among the genes and various SNP-ids is coupled to
dbSNP. ABCD shows put together the gene name coupled to Entrez-gene card or the
microRNAs (miRNAS) access number containing the SNP [28].

miRNA : miRNAs are a family of short, 21-22 nucleotides-long non-coding RNAS, constituting
concerning 1% of all human genes and therefore the most teeming category of small RNAs in
animals. miRNA provide data concerning non-coding genes of AD with chromosomal location
and family data concerning several miRNA.

Drugs: Drug search shows the genes a target and connected to DrugBankV4.2 in conjunction
with its kind and an overview, if offered. The knowledge are extracted from DrugBank (targets,
transporters and enzymes) or computed by the DT-Hybrid algorithmic program [29]. For all
different information, this section report details on drug (if any) that in ABCD articles are
associated with the searched item. In details, there are gene names coupled to Entrez by NCBI



[23], endogenous molecules involved and additionally the actions that the drug has on the
targets. There may also be information regarding the medical aid indications,
pharmacodynamics, pharmacologic action and eventually the impact of drug on AD, extracted
from the indexed articles.
Clinical trials: It contains information about drugs candidates, their descriptions, clinical testing
starting- closing dates, stages of phase trials, etc. [30].
Pathways: Pathways provide the number of pathways involved in AD in which top affiliating
genes are involved [31].
Image data: AD affected brain image data are displayed on the basis of patient-id of both male
and female [32].

For each specific data out there within the database, users will visualize all details and
relations with the genetic components of which might be reported within the results by clicking
search options.

2.4 DATA DISTRIBUTION

Statistics section reports the quantity of information by class and Figure 4 shows the ABCD
statistics. The quantity regarding the manually curated information is that the following: 499
genes, 259 proteins, 66 SNPs, 404 drugs, 1608 clinical trials information etc. The data which is
presented in ABCD are enriched by using external sources like alzforum, NIH, miRBASE etc.

Hence, the data collected would be a unified information portal for the AD research community.

Statistics of ABCD Database

Brain pathways
images

8. Proteins

Mitochondrial genes
36

Cellular

components
148

Figure 2.4: Data distribution of ABCD in term of data are represented through pie-chart



2.5 DATA MAINTENANCE

ABCD are unendingly updated, through manual screenings of recent publications on PubMed.
Therefore, the manual procedures can extract and appraise genetic and network level
information which is able to be incorporated in ABCD. Additionally, researchers will
recommend new or missing findings to be inserted within the database by contacting authors by
email in our ‘Contact us’ page. Agile approach has been adopted in designing, so it's simple to

update ABCD at any point of time.

2.5.1 Data types distribution

The whole database was dumped along with the SQL scripts in Apache server and available on
bioinfoindia.org/abcd. Search results (i.e. by gene, protein, MT-gene, SNPs, transcription factor,
co-expressed genes, drug, clinical trials, image and pathways) can be visualized in HTML

format through the browse and search section of the menu.

2.6 CONCLUSION

Through manual screening of literature and complimentary information retrieval from online
resources, we tend to conclude on the fact that ABCD presents solid and reliable data for AD.
Till date, in molecular level most studies are conducted on genes and proteins therefore the
limited biomarkers are available for AD. Nevertheless, this study is based on a number of
assumptions that are questionable today within the scientific community. To fill this gap; gene
expression studies of varied genes are stored in ABCD. It joins bits of missing information
scattered publicly archives and associated publications, into an identical, simply accessible and
often updated information resource. Our system ABCD will facilitate to offer a
comprehensiveness concerning the most genes, proteins, SNPs, medication or miRNAS
associated within the pathology. They are extremely necessary for selecting the correct subsets
of studies to answer complicated biological queries underlying AD pathology. By querying
ABCD, researchers can produce new hypothesis and infer novel knowledge in the form of data.
Our results shows that the number of data that are scattered in numerous resources, need in
depth manual effort to capture the same. In addition, we tend to report that even with

comprehensive manual gather; we weren’t able to capture 100% of information to fill for the



fundamental annotation fields. Subsequently, we tend to commit to extend the curation pipeline
by adding a lot of options in the form of information for AD particularly; brain image
information was also incorporated. Although, microarray studies are the most important
contributors to the general public repositories, RNA-Sequence information are quickly growing.
We tend to comprehend our database in future so that it will cover all the relevant RNA-
Sequence studies, since their massive storage space has contributed to disperse nature of the
marker information. The presented database offers great potentials to the scientific world and it
is anticipated that ABCD will help the mankind through information dissemination for

worldwide monitoring and personalized effective biomarkers search for AD.
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CHAPTER 3

Supervised machine learning
approach (Decision Tree) to classify
and ontological study of geneset of AD



ABSTRACT

AD is known by frequent memory loss, orientation, thinking ability and language. There's no
cure on the market for this disease. Molecular mechanism of this disease remains not clear.
Many theories have shown that the abnormal storage of neuronic assisted biomolecules
specifically proteins 10 to 20 years prior to symptoms of the disease appear, thus it's
extraordinarily necessary to spot changes within the brain before the primary symptoms. Mining
useful data and providing scientific inference for the diagnosing and ailment for the malody
from the medical series of data is so progressively changing into necessary. We used decision
tree to classify 2111 gene dataset from proteinpedia database of Human protein reference
database (HPRD). Decision tree model for varied AD genes were generated on the basis of
MMSE Scores and alternative very important parameters to identify significant proteins on the
basis of expression occur in disease verify the involvement of genes in various AD pathologic
process pathways. The robustness of predicted machine learning model for AD geneset is set on
basis of information gain with confidence value (0.96), specificity (92 %), sensitivity (98 %)
and accuracy (77 %). Along with this classification studies, enrichment analysis of these genes
were performed. This study indicates that the quantitativeness of all the genes evaluated in
single sets are sufficients to cure AD and can facilitate within the hypothetical prediction of

necessary parameters for alternative associative measures.



3.1 INTRODUCTION

Development of various algorithms and data mining techniques helped researchers to resolve
bioinformatics problems in efficient way [1]. Advancement of technologies and acceleration
within the variety of analysis will increase in progressive manner and huge amount of
information in form of data is being generated. So as to investigate and procure results from
these data, Machine Learning techniques are essential for obtaining useful insight.

Data mining which is one of popular machine learning approach is applied to datasets for 2
objectives. The prime goal is to classify data and structure using various clustering approaches.
Before implementing various data modeling techniques and algorithms, there is a need of
preprocessing data for the systems understanding. These preprocessing steps involves data
cleaning, aggregation, transformation and dividing it into small subsets to reduce the
dimensions[2]. The ultimate process is that the visualization and illustration of main finding. It
is to be noted that dimensional reducing tools are proved to be very useful in studies of high
dimensional data like NGS information which includes, Genomic information and
Transcriptomic information etc.

It has been observed recently that result from the mining of genetic studies provides very
interesting outcomes about inheriting properties to contract specific diseases [3]. Alzheimer’s
disease (AD) is a multistage and inheritable disease. In order to explore available human gene
dayasets, we investigated and produced rules for the identification of late-onset AD supported
genetic data from the hospital, we have connected decision tree algorithm after the prioritization
of some important rule as a desire to broaden the precision rate of classification.

Models for data processing falls in two main categories first one is, prognostic models
and second one is expressive model [4]. Prognostic models are helpful in comprehension of
class, whose class name isn't perceived yet the utilization of a model construct absolutely in
light of recorded measurements which as of now have class names [5]. On other side, clustering
model use some patterns to find homologous datasets
[6]. A classification is technique by which user can predict the specific class labels for supplied
data or future information. There are various other techniques used in the classification of
datasets such as decision Trees, ANN, GA and Naive Bayesian theorem Classification methods.



3.1.1 Decision Tree

Decision Tree is the basic supervised machine learning based techniques which is used for
classification purpose for data analysis [7]. Generated rules are clear and simple. Decision tree
has root and edges which are identical to the structure of the real tree. Tree structure is mostly
used method for data prediction, and specifically used by various researchers in decision making
to identify a their goals [8].

The principle motivation behind decision tree is to create rules. It is outstanding technique in
among others strategies like Neural Networks, Bayesian Networks and so on. At same time,
decision trees are similarly less expensive to remake the answer for a given issue, simpler to
translate for producing rules, less demanding to coordinate data with database frameworks and
have higher autonomy contrasted with others, they are the extensively utilized techniques for the
grouping models. There are numerous different calculations for developing decision trees like
C4.5, ID3 and CHAID.

Decision tree performs classification of given datasets and priopritization is done on the
basis of root node selection and moving data upto leaf node and this is referred as class [9].
Decision tree usually consist two stages, one is classification of dataset and other is training of
dataset.

Decision tree arranges new instances going from the root node and moving it till a leaf
node is achieved, which is the label of a class [9]. Decision tree obey two task for classification
of data. Beginning stage is that the training phase. At this stage, a training set whose
classification names are estimated before is broke down by the order calculations to develop a
model. Prepared model is shown as arrangement standards or tree structure. The second stage is
classification. In classification step, testing data is utilized to plot the accuracy rate of model.
On the off chance that the accuracy rate is fitting, standards can be utilized to classify new data
whose class label is obscure [10]. Pictorial representation of decision tree building is shown in

figure 3.1.
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Figure 3.1: Flowchart for Decision Tree building

The decision trees are used in applied field of science as drugs (diagnosis), datastructure,
biological sciences for the purpose for arranging different states into categories like high,
medium, and low risk groups, and generating rules accordingly [11].

3.2 MATERIAL AND METHODS

3.2.1 Datasets: In this work, we have considered two well recognized databases Human protein
reference database and National Centre for Biotechnology Information for data collection. 2111
genes were downloaded in total which are known to be linked with AD. Supplementary table 1
represents the downloaded gene information which were considered for further analysis in this
study. There were different features which were selected on the basis of various literature
mining approaches and finally concluded in 14 attributes.[5, 12].

Considered gene set refers the information for genes which are not only or not linked
with AD but also linked with other diseases. The attributes for this work, was selected on the
basis of various attribute selection methods such as ranker technique. For selected gene set, five
different methods were considered to produce significant results. Chi —squired method for
qualitative feature selection [13]. Also, to reduce the missing values and effect of biasness and
gain, gain ratio was used [14].

Gain (Class, Attribute) = H (Class) - H (Class/Attribute); where H is the information entropy.



3.2.2 C4.5 Algorithm

C4.5 algorithm is invented by Quinlan []15]. Divide and conquer rule and properties of the ID3
algorithm is inherited to given algorithm which helps in construction of predictive models. The
prime role of ID3 algorithm is to deal with nominal data and C4.5 techniques were best suited
as inherited from ID3 method.

There are various other features in C4.5 algorithm which includes handling of missing
values. There are many instances in real world or in simulation preprocessing data which can be
handled by given algorithm. Errors of missing values usually dealt with calculating mean or
median of the supplied values. Henceforth, by using this C4.5 algorithm missing values in data
will a negligible or low rate issue. Also, accuracy of model is optimized and doesn’t affect

results in reverse way [16].

3.3 ARCHITECTURE AND DESIGNED MODEL

Decision tree model implicated is represented in Figure 3.2. AD genes were collected from
various online resources amd then there was a need of preprocessing of data. There were also
cases of missing values which were taken care by taking mean or median of the relative values
in the downloaded data. Considering downloaded geneset of 2111 genes from various resources,
we applied two machine learning tools to optimize and understand the results. One of the tool
used is RapidMiner and other one is Weka for various data mining operations. After developing
model, there was a need to validate the same, which was done using 10 fold cross validation.
Collected gene data consists various parameters which usually referred as descriptors, such as
chrom_position, gene names, and association score [17]. Enrichment analysis was subsequently
performed by using cluster algorithms. Threshold was kept 0.3 to keep associated genes
strongly bound in each cluster, which means anything below this threshold is noise or unknown
information. Gene ontology information, which was depicted using biological process,

molecular functions and cellular components were considerd for further analysis.

3.4 RESULT AND DISCUSSION

Classification of genedataset was performed separately in RapidMiner and Weka tool applying
C4.5 Algorithm and J48 algorithm respectively. This DT classification techniques leads to
thproper classification of 950 genes out of 2111 genes. MMSE and Huge navigator were the

most important variable as they have low information gain. The classification formula provides



MMSE score cutoff value for a distinct stage of the disease. DT have a tendancy to generate
rule every time on iteration by applying different criteria at everytime [18].

In the wake of preprocessing of the data that include cleanup, combination and
information reduction, the data mining was finished. All investigations amid this examination
include 10-fold cross validationl strategy to check the measures while not pruning the tree.
Single dataset of 2111 genes was utilized to fabricate decision tree (DT). The dataset contains
information with respect to important attributes identified with genes. To upgrade the execution
of classifier , regulated resample classifier was utilized on data to check its execution quality.
The quantity of tree was kept consistent at 100 though the measure of choices was kept differed
at different points. Validity of built decision tree relies upon precision that was estimated 77%
with sensitivity 86% and specificity of the classifier was 81%. On applying the apriori

algorithm, classifier produces 10 best standard rule and was also confirmed.

Table 3.1: The relation generate between different classes on the basis of Apriori algorithm and

the most appropriate rule obtain from classifier

Minimum support 0.2

Minimum confidence 0.9

Number of cycle performed 16

Best rules found

al=false a5=false 24 clags=c0 24 conf:(1)
aS=false aS=false 24 class=c0 24 conf:(1)
a5=false a6=false 23 class=c0 23 conf:(1)
a8=false clags=cl 22 a5=true22 conf:(1)
aS=false a7=true 21 class=c0 21 conf:(1)
a5=false a9=false 21 class=c0 21 conf:(1)
a3=false a5=false 20 class=c0 20 conf:(1)
a6=false clags=cl 20 a5=true20 conf:(1)
a2=false a5=false 27 class=c0 26 conf:(0.96)
ad=false a5=false 23 clags=c0 22 conf:(0.96)




3.4.1 Initiation of decision tree

C4.5 algorithmic program were used within the RapidMiner statistical tool was utilized to make
decision tree. For making the decision tree, those features were decided for classification whose
values weren't steady. Also we tend to discretized the data based on recurrence. Totally different
color nodes at bottom of the tree reveals the class definition of leaf nodes as appeared in figure

3.2 and summary table 3.2 for decision tree are given below.

Table 3.2: Overview of decision tree classifier (DT-1)

Learning Algorithm Cc4.5

Attribute selection criterion specifies the used method for selecting attributes, we
choose gain ratio for this criterion

Minimal size for split 4
Minimal leaf size 1
Minimal gain 0.1
Maximal depth 20
Confidencevalue 0.25

Number of prepruning 3




MMSE Score

N

>0.650 <0.650
GAD Score No. of PMID
>0.500 <0.500 [ >0.250 <0.250
Range2 Range 2 GAD Score
No. of PMID | (0.002-inf.) (0.002-inf) | (0.002- inf.)
>1.500 <1.500 <0.450 <0.450
Publication Publication No. of PMID | Range1
Score Score \ | {Inf.-0.002)
>1.650 <1.650 >1.700 <1.700 <1.500 <1.500
P4 £} N N v v
( Range 2 | Range2 Rangel || Rangel Range 2
| (0.0024nt) NCBI geneld (0.002-inf) || (inf.-0.002) || (inf.-0.002) (0.002- inf.) |
>7020 <7020
Rangel Range 2
(inf.-0.002) | (inf.- 0.002)

Figure 3.2: DT building for AD. MMSE score are the key point which classification of gene
data is done. The cut-off value for generation of DT are obtained from threshold value obtained
from C4.5 algorithm, Proper classification required different pubmed id and NCBI gene id.

3.4.2 Mining association rule from statistical tool

DT gain popularity as they are simple to understand. If the branches of tree will increase, then
conditiona of IF-THEN is applied to generate rules from the tree. Rule is designed by paving the
path from root to leaf node exploitation of logical condition of AND or IF. Overview of DT-II
are given in below table.
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range1055 [32.850 - @] | | range3 [-1.050 - 0.750] | |range947 (0.950 - 1.050]

050
No. 0f GAD Yes
>0.500 = 0.500

= 3
No.of PMDs

>0.500 < 0500

=
range424 [0.150 - 0.250] ' range343 [-0.050 - 0.050)
e —

Figure 3.3: DT building on the basis of another important parameter (HUGE) and GAD for

classification

Table 3.3: Overview of decision Tree(DT-I1)

Applied Algorithm

J48

Attribute selection criterion

Gain ratio

Input 2111 gene dataset
Minimal Gain 0.01
Maximal depth 12,

Validation

10-fold cross validation

Minimal split size 5
Minimal leaf size 1
Number of pre-pruning 3




Performance of each decision tree classifier was done through confusion matrix. The first
decision tree solely take representative geneset as input take a look at samples accurately at
98.94% using 10- fold cross validation strategy.

Table 3.4: Evaluation table for measuring sensitivity and specificity for DT-I (Without missing

values)

Truerange Truerange Class precision
Pred. Range 1058 13 98.79%
Pred. Range 2 348 99.43
Class Recall 99.81% 96.40%

Table 3.5: Evaluation table for measuring sensitivity and specificity for DT-11 (With missing
values using J48 method

Truerange Truerange Class precision
Prediction Range 946 13 75.7%
Pred. Range 2 460 99.43%
Class Recall 75.7% 83.5%




3.4.3 DT-I1 built in WEKA tool using J48 algorithm

The built decision tree is evaluated by means of matrix which tell about sensitivity and
specificity (3.4; 3.5). The accuracy derived from this DT-I is found to be about 98.94 on
applying 10-fold cross validation techniques to check performance of model. From available
gene data sample , 10 rules were derived for prediction of disease in DT-I and 6 rules in DT-II.
On the idea of normal classification system of MMSE score, performance of the model was
improved.

3.4.4 Analysis of data from weka

The geneset contain 499 genes and 14 attributes, now at this time data were classified using J48
algorithmand naive bayes algorithm. Top feature for selection of attributes were selected on the
basis of feature selection techniques. Many techniques are there for feature selection for
classification but ranker search method is highly robust among others.Once classification model

was built its accuracy are predictively measured and it gave good and better output.



Table 3.6: Attribute Selection method- Attribute ranking

Attribute Evaluator Supervised Filtered Attribute evaluator
Selectionmethod Ranker Search Method

Score Rank Attribute
0.255714 6 as
0.038926 -4 a3
0.024319 9 a8
0.009714 3 a2
0.005152 8 a7
0.003551 10 a9
0.003551 2 al
0.002202 7 a6
0.000531 5 a4
0.000168 1 a0

Robustness of Decision Tree (DT) using C4.5 algorithm in statistical analysis tool
Rapidminer
"1 Model of classification for different AD gene were generated on the basis of root attribute
Mini-mental state examination(MMSE) whose information-gain value is high and is key
attribute from where classification of geneset were taken place.
~ Effectiveness of this generated tree were generated
by: Confidence value- 0.96
Specificity- 92%
Sensitivity- 98%



Accuracy (10-fold cross validation): 77%(Avg.)
On comparing the result, we used same dataset in another popular statistical tool for
classification using J48 algorithm analogous to C4.5 Algorithm and applied test on training
data of AD genes, the resulted summary result were given below:

~ Number of instances: 100 (default)

1 Attributes: 14

© Test:2111(Training set)

1 Number of Leaves: 10

71 Size of the Tree: 5

71 Correctly classified instances: 93%

1 Incorrectly classified instances: 7%

-1 Accuracy(10-fold cross validation): 77% (Avg.)

From the above observation we concluded that classification through supervised decision tree
methods were popular as it is easy to understandable and perfect for handling missing values.
Also it is observable that classification by two different statistical tools gives somewhat similar
result and robustness of built classification model were properly maintained.

The exactitude or exactness created from this classification model for gene dataset of 2111 genes
is good 77% though applying a C4.5method and J48 algorithm employed totally unique
statistical tool that follow branch and bound procedure for classification and characterization.
Completely the mistake rate is fantastically low. Specificity and sensitivity are figured to see the
nature of planned model and are vital. At long last, from this study it's settled that MMSE and
relevance association score are fundamental qualities for grouping of qualities and named them
to a chose class. This sort of testing and investigation has been utilized for the decision of genes
for expression array, machine-controlled protein information, automatic cancer diagnosing, plant
genotype sepration, grouping gene expression profiles and computational model for alteration
locale.



3.5 ENRICHMENT ANALYSES

3.5.1 Gene Ontology (GO) Analysis

Enrichment analysis of the gene means giving some meaningful annotation of set of genes.
Annotation in GO includes biological process, cellular part and molecular function [19].
Meaningful result for biological process and molecular function are displayed within the barchart
as shown in Figs 3.4. and Fig.3.5, respectively.
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Figure 3.4: Different Biological process involved in GO term with genes
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Figure 3.5: Different molecular function associated to GO



Members of independent groups represent one among 2 independent classes. Fisher-g-value take
a look at was used to confirm whether each item belong to class is differ by group [20]. To stay
away from over-checking copied genes, the Fisher exact test is ascertained relating ensemble
gene IDs by which all redundancies in unique Ids were evacuated. All results of chart report were
createdwhen going through thresholds (by default, Max. Prob.<1 and Min. Count > C2) [21]. The
edge of EASE score, an adjusted Fisher’s exact P value,ranges from 0 to 1 and depicts a
statistically significant number of genes from list with pertinence the number inside the
population of genes from the list derives. Fisher’s exact P value = 0 shows great enhancement.
Usually, P-value is equivglent to or little than 0.05 to be thought of effectively improved inside

the individual annotation classes.

3.5.2 Purposeful Classification of Genes

To gain this purpose, hyper geometric numerical procedure which was more popular using
Benferroni method at threshold point of 0.05? Out of total sample of 2111 genes 958 genes have
foun valid ids, only 74 genes are here found common annotation term profile on the basis of
frequency [22]. Lastly, 39 genes come out as output in the criteria of enrichment score by
applying certain parameter like kappa threshold of 0.3 and numerous linkage threshold of 0.50 as
default setting.

3.6 CONCLUSIONS

For human understanding, it's necessary to get straightforward and logic based classifier, i.e.,
decision tree fulfills this criteria. However, some classifier have high classification predictive
capacity as compare to the DT; however accuracy parameter generated from DT classification
model is not much bad by means of C4.5 rule that follow branch and bound algorithm.
Absolutely the inaccuracy found to be extremely very little. Specificity and sensitivity are
important measure to find the appropriateness of built model. Medical measurements for
diagnosis of AD like MMSE and association value are necessary attributes for classification of
genes and assign them to a suitable class. This kind of experiment and studies are employed for
varied purpose as expression analysis of gene array, comprehensive collection of protein
information, malignancies identification, plant genotype discrimination, gene expression profile
generation and computational model for modification sites by the means to mine best rule from
constructed model. Enhancement investigation changes us with respect to the specific part of

genes in term of GO, gene functional annotation, pathway examination, disease affiliation, drug



affiliation and phenotype examination. From gene functional classification, we discovered
APOE, PSEN1, GRN, ACE, BCHE, PRNP, IL1A key genes that are emphatically identified with

AD whose affiliation score ranges from 526.8 to 19.1. Our built decision tree models and

enrichment analysis of target genes can work as a standard for registering biological

advancement related with sickness and display their association toward AD conditions and its

initial diagnosing.
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CHAPTER 4

System level investigation by gene set
enhancement and network property
examination of AD



ABSTRACT

Many complex diseases, like Alzheimer’s disease, cancer, and diabetes are multistagial and
complex in nature. However, with the advancement in technology and research, the scientific
communities are able to decipher these complex diseases as result of not one or two factors but a
combination of factors like those from genomics, epigenomic, interactomic and environment.
Besides, deeper understanding of the mechanism of action these diseases has led to an
understanding that their origin lies in the small variation of biological networks at the cellular
level. Alike the observation made for complex disease, cause of AD is majorly driven by
genomic susceptibility and changes in both tau networks and central amyloid Precursor protein
(APP) processes. Additionally, alterations in any biological network could lead to not only loss
of functions and imbalances, but also would help in progression of disease to much severe
stages.

In this chapter, we have presented an integrative perspective on AD gene-set using principles of
systems biology to explore pathway ranking and conduct multivariate studies based on XD-Score
and Fisher-q value. The information from parameters like shortest path length, node
betweenness, degree, clustering coefficient, eigenvector centrality for the genes involved in AD
have also been discussed. As a result, largely applied statistical scores were found to be
significantly high (5.062) at a major threshold (0.74). A graph of linear regression along with
enrichment analysis in related genetic pathways was also elucidated. It is clear that gene and
pathway enrichment studies help in understanding disease gene regulatory process after
considering all essential parameter of experiments. From here, network analysis of AD brain
help in finding causal agents (genes, proteins and associated pathways) which are responsible for
the fatal state of brain and accordingly help in finding definite biomarkers in order to stop or

delay the onset, and even reverse the progression of the disease.



4.1 INTRODUCTION

Many complicated diseases like diabeties, neurodegenerative disease and varied forms of cancer
are being discovered as complex in nature involving a mixture of genomic, epigenomic,
interactomic and environmental factors [1]. Nowadays increased availability and potency of next
generation sequencing (NGS) technologies have delivered within a basic genomic part [2].
However, the major challenge while deciphering these complex diseases is to integrate all parts
concerned and elucidate their interactions. This can be solely achieved by holistic approach
offered by systems biology [3].

Systems biology integrates information from various biological elements and data into
models of the system as an entire. The only real purpose of systems biology is to know the
structure and dynamics of a complicated network of protein-protein, gene-protein and gene-gene
interaction in associated pathways of network. Systems biology is essentially described as the
reason that lies behind the sustainability and viability of complex networks and systems, and the
way advanced diseases will arise from altered networks states [4] that are the consequence of
complex perturbations, whose dynamics and mechanisms maybe best be studied ab initio
experiments, and exploitation of model organisms, with the conclusions later confirmed in
humans [5]. In this chapter, we tried to gain insight about the complex network of AD, Which
may be a complex disorder of brain with loss of memory, thinking skills and behavior and later
death of patients. Understanding network in systems biology is important in finding important
pathways and clusters or modules in development of potential theraupetic targets [6].
Comprehensive knowledge of network science help in deep understanding of the elementary
principles of the key pathways involved in AD could offer a background required to develop
medication.

The goal of the present investigation is to break down this through experiment based
network of genes involved in AD from built up logical scientific resources and investigate it for
potential target proteins. KEGG, Reactome and Interpro databases were taken as the reference
node set for the system. At that point we tend to perform PPI of seed proteins in protein
interaction data based on combined score of the neighbourhood and domain fusion for
tentatively confirmed outcomes in STRING to see for direct coordination between the reference
proteins [7].We examined the system to discover proteins with criticalness based on hereditary
affiliation and animal studies. We performed gene-set enhancement analysis for the system in

light of XD-score and Fisher g-measure in addition, topological examination.



4.2 MATERIAL AND METHODS

Our main target was to gain deep insight from regulatory mechanism involved in AD pathways
and utilize it for pathway ranking. In the present study, we used JEPETTO application of
Cytoscape to analyze the gene-set associated with AD. The gene-set related to the disease was a
combined filter dataset obtained from Genopedia that may be a a part of the Human Genome
Epidemiology (HUGE) encyclopedia and gene analytics. We mined 2705 PubMed publications
associated with AD to come up with total number of 1669 human genes enlisted in
supplementary table I.

JEPETTO, a Cytoscape plugin, provides two totally different ways to investigate the
datasets. The primary methodology finds path that are found to involve a query gene-set in term
of interaction network supported XD-score. On the opposite hand, the second methodology is
performedto seek out similar set of topological characteristics shared by the
pathways. every analysis was performed in independent manner.

Functional annotation of querygeneset is obtained by gene-enrichment and focusing on
pathway containing highest score. One would possibly to generate the network of interactions for
each pathway of interest and analyze the overlap with the gene-set whereas the protein coding
genes may be concatenate as path growth. KEGG, Reactome and GO were some of the databases
used as reference database for enrichment and ontological comparison studies. The architectural
study of network or topological analysis is performed to check the pattern of interaction between
associated AD pathways and input geneset.



We performed a noticeable comparison to envision the distribution of important topological feature
across pathways; (Figure 1) illustrate the protocol of enrichment and topological study of gene-sets

Seed genes are selected from
genopedia database on basis of
enetic association and animal studie:

Retrievinggene-protein interaction in STRING database on basis
of experimental value(>0.5) and combined score(>0.9)

enerate AD network from STRING tab
delimited file in Cytoscape
Enrichment Analysis
Pathwayranking
Network of interaction

Topological Analysis
Topological Pathway
Statistics mapping

Figure 4.1: Roadmap of systems biology approach for geneset enhancement and network

Topological
properties
comparisons

properties examination of AD genes dataset



4.3 RESULT AND DISCUSSION

4.3.1 Pathway enrichment analysis

To perform gene ontology (GO) analysis in term of enrichment studies, firstly the STRING
interaction network tool was used for mapping of the target seed gene-set which successfully
mapped 49 genes out of 761 and was employed for further analysis. Also, XD-score helped
inside the distinguishing proof of the nearly related pathways and cell level process from KEGG
(Tablel). As XD-score gives a relative normal random walk separate between the entire pathway
and in this way to the target genes [8, 9].

Table 4.1: Highly interacting pathways as referenced from KEGG. XD score is used to
determine association between pathway and associated genes. Fisher g- value denotes significant
overlap of genes. Last column show overlap between genes and pathway.

Pathway or Process XD-score q-value Overlap/Size
Alzheim er's disease 5.06285 0 136/138
Patkinsorls disease 4.40451 0 72099
Oxidative phosphorylation 438937 0 67/94
Huntingtorls disease 297584 0 821149
Cardiac muscle contraction 122013 1] 21152
Anyotrophic lateral sclerosis (ALS) 098472 0 18/47
Longterm potentiation 098265 0 22/63
Longterm depression 0.50646 0.00001 | 13/57
GnRH signalingpathway 0.4837 0 19483
Celldeath 0.40646 0 19481
Kreb cycle 038646 0.13586 | 4/26
Dorso-ventral axisformation 036201 022648 | 3/20
Prion diseases 03382 002727 | 6/35

W ascular sm oothm uscle contraction 032668 a 17/89




AD signal pathway showed up at the highest position of the pathways ranking chart shown
through scatter plot (Figure 2), with a high XD-score of 5.06285, more than three times higher
than the significance threshold value of 0.74 determined by the regression plot.

scatterplot for XD score vs Fisher g-value

0 - Alzheimer's disease

XD-score

Fisher g-value

Figure 4.2: Regression plot between XD-score and fisher g-value. Here dot represent pathway

or process involved in enrichment examination as associated with target geneset of AD. Best
linear fit are represented with red line in this plot. Significant threshold for XD-score are marked
with horizontal grey line. The top most node in this plot denote AD- pathwayat XD-score= 5.062
and g-value=0.00.

Green nodes found within the right side of the canvas are fixed to the associated pathways and a
mixture of target geneset and pathway specific ones, were the essential two genes groups saw
inside the network. The labelled orange genes in the middle of the two groups (MMP17, APHIA,
APH1B, and TMED10) are the foreseen path expansions. APH1B was at that point present
inside the query geneset and was determined yet again by the path expansion algorithm from the
investigation of the AD pathway associations [10] appeared in (Figure 3).
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Figure 4.3: Representation of target geneset of AD network environment. Node colors are:

gray color for the gene used as target for AD, Blue color represent sandwich node between AD



target genes and AD pathway specific gene, green node represent pathway specific genes and
orange node represent key genes invole in some pathogenic process of AD. the edge colors are:
green edge is used for interacting genes of AD target set with pathway, orange for interactions
between the input set and also the growth and gray for others. More than three connected node
are used to improve clarity.

APH1B could be a cofactor that shows an uncommon polymorphism determined in AD
population, raising the disease vulnerability throughout connections with the Apolipoprotein E
[11]. APH1A compares to aph-1, homolog-A, a gamma-secretase catalyst subunit for cleavage
of B-APP and for presenilin protein aggregation. Furthermore, APH1A and preselinins are found
to express along in AD pathologic process [12]. TMED10 could be a negative controller of the
amyloid B-peptide generation. Restraint of which upgrades the particle accumulation therefore
helping in AD movement with related side effects [13]. MMP17 factor was not found to assume
any major role inside the Alzheimer's pathology. Notwithstanding, proteins of the MMP17
family are appeared to be equipped for degrading the p-amyloid proteins and it's trusted that
location of MMPs inside the cerebrum matter could be a piece of AD mechanism [14].
Accordingly, extra investigations on MMP17 as a disease cofactors for the AD would perhaps
demonstrate rewarding.

4.3.2 Topological Analysis

The biggest associated parts (49 nodes) of the enriched network system were utilized as an input
data for topological examination. Properties of comparable size estimated random network
systems were compared with the system topological properties. A major distinctive feature was

found in topological options (Table 2).



Table 4.2: Network properties of enhanced AD network. Vital properties are: shortest path
length (SPL), node betweenness (NB), node degree (D), clustering coefficient(CC), eigenvector
centrality (EC).

SPL NB D GG EC
Data set 343 183840 48.11 0.09 0.1
Rand simulation 4.1£0.05 140326701 8.63+2.34 0.09+£0.03 0.02+0.01
Entire network 4.12+£0.94 14669+ 6893 827+16.2 0.11+0.21 0.02+0.04

The features of the topological investigation that are available inside the enriched network were
then used to compare and very much characterized biological phenomenon and pathways.
Closest topological matches were acquired from KEGG database. Table 3 demonstrates the set of
most similar biological phenomenon found. Wnt signal pathway demonstrated the closest
topological match (score = 0.03).



Table 4.3: Highly mathched network properties found from KEGG . The distance score related
to every match in normalized sum of ranks evaluate from variations between the topological
properties. Numbers in parenthesis represent range of nodes overlapped with geneset for AD.

Name Score

Wt signalingpathway- hsa04310 (123) 003
Tight junction - hsa04530(106) 005
Melanogenesis- hsa04916 (30) 007
Parkinsorls disease- hsa05020 (20) 007
Axon guidance - hsa04360(111) 01
Ubiguitin m eciatsdproteclysis- hsa04120(105) 01
Gapjunction- hsa04540(79) 011
Longterm depression - hsa04730 (68) 011
IMaturity onset diabetes of the young- hsa04950 (18) 012
ECM-receptorinteraction- hsa04512(73) 013
Regulation of actin cytoskeleton- hsa04810(184) 016
GnRH signalingpathway- hsa04912 (32) 017
Caleium signalingpathway- hsa04020(151) 017
Amyotrophic lateral sclerosis- hsa0 5030 (19) 017
Natural killer cell m ediated cytotoxicity- hsa04650(117) 0.19
Phosphatidylinositol signaling system - hsa04070 (55) 019

Whnt signal acts along with the B-catenin signal during whole process of angiogenesis [15].
Pathway expansion define connection between early onset of AD and MMP17 [16]. MMP17
partly controls the differential development or relapse of veins. The topological similarity of the
Parkinson's pathway (score = 0.07) is reflected by the earlier discovered connection of
Parkinson's disease. Maturity - Onset diabetes of the youthful (MODY) pathway was a prime
match with a score of 0.12. The connection among AD and diabetes had been appeared by
increase in amount of the amyloid-p accumulation because of diabetes came about because of
AD impacts in Alzheimer transgenic and diabetic mice that was affirmed by recent examinations
[17]. Node degree, node betweenness and shortest path length were utilized for visual
examination of topological investigation (Figure 4-A,B), demonstrates the objective system in
reference to alternative KEGG pathways and processes.



Comparative analysis: Degree against Shortest Path Length

Shortest Path Length
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Figure 4.4 (A) and 4 (B): Differentiate between properties involved in AD network the focused
network are represented through red square. In both cases shortest path length are taken as

standard and compare to Node-betweenness and Degree respectively.

sporadic amyotrophic lateral sclerosis (ALS) shares numerous biological components with AD
[18]. Presenilin (PS1 and PS2) joined mutations or the amyloid precursor protein (APP) genes of
ALS, displays analogous brain abnormalities kind of similarity to those of sporadic AD. This
affiliation is relevant based on topological score (separate score) of 19 genes from AD query
genedataset additionally in context of ALS. Components of ECM bind with APP and results in
the accumulation of B-amyloid plaques, an ordinary pathology of AD. Moreover, MAPK signal
pathway that associated to the brain inflammation in AD is furthermore closer to the target

network within the comparative analysis.




4.4 CONCLUSION

We discovered three recognized ailment cofactors (APH1B, APH1A, TMED10) utilizing this
Pathway enhancement and topological network system study for candidate genes of an AD. The
type of candidate genes like MMP17 and their degrading ability of B-amyloid and pathways like
the Wnt signal pathway and Parkinson's disease pathway were moreover affirmed that may be
mostly acquainted in pathological processes. Any examinations and exploratory approval are
expected to help the theory for firmly associated pathways and known disease cofactors could
play out a significant role to uncover the essential job of these gene systems inside the hidden
components of the prohibitive procedures of an AD.
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CHAPTER 35

Molecular characterization of specific
chemical group of compounds to find
inhibitors for specific target protein
Acetyl cholinesterase (AChE) both in-
vitro and in-vivo



ABSTRACT

Currently approved acetylcholinesterase (AChE) inhibitors for treating Alzheimer’s disease
(AD) provide only symptomatic relief and are associated with hepatotoxicity and gastrointestinal
side effects. An alternative drug discovery method is to develop safer ‘disease modifying drugs’.
We screened 646 small molecules, already documented drug-like candidates with
pharmacological and functional values. Based on in-silico AChE interaction study, we predicted
quercetin, caffeine, ascorbic acid, gallic acid, begacestat and donepezil to be potential AChE
inhibitors and demonstrated quercetin, caffeine, begacestat and donepezil to be efficient AChE

inhibitors through in-vitro assay. Further, subjecting hippocampal primary neuron cultures to
HgCl, induced toxicity resulted in severe neurodegeneration, which was significantly alleviated

by treating cultures with quercetin, caffeine, begacestat and donepezil, however, ascorbic acid
and gallic acid proved to be ineffective. In conclusion, quercetin and caffeine can be considered
as promising lead molecules and may find a clinical application in AD therapeutics.



5.1 INTRODUCTION

AD is the commonest kind of mental disorder in old aged individuals. Currently, there's no cure
for this disease that worsens because it progresses and eventually ends up in mortality [1].
Currently, there are 44 million people who suffer from AD worldwide [2]. It has been reported
that the reduced activity of dysfunction in cholinergic neurotransmission is a major factor
associated with the development of AD and therefore acetylcholinesterase inhibitors (AChEI),
such as Donepezil, Rivastigmine and Galantamine are usually prescribed for AD patients to
augment cholinergic signalling. It has also been observed that the effects of AChEI are not
universal and possesses high degree of variability among different patients [3]. AChEI are also
known to adversely affect patient compliance by causing side effects like nausea, vomiting,
diarrhoea, abdominal pain and muscle cramp, reduced appetite, distorted sleep cycle and are
contradicted in patients with cardiovascular complications [4]. Therefore, identifying safer
molecules that enhances cholinergic activity is a major driving force and need of the hour in drug
discovery for AD.

Disease modification in AD refers to the ability of a drug to slow down neurodegeneration, and
thus, delaying the onset of dementia and AD. Some disease modifying compounds from the
herbal world, some phytochemical as atropine, hyoscyamine, codeine, morphine and ephiderine,
are able of crossing the blood-brain barrier (BBB), and therefore, produces central nervous
system (CNS) modulating effects [5]. In case of Parkinson’s disease (PD) and Multiple sclerosis,
disease modifying drugs such as Rosagiline, Selegiline, Coenzyme Q10, Safinamide, and
Creatine, have been reported to be effective in slowing the growth process of these diseases [6].
These drugs easily cross the BBB and have been proven to be safe and tolerable. Due to the lack
of biomarkers information for AD, it is not possible to prove whether an agent is actually
neuroprotective or not [7, 8]. Certain disease modifying drugs have been reported for AD, where
they target neuropathological markers, which primarily consist of B-amyloid formation and
deposition, formation of neurofibrillary tangles, tau depositions, apoptosis, necrosis,

inflammatory stress and oxidative damage [9-14].



Orthogonal approach for the treatment of AD patients, i.e., through dietary effects, has gained
popularity in recent past, where several reports demonstrates potential of dietary modulations in
delaying onset and progression of AD in both, clinical and laboratory settings. Beneficial effects
of dietary modifications has been associated with their potential to modulate neuronal oxidative
and inflammatory stress, mitochondrial functioning, metabolism, amyloid-p deposition and tau
hyperphosphorylation, besides, decreasing acetylcholine levels in brain [15-17]._In a cohort study
of 2,148 elderly subjects without any symptoms of dementia, the intake of Mediterranean diet
and physical activity were studied and have been shown to lower the risk of AD [18]. Acetyl-
cholinesterase inhibitors (AChEI ) are the most common class of drugs used for the management
of AD. Rigorous evaluation of AChEIs in several clinical studies have revealed that these drugs
are capable of delaying onset and progression of dementia and AD [19-22], however, prevalence
of side effects, especially gastrointestinal complication, was severe which limits its clinical
benefits [19, 20, 22, 23], besides, having a risk of exaggerating progression dementia and
neuropsychiatric disorders after drug withdrawal [24].

Based on these evidences, we screened 646 small molecules, which are consumed abundantly
through diet in form of vegetables, fruits and beverages, through in-silico docking studies against
AChE enzyme and identified quercetin, caffeine, ascorbic acid and gallic acid to possess high
potential to modulate enzyme activity. We further conducted in-vitro enzyme inhibition and cell
line based assays to provide experimental evidence that these molecules can benefit AD. All of
these compounds are well known antioxidants and possesses potential to increase the survival
rate of neuronic cells and functioning by remove antioxidant agent and stress causing factors,
apoptosis, necrosis, and by correcting neuronal insulin signaling, glucose uptake and utilization
[25-30], which may further provide added advantage in the Alzheimer’s therapeutics. Therefore,
present study was aimed to screen out potential molecules having AChE inhibitory activity
through computation docking studies and investigate whether or not these molecules actually
possesses neuroprotective and AChEI activity through in-vitro assays.

5.2 MATERIALS AND METHODS

5.2.1 Molecular Docking
Molecular docking was performed using Autodock version 4.2. The manually handled docking
tool like Autodock improvise their functionality by employing GA (Genetic Algorithm)



for global and local search as well to find energy minimized confirmation [31]. The structure of
AChE for molecular docking studies was easily taken from Protein Data Bank (pdb id: 1B41)
[32]. The protein preparation steps involved removing water molecules, metal ions and cofactors.
Partial Kollman charges were applied to the protein after adding the hydrogen ions. The
molecules used for molecular docking were Begacestat, Quercetin, Ascorbic acid; Donepezil,
Caffeine and Gallic acid were appropriately prepared with molecule properties were given in
Tablel.

Table 5.1: Properties of molecules used in Autodock 4.2. Important parameters obtained from
Pubchem (molecular weight, hydrogen bond donor, hydrogen bond acceptor, logarithmic P value
and dissociation constant) are listed.

Molecular Number of | Number of
Molecule Name H-bond H-bond LogP [pKa

Weight(g/mol)

donors acceptors

Donepezil 379.49 0 4 4.86 3.33
Begacestat 391.73 2 11 3.7 -
Quercetin 302.00 5 7 1.48 7.17
Ascorbic acid 176.00 3 6 -2.15 4.17
Gallic acid 170.00 4 5 0.70 4.4
Caffeine 194.00 0 3 -0.07 10.4

The active site of AChE was identified using the Catalytic Site Atlas database [33]. The group of
residues that are listed as active site or catalytic site residues were Gly122, Gly121, Tyrl33,
Glu202, Ser 203, Ala204, His447, Glu450, and Glu334. A gridbox of dimension 90x90x90 A
was constructed with the a-carbon of Ser203 as its center. Autogrid was performed with the
above settings to generate appropriate receptor and molecule maps. All essential parameter for
smooth run of Autodock and Dielectric constants were measured for calculation of vander waal
and electrostatic potential terms, respectively. Couple simulations study were actioned using

genetic algorithm, wherever the initial position, orientation, and torsions of the molecules were



set arbitrarily. The other parameters used for genetic algorithm were number of individual in a
population (50), most extreme number of energy assessment (25000000), rate of gene mutation
(0.2) and number of GA run (50). Docking calculations were carried out based on the docking

free energy and their inhibition constant (K;j) value for the following molecules Donepezil,
Begacestat, herbal phytochemical as Ascorbic acid, Caffiene, Gallic acid and Quercetin towards
the AChE. Finally, the best confirmation of the docked molecules was picked from the cluster
analysis of docked conformations.

5.2.2 Molecular Dynamics simulation

Schrodinger based tool used for MD calculation were Desmond. It works on principal of parallel
scalibility and some numerical calculation to gain accuracy in their result. This result help in
finding efficient binding pose. Each produced conformer was subjected to a full minimization
inside the gas stage with the optimized potential for liquid [36] Simulations all-atom force-field
[37]. Individual as well as motion of interacting particle were calculated by medium of MD. The
very first coordinates for MD were obtained from Protein complex. The Simple Point Charge
(SPC) solvent model was used with each water box measuring orthorhombic dimensions of
10x10x10A, to make sure a whole solvent coverage of the complex surface creating a box

volume of 5,27,647 A3, To mimic the real behaviour of protein complex MD were performed in

presence of water and charges were neutralized through Na+ counter ions.

The whole system was simulated in NPT ensemble with interval of 10 annotations for complete
energy in Kcal/mol. The steadiness of the macromolecule determined by using root means sq.
deviation (RMSD).

5.2.3In vitro Acetylcholinesterase Inhibition Assay

5.2.3.1 Preparation of stock solution

Stock solutions (0.1 M) of Quercetin, and Begacestat was prepared in DMSO and stock solutions
(0.1 M) of Donepezil, Ascorbic acid, Gallic acid and Caffeine was prepared in water and stored
at 4°C until used within 3 days. Working solution of test molecules were prepared by diluting
appropriate quantity in phosphate buffer (pH 8) and used fresh.

5.2.4 Acetyl cholinesterase (AChE) Inhibition Assay

Begacestat, Quercetin, Ascorbic acid, Gallic acid and Caffeine were procured from Sigma
Aldrich Inc, HiMedia and Loba Chemie. The molecules were tested for AChEI activity



according to the method described with some modifications [38] Donepezil (Sigma Aldrich Inc)
is a well-known inhibitor of AChE and was used as a control [39]. AChE inhibition was
observed in a 200 pl reaction mixture in a 96-well plate using Ellman’s reagent or 5,5’-
Dithiobis-(2-Nitrobenzoic acid (DTNB). Reaction mixture consisted of 25 ul AChE [EC 3.1.1.7]
solution (25 mU in 0.1 M phosphate buffer; pH 8), 75 ul of 5,5'-dithio-bis(2-nitrobenzoic acid)

(DTNB) and (0.01 M in 0.1 M phosphate buffered solution, pH 8, containing 6 mM NaHCO3),
25 pl of test molecules (0.05-0.3 mM) and 50 pl of phosphate buffer (0.1 M; pH 8). The reaction

mixture was incubated for 10 minutes at 37°C. The reaction was started by including 25 pl of
acetylthiocholine iodide (0.075 M in water). AChE activity was determined
spectrophotometrically by observing the change in absorbance for 4 min at the wavelength of
412 nm. Percent inhibition of AChE activity was calculated. The percentage of DMSO in final
concentration of Begacestat were 0.7%, 0.52% and 0.26%; Donepezil were 0.3%, 0.24% and
0.18% and Quercetin were 0.3%, 0.2% and 0.1% respectively.

5.2.5 Preparation of primary neuronal culture

Primary hippocampal neuronal culture was prepared as per our previously described method [29]
Entire study was conducted on primary culture developed from E18 embryonic hippocampi.
Briefly, E18 embryos were dissected out from the anesthetized rat and their hippocampi were
isolated using dissection microscope (Nikon). 6-8 hippocampi were digested for 10 minutes in 2
ml 0.25% trypsin (in PBS) at 37°C inside humidified incubator. Trypsin was neutralized by
adding DMEM to the digested hippocampus, followed by centrifugation at 3000 revolutions per
minute for five min. Pellet was resuspended in complete DMEM media supplemented with 100
percent fetal bovine body fluid (having a 100 pg/mL antibiotic drug and a 100 pg/L
streptomycin). Cell density was evaluated and 1 x 106 cells/ml was seeded on poly-L-lysine
coated plates. Culture plates were incubated at 37°C within a humidified brooder having 5%
carbon dioxide atmosphere for 2 weeks, throughout that growth media was often replaced.

5.2.6 In-vitro neurotoxicity assay

Neurotoxicity of the test drugs were evaluated on primary neuronal culture in 96-well plate by
using 3-(4, 5-dimethylthiazol-2-yl)-2, 5-diphenyltetrazolium bromide (MTT). For this, growth
medium was replaced by serum-free DMEM having completely different concentration of test
drugs (Quercetin, Caffeine, vitamin C, acid, Donepezil, and Begacestat). Culture plates were
incubated for 24 h at 37°C in five 5% greenhouse gas atmosphere. Afterward, media was



fastidiously removed and neurons were washed with phosphate cushion saline (PBS; pH 7.4).
Cultures were incubated in dark for 3 h with 100 uL DMEM media having 5 mg/mL MTT
(37°C). Cells were lysed by adding DMSO and absorption of purple formazan was recorded at
570 nm using UV-spectrophotometer (Shimadzu 265, Japan). Simultaneously, UV absorption was

also recorded for blank (without neurons), and control (without any treatment). We further
evaluated the effect of different treatment on mercuric chloride (HgCl») induced neurotoxicity as
per method described by Xu et al. (2012). Briefly, 14-day old cultures were incubated with 10

UM concentration of different treatments for 6 h at 37°C inside humidified incubator having 5%

COy. Cells were then exposed to 25 uM HgCl, and neurons were allowed to grow further for 24
h. Cultures were washed with PBS followed by MTT assay as described above to determine cell
viability and percent neuroprotection provided by drug treatments.
5.2.7 Acridine Orange (AO) - Ethidium bromide (EtBr) assay
AO-EtBr assay was employed to determine the effect of different drug treatments on HgCl,

induced neurotoxicity. For this, fully mature cultures were incubated with 10 uM concentration
of different drugs for 6 h, after which 25 uM HgCl, was added to culture media. Neurons were

allowed to grow for 24 h at 37°C. Neuronal cultures were washed thrice with ice-cold PBS,
followed by 1 h fixation using 4% paraformaldehyde solution (in PBS).Cells were permeabilized
by hatching them with 0.1% triton X-100 for 20 min at ordinary temperature. Neurons were then
stained with AO (10 pg/ml) and EtBr (10 ug/ml) in dark, followed by counterstaining with 10
pug/ml DAPI. Corresponding fluorescence images were captured at 200X magnification using
fluorescence microscope (Nikon eclipse Ti fluorescence microscope). Results were demonstrated
in terms of total fluorescence intensity of AO (green fluorescence) and EtBr (red fluorescence)
calculated using image-J software (=Integrated Density — (CA3 area x Mean fluorescence of
background readings)) [29]. Further, quantitative relation of AO and EtBr expression was tested
to check the impact of assorted treatments on neural integrity throughout HgCl2 evoked
neurotoxicity.

5.2.8 Statistical Reading

Statistical reading was performed by GraphPad prism half 6 software. All the information were
expressed as mean = SD and also the statistical reading was evaluated by one-way ANOVA
taken after by Dunnett's multiple comparison post hoc test (* P <0.05, ** P<0.01, and *** P<
0.001).



5.3 Results and Discussion

5.3.1 Molecular Docking

Using AutoDock 4.2 molecular docking simulations, we predicted the varied protein-ligand
interactions that play a big role in structure based drug designing. The different scores like
binding free energy, inhibition constant, building block energy and static energy values are listed
in Table 2. Donepezil, also known as Aricept is an N-benzylpiperidine derivative, specifically
inhibits AChE and shows higher binding affinity to AChE. Donepezil when docked with AChE
was able to reproduce the earlier reported interactions and had a predicted binding energy of -
8.60 Kcal/mol. Previously, the reported docking binding energy of Donepezil to AChE is -5.15
Kcal/mol [40]. The results showed that each one of the molecules showed binding energy range
in between -8.87 Kcal/mol to -6.49 Kcal/mol. Also, the electrostatic energy values of the
molecules range from -0.29 kcal/mol to -0.03 Kcal/mol.

The tying up calculations of all 5 molecules at the active site of AChE unconcealed that the
molecules bind to the active site of protein with lower docking energy compared to Donepezil.
Recapturing the reported interactions of Donepezil was used as a standard or a measure to
compare the efficacy of binding of other docked molecules, which required changing the
parameters of AutoDock. Previous studies of Donepezil against AChE as a control was used to
test the efficacy of other molecules as inhibitor of AChE [32, 41, 42]. In one study Donepezil
was shown to have unfavourable binding energy and thus postulated that its binding is via weak
attractive forces [43]. Nevertheless, other studies have pointed that Donepezil binds through a =-
n interaction with Trp84 and a cation-xt interaction with Phe330 of AChE [44]. Also, there are
water-mediated contacts that are reported as crucial for Donepezil’s nanomolar range of binding
and specificity.

Observing the best conformation among six docked molecules, Caffeine exhibited higher number
of interactions with AChE enzyme and had a binding energy of -8.87 Kcal/mol. Quercetin was
ranked second in terms of binding energy of -8.68 Kcal/mol. Autodock make cluster on the



basis of binding energy score. It has been noticed that the predicted binding energies scores from
AutoDock are close to the values expected from experimental receptor-ligand binding studies
and the predicted inhibitory constant is directly proportional to binding energy [45].
Intermolecular energy has also direct influence on binding free energy. So, from the report it had
been clear that each one the herbal phytochemical molecules having promising AChE inhibition
activity except begacestat in comparison to Donepezil (standard) with inhibition constant 494.82
nm. Intermolecular energy of all 5 molecules vary between -9.57 to -8.76 kcal/mol that was
higher in comparison to the standard -10.39 Kcal/mol. Intermolecular energy is the energy
between non-bounded atoms, that is the energy between particles isolated by 3-4 bonds or
between particles in various atoms. It was used to predict the strength of interaction between
proteins and different molecules. Using Ligplot the protein-ligand interactions were mapped and
they are shown in Figure 1c-h, where green dotted line represent H-bond and hydrobhobic
interacting residues are depicted in red arcs with diverging spikes. In the case of Begacestat
(Figure 1d), Arg296 and Ser293 form hydrogen bonds, whereas Leu289, Val294, Asp74,
Trp286, Tyr72, Tyrl24, Tyr337, Phe297, Tyr341, Phe295 and Phe338 forms hydrophobic
interactions. Similarly Ascorbic acid (Figure 1e) interacts with AChE by making hydrogen bond
interactions to Thr238, Arg296, and Trp236; hydrophobic interaction by Val239, Pro235,
Phe297, Val300 and Arg247. Caffeine (Figure 1f) forms two hydrogen bonds with Arg296 and
Phe295; Gallic acid (Figure 1g), interestingly, does not form any hydrogen bond interactions.
Quercetin makes (Figure 1h) hydrogen bond interactions with Trp86, Tyr133, Gly120, Asn87,
and Asp74 and hydrophobic interactions with 1le451, Glu202, Val73, Gly448, His447, Gly121,
Serl25, Tyr72, Tyr124, Pro88 and Gly126. Comparing these results with Donepezil, the standard
used in this study, more hydrogen bond interactions are observed in other molecules, whereas
Donepezil (Figure 1c) is observed to make only one hydrogen bond interaction, specifically, with
Try72.

Among the active site residues, peripheral anionic site, and the acyl binding site residues (Figure
la and 1b), the following are observed to make hydrogen bonds with the molecules used in
molecular docking study. These are catalytic triad (Ser203, His447, and Glu334); acyl binding
site (Trp286, Phe297, Phe295, and Phe338) and peripheral anionic site (PAS) (Glyl121, Gly122,
and Ala204). These three sites are arranged in a manner that His447 and Glu334 donate electrons

to Ser203 for AChE to carry out catalytic action.
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Figure 5.1(a-h): (a,b) 3D- structure of protein 1B41; (c-h)Active site and Interaction of disease
modifying drugs with Acetylcholinesterase (AChE).



5.3.2 Molecular dynamics Simulations

MD simulation was mainly used to find dynamicity of all six docked complex and their stability
study. Molecular dynamics simulations of the potent docked configurations of the molecules
bind with AChE were performed for 20 ns using DESMOND [46]._The time-dependent RMSD
values of the complex backbone atoms relative to the corresponding energy minimized structure
were calculated. The RMSD plot (Supplementary Figure S1) and the residue fluctuation plot
(RMSF shown in Supplementary Figure S2) are a measure to check the stability of the protein-
molecule complex. In the case of Donepezil with AChE (Figure S1 (a) and S2 (a)). The
equilibration process of MD using default setting of desmond that consists of a series of
restrained minimizations and MD simulation relax the whole system and not deviating from the
initial coordinates of complex. The whole system was neutralised by adding essential Na+ ion to
balance the whole net charge of the system and energy decreased through steepest descent
technique using convergence threshold of 1Kcal/mol. The RMSD of backbone atom was
stabilized at 20000 ps and the ligand molecule gets stabled at 1.6 A. The individual residues of
protein fluctuate in angstrom range of 1-4 A. Also, for AChE-Begacestat complex it was
observed to achieve equilibrium around 100 ps (Figure S1 (b) and S2 (b)) and the individual
residues fluctuated around 1.3A. In AChE-Ascorbic acid complex, the equilibrium time was also
around 100 ps. The structure of AChE-Caffeine complex showed deviation of acceptable value
of less than 3A RMSD with moderately tiny oscillations targeted around it, in whole process of
dynamics. Gallic acid and Quercetin complexes also exhibited fluctuations in the beginning of
the MD simulations, however the RMSD of the ligands with protein become stable at 3A and 7A
at 20 ns, respectively (Figure S1). In immersion state, the motions of the projectile structures

around the MD average are with respect to +0.03 A for every single structure.

Observing the active site residues, peripheral anionic site (PAS) residues, and acyl binding site
residues (shown in Figure 1b) in the MD simulation gave some interesting observations. The
RMSF captures, for every atom, the fluctuation concerning its average position. This offers
insight into the flexibleness of regions of the macromolecule. On RMSF plot, peaks of the wave
indicate territories of the protein that change the most amid the simulation. It is more common
that the tails (N and C terminal) vary more than some other piece of protein. Specifically by
looking at the RMSF plots (Supplementary Figure S2) of the six complex structures, the active



site residue Glu334 and His447 shows less disturbance in almost all structures. Both the residues
donate electron to Ser203 for AChE to carry the catalytic action. The total free binding energy
and electrostatic interaction demonstrate the solid binding of particle with the receptor [47] .

Little unsettling influence in total energy value demonstrates that the H bonding and
optional non-covalent associations exchange among the buildup of the site [48]. We have a
tendancy to learned that the most sharing inside the total energy originates from the
intermolecular energy from all segments, similar to the protein and in this manner the bound
atom, while the qualification of the van der waal energy, bond and desolvation energy is extra
negative with connection to the electricity energy, that shows that an ideal design of particle to
prevail in the cavity of receptor. High commitment of polar group shows that catalyst inhibition
is usually bolstered by the hydrophilic associations. Total energy of Ascorbic acid, Begacestat,
Caffeine, Gallic acid and Quercetin were -13.6 Kcal/mol, -13.2 Kcal/mol, -13.0 Kcal/mol, -13.8
Kcal/mol and -13.6 Kcal/mol, respectively. For the standard, Donepezil the total energy was
-13.1 Kcal/mol. Thus, while the binding energy and other energy terms are varied, the total
energy of the six complexes are similar, this indicates that there are subtle differences between
the interactions of each molecule to AChE that gives rise to the specificity and affinity.
Protein—ligand binding are fall into 4 category like H-bonds, hydrophobic, ionic, and water
bridges [49]. From the MD results, we plotted these different protein-ligand interactions and
analyzed them (Figure 2).
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Figure 5.2: Protein-Molecule interactions. Normalized stacked bar graph illustration of
interactions and contacts over the course of mechanical phenomenon (values over 1.0 are
attainable as some residue create multiple contacts of same subtype with molecules).The color
bar indexes represent various interaction types, such as green for hydrogen bonds, light violet for
hydrophobic interactions, pink for ionic interactions, and blue for water-bridges.

The above given bar charts are normalized over the time duration of the trajectory to indicate if a
residue made any interaction and colored based on the type of interaction. When a residue makes
more than one type of contacts or multiple interactions of the same type then values over 1.0 are
possible and they are shown in Figure 2 accordingly.

The interactions show that water bridges involve as a crucial player in binding of AChE,
altogether the models at intervals the situation whereas hydrophobic and chemical element
bonding interaction are the most contributors between the molecules and AChE. In Donepezil,



Tyr72, Trp86, Tyrl24, Tyr337 and Tyr341 were major hydrophobic contributors whereas
Ser293, Phe295 and Phe338 form water bridges with ligand molecule. In the case of Ascorbic
acid His447, Gly448, Tyr341, Tyr337, and Glu202 are major H-bond contributor, while Ser125
and Trp86 form hydrophobic interactions. Begacestat form hydrogen bond with residues Arg296,
Pro290, and Ser293. Gallic acid form fewer hydrogen bonds and Quercetin’s major hydrogen
bond contributors are Tyr133, Gly120, Trp86, Asn87, Asp74, His447. Tyr341, Trp439 and
Tyr449 form hydrophobic interactions. Trp86 form major contributor (hydrophobic) interaction
for ~96% of simulation time with atoms of Gallic acid, Quercetin and Donepezil respectively.
Protein-ligand contacts are good indicators of system stability. Interestingly, Begacestat,
Quercetin and Ascorbic acid show all four types of interactions, while the rest do not participate
in all the 4types (H- bonds, hydrophobic, ionic, and water bridges).

5.3.3 Acetylcholinesterase (AChE) Inhibition Assay

AChE inhibition assay is one of the most common methods used to screen molecules with
potential to be implicated in AD therapeutics. The assay is based on the spectrophotometric
detection of the formation of yellow colored 5-mercapto-2-nitrobenzoic acid as a result of
reaction between Ellamn’s reagent or 5,5’-Dithiobis-(2-Nitrobenzoic acid (DTNB) and
thiocholine; produced by AChE catalyzed hydrolysis of actylthiocholine in presence or absence
of an inhibitor . Dose dependent inhibition of AChE activity was observed for donepezil and

herbal molecule and their 1Csq values are depicted in Table 2.



Table 5.2: Summary of the molecular docking studies and the in-vitro inhibition of AChE

activity of molecules with AChE

Binding Inhibition | Electrostatic | Intermolecular
free Top Ranked
Molecules Constant | Energy Energy ICs ) ]
Energy Configuration
(Kcal/mol) (Kcal/mol)
(Kcal/mol)
Donepezil -8.60 494.82nM -0.14 -10.39 39.46 + 10
0.75" "M
Begacestat -6.49 17.54mM -0.19 -8.87 104.8 £ 4
16.38° MM
Quercetin -8.68 435.45nM -0.18 -9.57 250.6 = 22
4.65° UM
Ascorbic acid -7.54 2.96mM -1.03 -9.03 2312 + 16
303.6" KM
Gallic acid -8.46 630.93nM -0.03 -8.76 865.8 + 4
2.16° uM
Caffeine -8.87 313.37nM -0.29 -8.87 239.1 + 24
12.95° UM

Values are depicted as mean + SD. Values with different superscript letter on the same row are

significantly different from each other (P > 0.05).

Donepezil showed very strong inhibition (ICsg = 39.46 nM) in the nanomolar range, Caffeine,

Quercetin and Gallic Acid showed substantial dose dependent inhibition of AChE (IC5q = 239.1,

250.6, and 865.8 uM respectively, shown in Figure 3).
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Figure 5.3: Inhibitory Concentration (ICsg) value of molecules used in this study. Inhibitory

activity of six molecules is represented through ICsq values plotted as dose-response curve.
Percent errors are shown in vertical lines. The results shown are of triplicates. Since Begacestat
has uM activity shown with y-axis on the right side of the figure, whereas the y- axis on the left
side of the figure is for the remainder of the compounds. Here, except Donepezil which has their

activity in nM and remaining molecules has activity in M.

However, no significant inhibition of AChE activity was observed for Begacestat at the test
concentration and results revealed significantly low degree of enzyme inhibition. Further,
concentration of DMSO used as a solvent was kept below 0.4%, which had negligible effect on
AChE activity, however the previously reported 1Csq [50] .

These results suggest that quercetin, caffeine and gallic acid could be exploited for AD
therapeutics, as AChEI have shown potential to delay AD onset and progression [19-22].
Moreover, antioxidant and anti-inflammatory properties of these molecules are well documented
[29, 30], which provides additive advantage in managing neurodegenerative conditions.
Therefore, it is worthwhile to evaluate their potential against neurodegenerative condition.

Herein, we used HgCl» induced neurodegeneration on primary hippocampus neuronal culture to

mimic AD in-vitro and evaluated the neuroprotective potential of these molecules.



% Cell viability

The neurotoxicity assay is usually carried out for drugs which may be beneficial, on neuronal
cell lines or primary neuronal culture that induces Alzheimer’s like neuronal damage through
apoptotis, necrosis, and by breaking the cytoskeletal structure [10, 11, 13, 14, 51-53] .

Results of the in-vitro cytotoxicity revealed a dose-dependent reduction in percent cell
viability for Quercetin, Caffeine, Ascorbic acid, Gallic acid, Donepezil, and Begacestat, when

tested at 1, 10 and 20uM concentration (Figure 4).

Quercetin Caffeine Ascorbic

acid Donepezil Begacestat

Figure 5.4: Percent cell viability calculated through MTT-assay. Results are depicted as mean +
SD (n = 3). All the drugs were tested at three concentrations, viz. I uM, 10 uM and 25 pM.

None of the test molecules showed any significant signs of neurotoxicity at 1uM and 10 uM

concentrations. Thus, a 10 uM concentration for each test compound was used for following
experiments. Treating the neuronal cells with HgCl, (1, 25 and 50 pM) resulted in high toxicity
and percent cell viability was observed to be below 20%. We further evaluate the effect of test

molecules on HgCl» (25 uM) induced neurotoxicity (Figure 5).
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Figure 5.5: Impact of drug treatment on HQCI2 instigated neurotoxicity computed through
MTT-measure. Results are shown to as meanx SD (n = 3). Factual criticalness was controlled by
one way ANOVA taken after by Dunnet’s numerous examination posthoc test at *p<0.05,
**p<0.01 and ***p<0.001 (HgClI2 v/s treatments).

These results indicate that Quercetin, Caffeine, Donepezil, and Begacestat possess potential
rescue like activity to the neurons from neurodegeneration due to neurotoxins.

5.3.4 Acridine Orange (AO) - Ethidium bromide (EtBr) assay

Fluorescence intensity of AO-EtBr staining were evaluated using image-J software in term of
total cell fluorescence (TCF) (Figure 6A). Our results revealed a significant reduction in AO

fluorescence intensity in HgCl, treated neurons, when compared to the control. Primary

hippocampal neurons treated with Quercetin, Caffeine and Donepezil showed significantly
higher fluorescence intensity of AO stain, indicating higher number of viable neurons. Ascorbic
acid, Gallic acid, and Begacestat treatments did not showed any significant difference from

HgCl» treated neurons, suggesting that these drugs are not capable of protecting neurons against

HgCl, induced toxicity (Figure 6B). These findings become further evident from the observed



fluorescence intensity of EtBr staining where HgCl,, Ascorbic acid, and Gallic acid did not

showed any significant difference amongst them. Moreover, control cells and neurons treated
with Quercetin, Caffeine, Donepezil, and Begacestat revealed significantly lower EtBr

fluorescence when compared to HgCl, treatment (Figure 6C). To get a better insight into the
effect of various treatments on HgCl, induced neurotoxicity, we calculated ratio of AO:EtBr
(live:dead) fluorescence intensity, which clearly demonstrated that live to dead ratio was
significantly reduced in HgCl; treated neurons and neurons treated with Ascorbic acid and Gallic

acid. Quercetin, Caffeine, Donepezil, and Begacestat showed significantly higher ratio (Figure
6D), suggesting their potential to sustain higher number of viability in treated culture.



Primary Hippocampal (E18) culture (100 X magnification )
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Figure 5.6 (A-D): (A): AO-EtBr (alive-dead) staining. Effect of various treatments on HgCl,

induced neuronal alterations in terms of AO and EtBr fluorescence (A); Total cell fluorescence
of AO staining depicted as green fluorescence (B); Total cell fluorescence of EtBr staining



depicted as red fluorescence (B, C, D): Ratio of AO:EtBr fluorescence intensity. Results are
depicted as mean £ SD (n = 3). Statistical significance was determined by one way ANOVA

followed by Dunnett's multiple comparison post hoc test at - p < 0.05, - p <0.01 and o p <

0.001 (HgCl» v/s treatments).

5.4 CONCLUSION

In a first of its kind study, we report that natural compounds can have disease modifying
properties and modulate the cholinergic pathway, thereby, delaying the progression of AD. We
analyzed the binding mechanisms of 646 small molecules to AChE using complimentary
approaches including computational (molecular docking and MD simulations) and predicted
quercetin, caffeine, ascorbic acid, gallic acid and begacestat to me most promising one. Results
of in-vitro AChE inhibition assays confirmed that these molecules could be exploited as a
potential therapeutic agent to inhibit AChE activity, especially quercetin and caffeine. Further,
we demonstrated none of the molecules possesses neurotoxicity (10 uM) and quercetin and

caffeine possesses inherited potential to protect neurons against HgCl, neurotoxin through their

anti-apoptotic and anti-necrotic properties. These findings provide us with a strong evidence that
quercetin and caffeine could fine clinical application in the management in AD not only by
upregulating cholinergic signaling but also by providing neuroprotection and improving neuronal
survival, besides, imparting protection against neuronal oxidative and inflammatory stress.

Supplementary Figures

Supplementary Figure S1. Protein-Molecules RMSD. The Root Mean Square Deviation
(RMSD) is employed to calculate the average change in displacement of specific range of atoms
for a specific frame with relevance to a reference frame. RMSD analysis at 20 ns molecular
dynamics simulation runs for Ca atom of AChE protein and different molecules. Co atoms are

represented by blue color arc whereas red color arc represent molecules.

Supplementary Figure S2. Protein RMSF in presence of different molecules. RMSF of 1B41

ranging from 0.5-4.5 angstroms, the active region of the protein shows less fluctuations of Ca



which indicates the stable region. The residue which shows minimum fluctuation were Ser203,
Glu334 and His447 (catalytic triad)
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CHAPTER 6

Overall Conclusions and
Future Prospects



6.1 CONCLUSIONS

We have studied to analyze AD at comprehensive level. The overall goal of this research was to
decipher the key biomolecules such as genes and proteins involved in AD at cellular, molecular,
structural, functional level and also to find genetic association with disorder for better
understanding of the complex molecular mechanism involved in AD. The overall schema and
their proposed outcomes to deal with AD using various computational approaches for its system
level understanding are given in Figure 6.1.

Alzheimer’s Disease (AD)

Potent 7 .ijectwe 2 . Target protein
inhibitors, role | (In'S'I'_CO :?md LR _ <,j and drug
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Figure 6.1: Overall schema of AD research objectives and their proposed outcomes specifically
for early Detection of disease

Important outcomes of this thesis are being summarized here:-

~ Our web interface (ABCD) contains information concerning the proteins, genes,

transcription factors, SNP’s, miRNAs, mitochondrial genes and expressed genes
implicated in AD pathogenesis.

In addition to this molecular level data, the database has information for animal models,
medicinal candidates and pathways involved in AD and some image data for AD patients.



Our database is coupled with some major external resources where user can retrieve
additional information about the disease.

Their massive storage space has contributed to disperse nature of the biomarker information
and help the researcher in finding effective biomarkers search for AD.

Classification model i.e Decision tree were generated on the basis of MMSE and
relehvance score help in finding gene expression of various protein involve in AD
pathway.

The resultant decision tree authenticity depends on accuracy, sensitivity and specificity
output.

Gene enrichment analysis found 7 genes, i.e APOE, PSEN1, GRN, ACE, BCHE, PRNP,
IL1A are strongly associated to AD on the basis of XD score.

XD- score and Fisher g-value play very crucial role in deciding relation of gene datasets with
associated metabolic pathways of AD.

Network properties like shortest path length, Node betweenness, Clustering coefficient and
eigen vector centrality play important role in describing topological properties..

Identification of some new genes with their association with different metabolic process
could be predicted that AD s directly or indirectly associated with those genes and they
may play as role of biomarkers.

We predicted quercetin, caffeine, ascorbic acid, gallic acid, begacestat and donepezil to
be potential AChE inhibitors and demonstrated quercetin, caffeine, begacestat and
donepezil to be efficient AChE inhibitors through in-vitro assay.

We report that natural compounds can have disease modifying properties and modulate the
cholinergic pathway, thereby, delaying the progression of AD.

Quercetin and Caffeine possesses inherited potential to protect neurons against HgCl»
neurotoxin through their anti-apoptotic and anti-necrotic properties.

Quercetin and Caffeine could find clinical application in the management in AD not only
by upregulating cholinergic signaling but also by providing neuroprotection and
improving neuronal survival, besides, imparting protection against neuronal oxidative
and inflammatory stress.



6.2 FUTURE PROSPECTS

In Future, we comprehend our database by incorporation of High throughput normalized
and quality controlled data (NGS), also Image segmented data of MRI for detection and
differentiation between AD and MCI in different tissue of brain. We update our database
on regular basis to provide state-of-the-art information to the scientific community.

Beside Decision trees approach of machine learning (M L? techniques, we can apply other
techniques of machine learning to develop model for classification of genes and other
entities to set standard for early detection of AD.

Experimental validation are require to support the computational enrichment analysis of
genes and for closely connected pathways which could be possibly involve in regulatory
mechanism of onset of AD.

After analyzing the effect of different type of drug compounds on AChE for AD both
computationally and experimentally, we can test their effect on different interconnected
signaling pathways to AD.
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