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Me atopukn pov gvfovn kot yvopiloviog T Kupaoelg @ 7ov apoPAémovton and g daTaEels ™ mop. 6 Tov apbpov 22 tov N.
1599/1986, nrave ot

1.

Aev mapabétw kouudtioa Pifliov 1§ dpbpwv 1 gpyaciav dliwv avtolelel ywpic va ta mepixieion o€
EIGAYOYIKD, KOL YWPIS VO QVaPEP® TO avYYpopéan, T ypovoloyia, ™ gelida. H avtolelel mapobeon ywpic
ELOOYWYIKG YWPIS avapopa. otny Tnyy, eivor Loyoxlomn. [lépav e avtolelei mopdbeong, Aoyorionn Oewpeiton
Kal 1] TOPGPPACH EOOPIWV OO EPYO. GAAWVY, TOUTEPIAGUBOVOUEVWY Kal EPY@WV TOUPOITHTAV 1oV, KaOwns Kol
wapaleon ororyeimwv mov dlior ovvélelav 1 emelepydaOnray, ywpic avapopd atny Tnyn. Avapépw mavrote ue
TANPOTHTO. THY TNYH KATW OO TOV TIVaKa 1] ayE010, Omwe ota wopaléuaza.

Aéyouon ot1 n avtorelel mapdlecn ywpic E1GAYWYIKG, OKOUO KI AV GOVOOEDETAL OO GVAPOPC, OTHY TNV O
KATOo10 GAA0 anueio Tov KeWEVoD i oTo TéA0g T0V, eivor aviiypapy. H avapopd oty mnyn aro téAog m.x. piog
TOPaypopov 1 UG OeAdag, Ogv Jikaioloyel ovppopn edopiwv Epyov dlAov ovyypapéa, Eotw Kol
TOPAPPATUEVDV, KOI TOPOVTLACH TOVS WG OLKN OV EPYATIO.

Aéyouor ot vIapyEl ETIONG TEPLOPIOUOS 0TO WeYeBog KoL oTH TUYVOTHTA TV TOPOOEUGTWV TOD UTOPW VO,
eviaéw oty epyocio pov eviog elooywyikwv. Kdabe ueydlo mopdbeuo (m.y. oe mivoakxo 1 mlaicio, kiT),
poimobétel e101kes poOuicels, Kot 0tav oNuooIevETOL TPOITOOETEL TV GdELA TOV OVYYPaPEQ 1] TOV €k00TH. To
1010 KO1 01 TVOKES KOL TO CYEOLQ
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Summary in Greek

H mopovca epyocio amotedel pior mpoondbeion cuVOEONS TOV POCIKOV TOPAYOVI®V
OV TPOKAAOVV TN voco tov Alzheimer ko g pun Kiaoowng 1 Mredliavic
2TOTIOTIKNG Kol XVUTEPACUATOAOYIOG. XZOuemva e T diebvn Biprloypaeia, xovv
Nnon ovoyetiobei pe ™ voco Prodeikteg dmmwg o1 mpwteiveg Tau kot Amyloid Peta, n
APOE-4 k.a. mov vrodeikvoovy v toboroyia tov Alzheimer. Aaupdavovtog voym
70 pOAO TOV OEKTOV OLTAOV GTNV OVOYVOPIOT] TOV CLUTTOUATOV TNg VOGO,
onpovpynOnke éva mBovoBewpnTIiKd LOVIEAO Y10 TNV AVATOPAGTACT KOl GLGYETION
TOV BactK®V Katnyopudv tng vosov Alzheimer pe t xpfion KoTnyopikdv KoTtovoudy
10 omoio mpoypappatiotnke oto Brootatiotikd Aoyiopukd Winbugs. Av ko m
dyvmon g vocov Bewpeitor akoun SVCKOAN Kol TEPITAOKT), GUYKEVIPDOVOVTAS TO
péEXpL TOpa O1EBvdg amodekTd dedopEVa Yoo TNV avartuén kot e£EMEN ™ vOGov,
onuovpyndnke éva Lrotiotikd Evepuég ovotmua' mov vmoioyiler v mbovotnta
TOPOVGING TN VOOOL OTNV TEPIMTOON MOV £vog M TePlocoTeEPES Prodeikteg €xovv
dwyveocel un euotoroykol. [Tapdiinio dnpovpyndnke o ToAD omAn Kot IAKN
16T06eAd0 Tov Ba pmopel v dEYETOL OVOVULLO OEOOUEVO YIOL TNV U] OLTOUOTY
eCaymyn amotehespdTOV amd TUYAioVS YPNOTES.

1. Introduction

Alzheimer’s disease (AD) is referred as one of the most common cause of dementia
and frailty [1]. Typically, the symptoms of the disease begin with mild memory
difficulties and evolve towards cognitive impairment, dysfunctions in complex daily
activities, and several other aspects of cognition [1]. By the time that AD is clinical
diagnosed, neuronal loss and neuropathologic lesions occur in many brain regions [2].
Crucial role for the suspension of the potential damages is the timely drug delivery of
neuroprotective medications before AD turn into mildly symptomatic [2].

To approach this goal, our capability to identify individuals with very mild symptoms
prior to dementia needs to be improved [3]. A few diagnostic criteria concerning
imaging techniques and cerebrospinal fluid biomarkers have been already published
in order to establish a multivariate classification for AD [4]. With the pessimistic



projection of AD population and its corresponding social cost in the years between
2030 and 2050, the scientific and clinical research in the area of AD is nowadays
directed to the early diagnosis of the transitional phase between normal aging, mild
cognitive impairment (MCI) and dementia [4]. Lately, the concept of MCI has been
expanded to address observed clinical heterogeneity. Two subtypes are recognized,
amnesic and non-amnesic, with the later including deficits in executive functioning
such as attention, planning, problem-solving, multitasking, monitoring and behavioral
control, impaired mental flexibility, increased distractibility and difficulty in learning
novel tasks. While amnesic syndromes are the most common symptoms of AD early
onset, researchers are particularly focused on the analysis of the medial temporal lobe
memory system [5]. When patients are diagnosed with AD dementia, memory
impairments appear to be significantly correlated with medial temporal lobe atrophy
and hypoactivation [5]. Mitochondrial electrophysiology or electrodermal activity
skin conductance analysis may be particularly useful for detecting alterations in brain
function that may be present very early in the progression of AD, possibly a long time
before the development of clinical symptoms and even significant neuropathology [6-
7].

According to the latest National Institute on Aging and Alzheimer’s Association
workgroup, an accurate diagnosis can be based on the general clinical and
pathophysiological conditions and the assessment of several in vivo biomarkers and
memory tests (Figure 1). Albert et al. proposed a classification of 8 categories for AD:
Prodromal AD, AD dementia, Typical AD, Atypical AD, Mixed AD, Preclinical
States of AD, Alzheimer’s Pathology and MCI [8]. The term Prodromal AD or
Predementia Stage of AD is used for early symptomatic, predementia stage of AD
where clinical symptoms such as episodic memory loss of the hippocampal type are
visible, but do not affect the daily life activities and do not support dementia
diagnosis. Also, in this stage the biomarkers existence from Cerebrospinal fluid (CSF)
or imaging can proof AD pathology. In the case of AD dementia, several serious
cognitive symptoms are present among with social functioning and instrumental
activities of daily living consequences. The last state would be considered as a
threshold between the episodic memory modifications and in another at least
cognitive domain. Also, meaningful dementia threshold would be clinical trials or
social/economic evaluations. The third category is called Typical AD and includes the
most common clinical phenotype of AD. This phenotype characterized by early and
progressive episodic memory deficit that dominates in the following stages of the
disease and coexists with other cognitive disorders (executive dysfunction, language,
praxis, and complex visual processing impairments). An incident integrates into this
category if there is one or more in-vivo positive biomarker of AD pathology. The case
of Atypical AD characterizes certain clinical phenotype of Alzheimer’s pathology.
Such incidents include primary progressive non-fluent aphasia, logopenic aphasia,
frontal variant of AD, and posterior cortical atrophy. Also, strong in vivo evidence of
amyloidosis in the brain or the CSF and one of the above clinical stages, it is certain
the diagnosis of AD. The fifth category is called Mixed AD and refers to patients who
fulfill the diagnostic criteria for Typical AD and present clinical and brain



imaging/biological evidence with other diseases which have a similar pattern with
AD, such as cerebrovascular or Lewy Bodies diseases. The Preclinical States of AD is
divided into two subcategories. This case consists of an asymptomatic period between
the early pathogenic events such brain lesions of AD and the very first appearance of
specific cognitive modifications. The first subcategory is characterized as
Asymptomatic at-risk state for AD, where brain amyloidosis or amyloidosis in the
CSF is the primary evidence. The second subcategory is called Presymptomatic AD,
where patients are going to be evolved into AD. It referred that this state mainly
appears in families that are carriers of a rare autosomal dominant monogenic AD
mutation. Alzheimer’s Pathology covers the very first pathogenic events in the brain
such as synaptic loss, and vascular amyloid deposits. This term is used regardless of
the clinical view. Finally, the last category contains incidents with measurable MCI.
This state describes the case where there is no evidence for disease. It is a term of
exclusion for individuals who have memory symptoms that do not match with AD
pattern or have negative biomarkers of AD pathology [8].

This thesis aims to highlight the significance of several potential biomarkers of AD
and their correlation with the attempt of an accurate diagnosis or even more an early
prognosis. The proposed diagnostic model covers a broad range of AD biomarkers
such as genetic mutations, hereditary risk factors, MCI and other comorbidities,
referring both to the cases of sporadic and familial AD. At this direction, Bayesian
Statistics constitutes an impressive tool for science and especially for Biomedical
Informatics and Medical Decision Systems. Bayesian theory is based in probability
theory and for several years many supporters of the Classical approach are opposed to
the Bayesian one, due to the weak approach of prior distributions through the
quantitative data analysis. Several times Markov Chain Monte Carlo (MCMC) theory
was provided as a solution for this problem, for environmental or disease calculations
with satisfactory results [9]. Bayesian statistics uses all the unknown parameters as
random variables, in order to pre-define the prior distribution of the model and
calculate the posterior distribution f(6]y). The posterior distribution can be expressed
as

_ fy10)f(®)
f(6ly) = yf(T o f(y|0)(0), (1)

including both the prior and the observed data by the expression of the prior
distribution f(0) and the likelihood f(y|0) as follows:

f(y10) = T, f(yil). (2)

In this thesis Bayesian tools were used to create a probabilistic model describing the
relationship between AD biomarkers, which may reveal and influence the disease's
development, presence or progression. The algorithmic approach of AD prediction
was coded with the WINBUGS biostatistics software [10] for Bayesian inference,
data analysis and modeling. The model, the initial data and few examples are
analytically described below.



Figure 1: Biomarkers/nodes that reveal Alzheimer’s disease presence, linked to the
several Alzheimer’s categories.

2. Biomarkers

When a patient presents visuospatial deficit and significant atrophy in the
parietooccipital region on Magnetic Resonance Imaging (MRI), we can easily
conclude to neurodegeneration, leading to posterior cortical atrophy or optical
dysfunction of AD. Typically symptoms can be mentioned such as logopenia, aphasia,
frontal form of AD, language, praxis and complicated visual process and
neuropsychiatric changes in everyday activities [11-12]. Furthermore, patients with
dementia and hemiparkinsonism have similar characteristics with AD pathology.
However the coexistence of these two diseases it is rare while the one condition will
prevail against the other [13-14].

At the same time biomarkers that reveal high probability of AD due to MCI could be
more accurate if Amyloid- (AB) and neuronal injury biomarkers were also positive
tested. Exclusively the AP protein assessment can give us only an intermediary
probability for developing AD due to MCI. In the case where only one biomarker of
neurologic damage exists and AB cannot be measured, then these patients will be
assumed with a lower probability to develop AD.

In another study related to age and the way that age influent the aggravation of AD,
the density of the pathological lesions are mentioned about the age of the subject [15-
16]. Moreover, the age marker exists as a primate factor in several studies [8, 17-18].
In conjunction with the above, AD can be also divided into early onset familial AD
where the disease is mainly developed before the age of 60 years. In this case, the
appearance of AD reveals a hereditary disease and is inherited an autosomal dominant
manner [11, 19-20].



Alzheimer’s disease is mainly characterized by the AP protein pathology that founded
in amyloid precursor protein gene (APP, 21g21), of the long arm of chromosome 21
[20]. AP deposits lead to plaques creation, the amyloid fibrils accumulated in the
cell’s outer space and grouped into globe shape. Amyloid-p can also be deposit in
media and adventitia of small and mid-sized arteries, in which case we refer to
Cerebral Amyloid Angiopathy [21-22]. Besides, Ap can be detected and quantified in
CSF and plasma with Positron Emission Tomography scanning method, detecting
fibrillar AP, while both techniques can detect neurological injury [23]. Few
individuals with DS mutation due to trisomy 21, show high levels of Ap and present
the classic pathology by the age of 50 [20]. Another biomarker of neuronal injury is
tau/phosphorylated tau protein. When the two biomarkers Ap and tau/phosphorylated
tau proteins are positively measured, the probability of AD development increases
[11, 24]. Both AB and phosphorylated tau are conventional biomarkers for other
disorders as well and can be detected in vivo or in vitro. In vitro Scanning Tunneling
Microscopy detects Ab (1-42) and two Photon Rayleigh Scattering Assay technique
can be also used for tau detection. In vivo with mMRI and Optical (Fluorescent)
Imaging, we can detect Ab plaques [25].

Moreover, biomarkers of neurological injury are considered the hippocampal volume
or medial temporal lobe atrophy in MRI, the temporoparietal/precuneus
hypometabolism or the hypoperfusion on Positron Emission Tomography scanning
method or single-photon emission computerized tomography [11]. In a recent study,
increased levels of AB and abnormal tau were detected in neocortical regions [26-27],
and the left precuneus, the superior temporal gyrus, and the fusiform gyrus have also
observed with a decreased volume on MRI studies [28]. Family and population
studies prove that individuals have increased the probability to develop AD with the
fourth form of ApolipoproteinE gene of chromosome 14, while types 2 and 3 of this
gene do not affect their carriers. Ages between 65 and 75 are also at high risk to
develop AD [13,29-30]. In many recent studies, the CSF a-synuclein has been
identified in samples of patients with AD or Parkinson’s disease and is possibly
correlated to other biochemical biomarkers [14,31.

Lately, scientists are also focused on mitochondrial function. The mitochondrion is a
subcellular organelle that is responsible for ATP production and since neurons require
high energy, low ATP levels signify cell’s death. Mitochondrial fusion and fission
occur continuously but in chaotic distributions and mutations in proteins that mediate
their processes can cause irreparable loss. There are a few proteins that are involved
in mitochondrial dynamics like the Optic Atrophy-1, the Dynamin-Related Protein-1
(DLP-1), the Mitochondrial Fission 1, the Mitofusin-1 and Mitofusin-2 [32]. Optic
Atrophy-1 is founded in membrane’s inner-space and mediate in fusion process of the
inner mitochondrial membrane while DLP-1 is founded in mitochondrial membrane’s
interface to mediating during fission process. Dynamin Related Protein-1 is believed
that concentrates long oligomers which use Guanosine Triphosphate hydrolysis to
constrict mitochondrial tubules during fission process. Mitochondrial Fission 1 is an
outer-membrane protein function with DLP-1 during the fission process. Mitofusin-1
and Mitofusin-2 belong to GTPases family, can be found in the outer membrane space



and mediate during the fusion process. Mitofusin-1 and Mitofusin-2 are also
responsible for mitochondrial lashing [25,32]. Furthermore, mutations in Presenilin-1
and Presenilin-2 proteins, lead to AD expression. These two proteins encode amyloid
precursor protein, and in the presence of Presenilin-1,2 mutations individuals have
high probability to develop AD. Presenilin-1,2 mutations affect y-secratase activity,
which is responsible for disruption of amyloid precursor protein and AB cytotoxic
accumulation [21,30-34]. Moreover mitochondrial phenotype present fragment,
cristae structures are devastated, the number of mitochondria in dendrites is
decreased, the mobility of mitochondria is decreased, and the KGDH-PDH-COX
complexes present dysfunctions due to these proteins dysfunction. Additionally AP
concentration interacts with DLP-1, Cyclin-Dependent Kinase 1 activity increases and
Kinesin protein interacts with mitochondria in the cerebral cortex [18-21]. Individuals
who inherit Presenilin-1,2 mutations present AD characteristics earlier than the age of
40-45. Families with these mutations present AD heredity which attends the
autosomal dominant pattern with 50% probability for each generation to develop AD
[13,35-36]. These mutations lead to plaque creation, tangles, cell loss and dementia.
However the percentage of AD patients due to genetic mutations are less than 2% of
the total AD population [13]. Education is referred as a controversial marker while
individuals with high educational level have fewer probabilities to develop AD; the
reason could be a network of highly stable neuronal synapses in their brain. Important
AD risk factors are the metal ions, which can affect negatively the AD development.
In any case that proteins and lipid membranes with toxic effect are affected, the main
result is reactive oxygen species production or even more the presence of
metalloprotein AP amyloid peptide. Zinc and Copper are released from brain’s
cortical neurons and cause Ap accumulation and AP deposits, through histidine amino
acid interactions. Additionally, Fe®* and Cu®" interactions with AB, lead to H202
production, H?0? is partially responsible for the oxidative action. Also, Zn** and
Cu** enhance AP interactions with cell’s membranes, increasing AB toxicity.
Furthermore Fe®*" and Cu?* interacts with Ap protein leading to oxidative stress, Ap
oligomerization lead to Calcium channels creation, these channels affect calcium
homeostasis causing oxidative stress [25,37-38].

The p53 protein contributes to disease development, and specifically the unfolded p53
conformation leads to cell’s death. AP peptides interact with HIPK-2 protein
degradation affecting p53 conformation. Proteins p53 and tau are also related and
founded in patients with AD. p53 induces phosphorylation of human 2N4R tau
causing neuronal death and other tauopathies [39-41]. In a similar study BRCA1 and
p53 accumulations have been detected in neurons at early AD onset [42]. Even if it
has been reported in a few studies, gender seems to have been abandoned as a
potential AD marker, due to women longer life expectancy. Also nationality does not
appear to be a significant factor, however, certain people of the Asiatic origin appear
to be differentiated [15]. Additionaly a new protein is under consideration, the YKL-
40, which initially is characterized as brain cell injury biomarker, while it is
increasingly detected in AD individuals between 50’s and 70’s years old [16]. D-
serine levels have been identified and measured in higher levels in the hippocampus



and parietal cortex of AD patients and incriminated as a potential risk factor [43].
Four miRNAs, the miR-31, miR-93, miR-143, and miR-146a are observed to be
decreased in AD patient’s serum, therefore, are recently characterized as novel
biomarkers of AD pathology and vascular dementia [44]. Blood pressure has been
formulated as precursor marker for disease manifestation. Decades before the
appearance of disease, high blood pressure can be observed when senile plaques,
neurofibrillary tangles, and hippocampal atrophy are already present [45]. Also, it has
been declared that the age and the blood pressure are related in AD development. As
mentioned above high blood pressure revealed decades before AD diagnosis, however
in later life of an AD patient low levels of blood pressure occur. Unfortunately, the
way that blood pressure affects AD is still unknown, even though high blood pressure
seems to be a lower risk factor for AD patients [46-48].

3. A Probabilistic Approach of Alzheimer’s Disease

Let us recall some basic mathematical notations concerning the Bayesian approach
[9,49-51]. Assume a random variable Y called response, which follows a probabilistic
path f(y|0), where 0 is a parameter vector. We consider a sample y=[yl, y2,....,yn] of
size n. If we assume two possible events A, B where A = ATUA2U....UANn, Ai N Aj =

@ V i #j, Bayes Theorem calculates the probability to occur an event Ai given B,
P(BJADP(AD) _  P(B|Ai)P(AI)

AIIB) = == = 5, p@anecan” ©
In general,
P(AB)= ZELLPA) o p(BIA)P(A). (4)

P(B)
Finally given the observed data yl,y2,...,yn the posterior distribution is calculated
f(0|yl,...,yn) from the prior distribution [51]. Bayesian Inference is based in the p(8]y)
factor which is used from MCMC methods. Markov Chain Monte Carlo methods are
based on iterative sampling from the posterior distribution, using multiple chain
probabilities of the sample parameters and resulting posterior means and variances of
the parameters or functions of the parameters A = A(0) as follows:

E(Oxly) = [ 0wp(0ly)do, (5)

Var(6yly) = f 0ip(6ly)do — [E(6,]y)]2 = E(6%]y) — [E(Bx[y)]?, (6)

E[A®)y] = J A®)p(0ly)do, (7)

Var[A(©)ly] = J A% p(6ly)d — [E(AIY)]* = E(A%]y) — [E(AIy)]2. (8)

The most famous MCMC methods are the Metropolis-Hastings algorithm [52-54] and
its special case the Gibbs Sampling [55]. In its general case the Metropolis-Hastings
algorithm can be summarized in the following iterative steps [51], where vector X(t)
contains the generated values in each t iteration of the algorithm:

1. Set initial values x©.
2. For t = 1,...,T repeat the following steps:

a) Setx = xt~1
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b) Generate new candidate values x'from a proposal distribution
qx - x') = q(x'|x)

f(X’)q(XIX’))

c) Calculate a = min (1, F(0)qCxlx)

d) Update x(® = x’ with probability a and x(® = x = x(t=1D with probability 1-a.

In 1988, Lauritzen and Spiegelhalter presented for the first time a Bayesian expert
system the well-known 'ASIA model’, introducing a fictitious medical decision system
for the explanation of dyspnea due to a patient's recent visit to Asia and the presence
of several other symptoms [56]. The proposed AD prediction model was established
based on the Bayesian Networks (BN). According to BN theory, if we assume a
directed graph G with N nodes, each node n € N has a number of paternal nodes
pa(n), it may be linked with ‘child' nodes and the joint distribution for such a network
is given as follows:

P(N) = [Inen p(n|pa(n)). (9)

By taken into consideration the latest calculations for the relative probabilities of AD
progression due to certain brain lesions (Table 2) [57-70], we designed a Bayesian
model for the prediction of AD presence in relation to one or more biomarkers
abnormal testing. The proposed model includes the main AD categories formulated by
the categorical prior distribution

r~dcat(p[]) (10),

and all the known and accepted biomarkers that underlies AD severity. The
corresponding graph is acyclic (figure 2), the AD categories are correlated using
initial data true/false or the published probabilities based on Table 2 and in several
cases a single biomarker can be related to more than one AD types.

Figure 2. The general probabilistic model of Alzheimer’s disease according to
Bayesian Theory importing the Alzheimer’s disease knowledge of probabilities.









Table 2. Alzheimer's disease biomarkers, biomarkers probabilistic impact on
Alzheimer's disease presence and the corresponding bibliographic reference.




4. Experimental

In the general case of the model, all the biomarkers/variables are assigned to discrete
priors and they are repeated as many times as the different AD categories belong to.
The so called 'max’ variables are presented in a tree structure, resulting to the
maximum probability for each AD category path.

pseudomodel{

Age~ dcat( [1:2])

Ab~dcat( APOE4,PS1-2, APP [1:2])

Tau,Phospho ~ dcat( Cytokines 1:2] )

Metallons ~ dcat( [1:2] )

LewyBodies ~dcat( Age [1:2])

Hypertension,depression ~ dcat( Age [1:2] )

APP ~dcat([1:2])

GTP ~dcat( p53 [1:2])

APOE4 ~ dcat( Age [1:2] )

PS1-2 ~ dcat( Age [1:2])

Cytokines ~ dcat([1:2] )

SenilePlaques ~ dcat( Ab [1:2])

UnbalanceCa ~ dcat( Ab [1:2])

Vascular ~ dcat( Ab, Tau,Phospho [1:2] )
LogopenicAphasia,CortexAtrophy~dcat( Tau,Phospho [1:2] )
Memory,HippocampallLoss~dcat( Tau,Phospho [1:2] )
ExecLangPrax~dcat( Tau,Phospho [1:2] )
Visual,Neuropsychiatric~dcat( Tau,Phospho [1:2] )
DailyActivities ~ dcat( [1:2] )

OxidStress~dcat( Mito,Metallons [1:2] )
Inflamation~dcat( Mito,Metallons [1:2] )
Isoprostanes~dcat( Mito,Metallons [1:2] )

Mito ~dcat( Metallons,OPA1, MFN1,DVLP, FIS1[1:2])
MFN1~dcat( GTP [1:2])

OPAl~dcat( GTP [1:2])

DVLP~dcat( GTP [1:2])

FIS1~dcat( GTP [1:2])

p53 ~ dcat( [1:2])

miRNAs~dcat( Age [1:2] )

MClI~dcat( DailyAct [1:2] )

max1«max( Ab,LewyBodies, Mito, OxidStress, Memory Hippocampal loss,SenilePlaques,
Unbalance_Ca, Hypertension_depression, Inflamation, Isoprostanes,Mito )
Prodromal AD «—max( max1,0xidStress )

ADdementia «<—max( Ab, Vascular )

max2 «—max( Ab,Tau,Phospho,Vascular,ExecLangPrax )
Typical AD «— max( max2,Visual,Neuropsychiatric )
Atypical AD «max( LogopenicAphasia,Cortex Atrophy,Memory,HippocampalLoss )
MixedAD «—max( Vascular,Category!l )

Preclinical AD «—max( Ab, Tau,Phospho )

ADPathology «—miRNAs

MildCognitivelmpairment «—MCI

}




Data

list(Age =2, Metallons=2, APP=2, Cytokines=2, DailyAct=2, p53=2,
Age =(0.99,0.01),

Ab= ( (0.50,0.50,0.50,0.50,0.50,0.50,0.50,0.50,1,0,1,0) ),
Tau_Phospho = ( (1,0,1,0) ),

Metallons = (0.76, 0.24),

LewyBodies = ( (0.884,0.116,0.884,0.116) ),
Hypertension,depression = ( (0.884,0.116,0.884,0.116) ),
APP =(0.98,0.02),

GTP=( (1,0,1,0) ),

APOE4 = ( (1,0,1,0) ),

PS1,2=( (1,0,1,0) ),

Cytokines (1,0),

SenilePlaques = ( (1,0,1,0) ),

UnbalanceCa = ( (1,0,1,0) ),

Vascular = ( (1,0,1,0,1,0,1,0) ),
LogopenicAaphasia,CortexAtrophy = ( (1,0,1,0) ),
Memory,HippocampalLoss = ( (1,0,1,0) ),
ExecLangPrax = ( (1,0,1,0) ),
Visual,Neuropsychiatric = ( (1,0,1,0) ),
DailyActivities = (0,1),

OxidStress = ( (1,0,1,0,1,0,1,0,1,0,1,0,1,0,1,0) ),
Inflamation = (' (1,0,1,0,1,0,1,0,1,0,1,0,1,0,1,0) ),
Isoprostanes = ( (1,0,1,0,1,0,1,0, 1,0,1,0,1,0,1,0) ),
Mitol =( (1,0,1,0,1,0,1,0,1,0,1,0,1,0,1,0, 1,0,1,0) ),
Mito2 = ( (1,0,1,0,1,0,1,0) ),

MFN1=( (1,0,1,0) ),

OPAl1=( (1,0,1,0) ),

DVLP=( (1,0,1,0) ),

FIS1=( (1,0,1,0) ),

p53 = (0.75,0.25),

miRNAs = ((1,0,1,0) ),

MCI =((0,1,0,1) ))

The model can be easily extended or adjusted to new biomarkers or new relations
between the symptoms, the lesions and the exported AD categories. Three examples
are discussed below with the resulted statistics from the Winbugs software concerning
different cases of abnormal biomarkers testing, revealing potential AD presence.

Example 1: In the first case study, a patient is assumed to be diagnosed with
problems on daily living activities, with no other evidence of abnormal biomarkers.
Additionally, the patient does not belong to a risk group due to the age factor.
Therefore, while there are evidences only for abnormal daily-living activities, the
corresponding node becomes true and all the other nodes take the false value (figure
3). The model calculates the P(MCI|DailyLivingActivities), the probability that Mild
Cognitive Impairment is true given the DailyLivingActivities variable, which can be
written as follows:
P(MCI|DailyLivingActivities)P(MCI)
P(DailyLivingActivities)
P(MCI|DailyLivingActivities) = 0.999. (11)

P(MCI|DailyLivingActivities) =

17




Figure 3. The probabilistic model that can be used for MCI validation.

Executing the code in Winbugs, the result for MCI category is the same as calculated
above. For each stochastic variable of the generated probabilistic model, Winbugs
defines the interval [1,2] as the probabilities range based on the categorical
distribution ~dcat, which receives only positive values. The posterior summary
estimations, mean, standard deviation and error are exported as MCMC results, where
the estimation of the MCMC error is implemented by the batch mean method (Tables
3-5). After 3000 iterations of the current MCMC Winbugs algorithms, the mean value
of MCI category can be described as

EMCI = 2 * pyer + 1. (1 — pmer) = 2 P(MCI|DailyLivingActivities) = pycr = 2 —
1.999 = 0.999. (12)

Table 3: The probabilities array of Mild Cognitive Impairment presence due to
possible alterations in DayLiving Activities. The probability is 0.999 in both the cases
of strong true/false evidences



1.612 | 0.4872 0.009333 1.0 2.0 2.0 1 3000
1.501 0.5 0.008188 1.0 2.0 2.0 1 3000
1.501 0.5 0.008188 1.0 2.0 2.0 1 3000

1.0 0.0 1.826E-12 | 1.0 1.0 1.0 1 3000
1.612 | 0.4872 0.009333 1.0 2.0 2.0 1 3000
1.501 0.5 0.008188 1.0 2.0 2.0 1 3000

1.0 0.0 1.826E-12 | 1.0 1.0 1.0 1 3000
1.999 | 0.03161 | 5.625E-4 2.0 2.0 2.0 1 3000

Table 4: The WINBUGS results for every Alzheimer's disease category, according to
Example 1

Table 5: The total probability value for Alzheimer’s disease presence due to
alterations in DayLiving Activities of the patient. The results revealed the highest
probability 0.999 for the case of Mild Cognitive Impairment, while Prodromal AD

and Mixed AD show also high scores.

Example 2: In a similar case where miRNAs biomarker is true and there is no other
evidence of heredity concerning AD (figure 4) the model calculates the
P(ADPathology|miRNAs). However, while miRNAs node is also linked to the
age/heredity node, there is a probabilistic relation between the age/heredity and
miRNAs nodes (Tables 6-10).

P(ADPathology|miRNAs)P(ADPathology)

P(miRNAs)

P(ADPathology|miRNAs) =
P(ADPathology | miRNAs)=1.0. (13)
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Figure 4. The probabilistic model that can be used for AD Pathology validation.

Table 6: The miRNAs compared with Alzheimer's Pathology

e

Table 7: The Age/Heredity probability array

Table 8: The Age/Heredity compared with miRNAs



0.005404 . . . 1
1504 | 0.5 |0.005197 | 1.0 2.0 2.0 1 10000
1504 | 0.5 |0.005197 | 1.0 2.0 2.0 1 10000
1.0 0.0 1.0E-12 | 1.0 1.0 1.0 1 10000
1.613 | 0.4872 | 0.005404 | 1.0 2.0 2.0 1 10000
1504 | 05 |0.005197| 1.0 2.0 2.0 1 10000

2.0 0.0 1.0E-12 | 2.0 2.0 2.0 1 10000

1.0 0.0 1.0E-12 | 1.0 1.0 1.0 1 10000

Table 9: The WINBUGS results for every Alzheimer's disease category, according to
Example 2

Table 10: The total probability value for Alzheimer’s disease presence due to
alterations in miRNAs biomarker of the patient. The results revealed the highest
probability 1 for the case of AD Pathology, while Prodromal AD and Mixed AD show
also high scores

Thus, importing the initial data below to Winbugs, in the case of AD Pathology given
that the miRNASs variable is true, the exported probability is 1.

Data

List(Age =2, Metallons=2, APP=2, Cytokines=2, DailyAct=2, p53=2,
Age = (0.99,0.01),

Ab = ( (0.50,0.50,0.50,0.50,0.50,0.50,0.50,0.50,1,0,1,0) ),
Tau,Phospho = ( (1,0,1,0) ),

Metallons = (0.76, 0.24),

LewyBodies = ( (0.884,0.116,0.884,0.116) ),
Hypertensiondepression = ( (0.80,0.20,0.80,0.20) ),

APP =(0.98,0.02),

GTP=( (1,0,1,0) ),

APOE4 = ( (1,0,1,0) ),
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PS1,2=( (1,0,1,0) ),

Cytokines = (1,0),

SenilePlaques = ( (1,0,1,0) ),

UnbalanceCa = ( (1,0,1,0) ),

Vascular = ( (1,0,1,0,1,0,1,0) ),
LogopenicAphasia,CortexAtrophy = ( (1,0,1,0) ),
Memory,HippocampalLoss = ( (1,0,1,0) ),
ExecLangPrax = ( (1,0,1,0) ),
Visual,Neuropsychiatric = ( (1,0,1,0) ),
DailyActivities = (0,1),

Oxidstress =( (1,0,1,0,1,0,1,0,1,0,1,0,1,0,1,0,) ),
Inflamation =( (1,0,1,0,1,0,1,0,1,0,1,0,1,0,1,0) ),
Isoprostanes =( (1,0,1,0,1,0,1,0,1,0,1,0,1,0,1,0) ),
Mito = ( (1,0,1,0,1,0,1,0,1,0,1,0,1,0,1,0, 1,0,1,0) ),
MFN1 =( (1,0,1,0) ),

OPAl=( (1,0,1,0) ),

DVLP =( (1,0,1,0) ),

FIS1=( (1,0,1,0) ),

p53 = (0.75,0.25),

miRNAs = ( (0,1,0,1) ),

MCI =( (1,0,1,0), ))

After 10000 iterations the mean value of ADPathology can be described as

EADPathology = 2 * PaDPathology + 1. (1 - pADPathology) =2,
P(ADPathology|miRNAS) = pappathology = 2 — 1 = 1. (14)

Example 3: In this last example the most common case is presented, where both
Amyloid beta and Tau proteins abnormalities occur, with additional true values in the
Age_Inheritance, APP, APOE4 and Vascular variables of the probabilistic model
(figure 5).

Figure 5. The probabilistic model that shows an incident which can belong to more
than one categories of Alzheimer’s disease groups.




Data

list(Age =2, Metallons=2, APP=2, Cytokines=2, DailyAct=2, p53=2,

Age = (0.57,0.43),

Ab=((01,01,0,,0,1,1,0,1,0),),

Tau,Phospho = ((0,1, 0,1), ),

Metallons = (0.76, 0.24),

LewyBodies = ((0.884,0.116,0.884,0.116), ),
Hypertension,depression = ( (0.80,0.20,0.80,0.20), ),

APP = (0.50,0.50),
GTP = ((1,0,1,0),),

APOE4 = (/(0.30,0.70,0.30,0.70), ),

PS1,2 =((1,0,1,0),),
Cytokines = (1,0),

SenilePlaques ( (1,0,1,0), ),

UnbalanceCa = ((1,0,1,0), ),
Vascular = ((0,1,0,1,0,1,0,1),),
LogopenicAphasia,CortexAtrophy = ( (1,0,1,0), ),

Memory,HippocampalLoss = ( (1,0,1,0), ),

ExecLangPrax = ((1,0,1,0),),
Visual,Neuropsychiatric = ((1,0,1,0), ),

DailyActivities = (0,1),

OxidStress=( (1,0,1,0,1,0,1,0,1,0,1,0,1,0,1,0), ),
Inflamation=( (1,0,1,0,1,0,1,0,1,0,1,0,1,0,1,0), ),
Isoprostanes=( (1,0,1,0,1,0,1,0,1,0,1,0,1,0,1,0), ),
Mito=( (1,0,1,0,1,0,1,0, 1,0,1,0,1,0,1,0, 1,0,1,0), ),

MFN1 =((1,0,1,0),),
OPA1=((1,0,1,0),),
DVLP =((1,0,1,0),),
FIS1=((1,0,1,0),),
p53 = (0.75,0.25),
miRNAs = ((1,0,1,0), ),
MCI =((1,0,1,0),))

Given the initial data set above, after 10,000 iterations, the probability values of the
eight categories (Tables 11-12) reveals high risk for AD presence. The results
highlight the role of Amyloid beta and Tau proteins and emphasize to their
importance and effectiveness in AD aggravation.

Node Mean | Sd | MC error | 2.5% | Median | 97.5% | Start | Sample
Prodromal AD 20 |00| LO0E-12 | 20 | 20 20 | 1 | 10000
AD dementia 20 00| LOE-12 | 20 | 20 20 | 1 | 10000

Typical AD 20 00| LOE-12 | 20 | 20 20 | 1 | 10000
Atypical AD 10 00| L0E-12 | 1.0 | 10 10 | 1 | 10000
Mixed AD 20 00| LOE-12 | 20 | 20 20 | 1 | 10000
Prec"“"fl';tates ofl 50 |o00| 1012 | 20 | 20 20 | 1 | 10000
pdishiar 10 00| 108112 | 10 | 1.0 10 | 1 | 10000
Pathology
Mild Cognitive 10 00| 10812 | 10 | 1.0 10 | 1 | 10000
Impairment

Table 11: The WINBUGS results for every Alzheimer's disease category, according

to Example 3
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Probability of Alzheimer's disease
Alzheimer’s disease classification presence (in response to Ab, Tau
Activities biomarker)
Prodromal AD 1.0
AD dementia 1.0
Typical AD 1.0
Atypical AD 0.0
Mixed AD 1.0
Preclinical states of AD 1.0
Alzheimer’s Pathology 0.0
Mild Cognitive Impairment 0.0

Table 12: The total probability value for Alzheimer’s disease presence due to
alterations in Ab, Tau/TotalTau, age/inheritance, APP, APOE4 and Vascular
disorders of the patient. The results revealed high probabilities for the cases of
Prodromal AD, AD dementia, Typical AD, Mixed AD, Preclinical states of AD

5. Conclusion
Since a definitive and accurate diagnosis for AD and other related disorders can be
made only at autopsy, neuroimaging techniques face challenges related to
clinicopathologic heterogeneity. Although all patients with AD progress through some
form of an MCI phase before dementia, the converse is not true. That is some patients
who fulfill MCI criteria may have non-AD disease states [71]. Furthermore, the rate at
which individuals with MCI will develop dementia may also vary considerably. Thus,
although prodromal AD may be clinically identifiable as MCI [72], it is important to
recognize the heterogeneity within this clinical construct. Cerebrospinal fluid and
plasma biomarkers, as well as amyloid imaging markers, can offer information about
neuropathological symptoms of AD, when no evidence markers for hippocampal
volume loss can be accurately exported from MRI scanning [73]. In AD patients who
have been tested in structural imaging biomarker’s detection, left and right
hippocampal gradings, cortical thicknesses of the left precuneus, left superior
temporal sulcus and right anterior part of the parahippocampal gyrus, offer 72%
accuracy in AD diagnosis [74]. Additionally, genetic mutations affect less than 2% of
total AD patients and age seems to play a dominant role in the aggravation of disease
even though it has been observed that the first lesions begin at least 20 years earlier
from the first symptoms. The educational level shows some resistance in the disease,
but it should not be considered as a valid marker. Mitochondrial dynamics is a latest
crucial element in the puzzle of AD etiology and development, concerning metal ions
concentrations in the brain and metal ions interactions with AB protein, increasing
cells and brain toxicity [75-77]. In this thesis an extensive reference of biomarkers
was taken place, that affect in a negative way the development and the progress of
Alzheimer’s disease. Also, markers was identified from a wide range of scientific
papers, and their relation offering a view for the behavior of the disease. Continuing,




with Bayesian theory and inference achieved the attempt of WINBUGS application,
creating in that base a relation scheme of the disease according to literal and later a
probabilistic model. The exported probabilistic model is based on conditional
probabilities, therefore it must be noted that the calculated error is the Monte Carlo
error that measures the variability of each estimation due to the simulation. The
proposed AD Bayesian model uses the WinBUGS 1.4.3 software, which cannot be
used online. Therefore a website was also designed for individuals users and medical
staff for the submission of anonymous AD tests results. Users are able to fill AD
results in the form of 1 (true) or 2 (false) and receive the exported statistics in their
email account. This new educational website is the http://alzheimers.edu.gr.
Obviously this Bayesian approach can be extended in several other diseases where the
early recognition of symptoms is a crucial factor for an efficient treatment. [78-81].
The proposed AD Bayesian model uses the WinBUGS 1.4.3 software, which cannot
be used online. Therefore a website was designed for individuals users and medical
personnel for the submission of anonymous AD tests results. Users will have to fill
AD biomarkers results in the form of true/false-1/2 (figure 6) and we will execute the
calculations afterwards and forward back the exported statistics. The new website is
http://alzheimers.edu.gr

Figure 6. The new website for Alzheimer’s disease probabilistic prediction
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