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Abstract 

Cardiovascular diseases (CVD) and Alzheimer’s disease (AD) are common chronic diseases 

multifactorial and polygenic and their management could significantly benefit from personalised 

medicine. The vascular endothelial growth factor A (VEGF-A) and the telomere length (TL) are 

optimal biomarkers for use in personalised risk prediction as they are involved in common diseases 

pathways and have an important heritable background.  

 

The aim of this thesis was to identify “-omics” determinants of VEGF-A and TL, to investigate 

their relationships with CVD and AD and to examine their usefulness in disease risk prediction. 

For valuably achieving the aim, an emphasis was given in the standardisation of the analytical 

process and the visualisation of the datasets used in the thesis projects.  

A review article presented the knowledge on telomere dynamics during childhood including the 

factors that affect TL in embryonic life and in newborns. We emphasise the role of TL as an index 

of health and we propose its regular measurement. 

 

In a next publication, we found significant associations between VEGF-A levels and its mRNA 

isoforms with IL-1α, IL-4, IL-6, EGF, and MCP1 in PBMCs of healthy individuals. Our results 

further support the important role of cytokines and growth factors in VEGF-A regulation at 

lymphocytes cellular extracts. 

 

Then, we demonstrated that two polymorphisms, the rs12696304 and rs10936599 near the TERC 

gene, do not affect TL at birth (estimated by muscle TL - MTL), but are associated with higher 

telomere attrition (estimated by leucocytes telomere length - LTL/MTL) during lifetime. Thus, 

polymorphisms located on genes coding for telomere maintenance proteins may contribute to 

higher TL attrition and could impact the development of chronic diseases like atherosclerotic 

CVD. 

 

A significant association between the VEGF-A related polymorphism rs6993770 and TL attrition 

has been found. The risk allele A could lead to increased haematopoiesis, thus higher cellular 

turnover and faster TL attrition. This polymorphism is a common determinant of VEGF-A and TL 
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and could be an important marker in the development of prediction tools for chronic diseases where 

both biomarkers are involved, like CVD. 

 

We identified novel interactions between APOE, LSR and VEGF-A related polymorphisms that 

are predicting the risk of AD in a machine learning model with high accuracy. The interaction 

rs7043199*rs6993770 (VEGF-A related polymorphisms) was the strongest predictive factor, with 

a protective role higher even than that of the absence of ε4 APOE allele. This interaction was 

followed by the absence of the ε4 APOE allele and the interaction rs2375981*rs34528081(VEGF-

A related polymorphisms). The results provide new insights about molecular mechanisms involved 

in AD development and could have an impact as biomarkers and/or treatment targets. 

 

We have also developed an automated pipeline of standardised procedures for statistical analyses 

and the development of prediction binary models by using the elastic net method and a related 

interactive interface (R Shiny Genetic Elastic Net, RSGEN). A desktop application was developed 

in Power BI software (Power Medical Intelligence, PMI) to allow visualisation of the data of the 

populations studied in the thesis as well as preliminary analytical steps. 

 

In conclusion, this thesis is proposing determinants of VEGF-A and TL that are linked through 

known and novel mechanisms with CVD and AD: IL-4, IL-6, MCP-1, EGF, IL-1α, TERG variants, 

VEGF-A-related variants (especially the rs6993770), APOE and LSR polymorphisms. A risk 

prediction model for AD with a satisfactory accuracy has also been developed, which includes 

mostly genetic variants and their interactions, thus it is a highly personalised tool. Furthermore, 

we have developed two informatic and statistical tools that can be used in other populations and 

contribute to the development of robust personalised models for chronic diseases prediction. 
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Résumé 

Les maladies cardiovasculaires (MCV) et la maladie d'Alzheimer (MA) sont des maladies 

chroniques, multifactorielles et polygéniques et leur gestion pourrait fortement bénéficier de la 

médecine personnalisée. Le facteur de croissance endothélial vasculaire A (VEGF-A) et la 

longueur des télomères (TL) sont deux biomarqueurs optimaux pour la prédiction du risque 

personnalisée car ils sont impliqués dans les voies métaboliques des maladies courantes et ont un 

contenu héréditaire important. 

 

Le but de cette thèse était d'identifier les déterminants « -omiques » du VEGF-A et de la TL, 

d'étudier leurs relations avec les MCV et la MA et d'étudier leurs utilisations dans la prédiction du 

risque pour ces maladies.  

 

Un article de revue présente la dynamique des télomères pendant l'enfance. Nous soulignons 

l'utilité du TL comme indice de santé et nous proposons sa quantification régulière. 

 

Nous avons trouvé des associations significatives entre les taux de VEGF-A et ses isoformes 

d'ARNm avec IL-1α, IL-4, IL-6, EGF et MCP1 dans les PBMCs d'individus sains. Nos résultats 

soutiennent le rôle des cytokines et des facteurs de croissance dans la régulation du VEGF-A. 

Ensuite, nous avons démontré que les variants rs12696304 et rs10936599, proche du gène TERC, 

n'affectent pas la TL à la naissance (estimée par la TL des muscles squelettiques - MTL), mais 

sont associés à une plus grande attrition des télomères (estimée par la longueur des télomères des 

leucocytes - LTL/ MTL) au cours de la vie. Ainsi, ces variants pourraient avoir un impact sur le 

développement de maladies chroniques telles que les MCV.  

 

Dans l’étude suivante, une association significative entre le variant lié au VEGF-A rs6993770 et 

l'attrition des télomères a été trouvée. L'allèle à risque A pourrait entraîner une augmentation de 

l'hématopoïèse, donc un renouvellement cellulaire plus élevé et une attrition plus rapide des 

télomères. Ce polymorphisme est un déterminant commun du VEGF-A et de la TL et pourrait être 

un marqueur important dans le développement d'outils de prédiction des maladies chroniques. 

De plus, nous avons identifié de nouvelles interactions entre les polymorphismes liés au VEGF-A 
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et ceux des gènes d’APOE et LSR qui prédisent le risque de MA dans un modèle d’apprentissage 

automatique avec une grande précision. L’interaction rs7043199*rs6993770 (polymorphismes liés 

au VEGF-A) est le facteur prédictif le plus fort du modèle, avec un rôle protecteur contre la MA 

plus élevé même que celui de l’absence d’allèle ε4 APOE, suivie par l’absence de l’allèle APOE 

ε4 et de l’interaction rs2375981*rs34528081(polymorphismes liés au VEGF-A). Les résultats 

donnent de nouvelles informations sur les mécanismes moléculaires impliqués dans la MA et 

pourraient avoir un impact en tant que biomarqueurs et/ou cibles thérapeutiques. 

 

Nous avons également développé un pipeline automatisé de procédures standardisées pour les 

analyses statistiques et le développement de modèles binaires de prédiction avec la méthodologie 

Elastic Net et une interface interactive (R Shiny Genetic Elastic Net, RSGEN). Une application a 

été développée dans le logiciel Power BI (Power Medical Intelligence, PMI) pour permettre la 

visualisation des données des populations étudiées dans la thèse. 

 

En conclusion, cette thèse propose des déterminants de VEGF-A et TL liés par des mécanismes 

connus et nouveaux avec les MCV et la MA: IL-4, IL-6, MCP-1, EGF, IL-1α, des variants du 

TERG, des polymorphismes liés au VEGF-A, en particulier le rs6993770, et des variants d’APOE 

et LSR. Un modèle de prédiction du risque de MA avec une précision satisfaisante a été développé, 

qui inclut en majorité des variants génétiques et leurs interactions, il s'agit donc d'un outil 

hautement personnalisé. De plus, nous avons développé deux outils informatiques et statistiques 

qui peuvent être utilisés dans d'autres populations et contribuer au développement de modèles 

personnalisés robustes pour la prédiction des maladies chroniques.  
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Introduction 

 

Les maladies cardiovasculaires (MCV) sont des maladies complexes et multifactorielles dont la 

régulation est polygénique. L'identification des variants génétiques qui expliquent la variabilité 

interindividuelle des MCV est importante pour la prévention, la prévision et le diagnostic 

personnalisés et devrait améliorer notre compréhension des processus biologiques et moléculaires 

impliqués dans ces maladies pour le développement de thérapies spécifiques personnalisées. En 

d'autres termes, l'application translationnelle de ces connaissances dans la pratique clinique 

conduirait à une meilleure personnalisation de la prédiction et de la prévision du risque et du 

traitement, ce qui aurait un grand impact sur la santé publique. Cependant, la contribution des 

facteurs génétiques à la prédiction du risque de MCV est encore limitée. 

 

La sélection de biomarqueurs est un domaine très important et difficile. De multiples voies 

biologiques, dont l'angiogenèse, l'inflammation et la longueur des télomères sont impliquées dans 

le développement des maladies cardiovasculaires. 

 

La longueur des télomères des leucocytes (LTL) est liée à une variété de maladies humaines, telles 

que le cancer et les MCV, y compris les facteurs de risque pour ces situations de santé comme 

l'obésité, l'hypertension et le diabète [1-3]. L'âge est un déterminant fondamental de la longueur 

des télomères, tout comme le sexe et l'origine ethnique [4]. L'accélération du raccourcissement de 

la LTL a été associée à l'inflammation chronique et au stress oxydatif [2]. En outre, des études 

antérieures ont montré que le LTL est un trait fortement héréditaire (70 %) [5]. L'étude de la LTL 

pourrait fournir des informations importantes sur les MCV qui pourraient être utilisées pour la 

prédiction du risque de MCV et donc la prévention précoce. 

 

L'angiogenèse physiologique se produit au cours du développement du foetus et, chez l'adulte, 

pendant la croissance osseuse, la grossesse et la cicatrisation, ainsi que dans des contextes 

inflammatoires, de greffe tissulaire ou d'ischémie. Une angiogenèse insuffisante ou excessive est 

liée à des maladies complexes, dont les MCV et le cancer [6]. Parmi les régulateurs de 

l'angiogenèse, le facteur de croissance endothélial vasculaire A (VEGF-A) est le facteur 

angiogénique le plus puissant et est considéré comme une molécule clé pour l'angiogenèse 
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physiologique et pathologique [7]. Le VEGF-A est un biomarqueur unique pour le système 

cardiovasculaire. Il joue un rôle important dans l'athérogenèse [8]. Plusieurs études, dont celles de 

EA_1122 ; IGE-PCV, ont montré des associations entre les taux de VEGF-A, les isoformes 

transcriptomiques du VEGF-A et les polymorphismes liés au VEGF-A avec les facteurs de risque 

et les MCV [9-12]. Le VEGF-A est également fortement héréditaire, comme l'a démontré une 

étude de l’EA_1122 ; IGE-PCV [13]. Dix variants génétiques ont été identifiés dans deux études 

d'association pangénomique (GWAS) qui expliquent plus de 50 % de la variabilité individuelle 

des niveaux de VEGF-A [14, 15]. Ces déterminants génétiques ont été associés à des phénotypes 

intermédiaires de MCV et d'autres maladies chroniques telles que les maladies thyroïdiennes auto-

immunes et la dépression [9, 12, 16] [17, 18]. Le VEGF-A est donc un biomarqueur idéal pour la 

prédiction du risque de MCV. 

 

L'EA_1122 ; IGE-PCV a créé en 2015 le consortium VEGF - "Vascular endothelial growth factor 

European Genomic Federation"- (santoriniconference.org), réunissant, 20 partenaires 

internationaux visant à améliorer l'étude du VEGF-A et de ses déterminants qui affectent le risque 

de maladies [19]. 

 

Le VEGF-A est également considéré comme un facteur de risque pour d'autres maladies 

chroniques, notamment la maladie d'Alzheimer (MA). La famille des VEGF est fortement 

impliquée dans la régulation angiogénique, la neurogenèse et la survie neuronale [20]. La 

diminution des niveaux de VEGF-A dans le sérum et le liquide céphalo-rachidien est liée au risque 

de la MA [21, 22] mais des résultats contradictoires ont également été démontrés [23]. La MA est 

la forme la plus courante de démence et c'est une maladie dévastatrice pour laquelle il n'existe 

aucun traitement permettant de contrôler sa progression [24]. Elle est associée à l'accumulation de 

plaques amyloïdes neuronales et à des lésions précoces principalement dans l'hippocampe. Les 

facteurs de risque des MCV jouent un rôle important dans le développement de la MA et le déclin 

accéléré de la cognition. 

 

Le gène de l'apolipoprotéine E (APOE) (isoforme ε4) est le facteur de risque le plus important de 

la MA à apparition tardive, en raison de son association avec un dépôt amyloïde accru [25] et un 

facteur de risque connu de MCV (isoforme ε4) [26], tandis que l'allèle ε2 est le facteur de risque 
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d'hyperlipidémie de type III [27]. L'unité de recherche EA_1122 ; IGE-PCV a précédemment 

démontré des interactions épistatiques significatives des variants génétiques de l'APOE et du 

récepteur des lipoprotéines stimulé par la lipolyse (LSR) associées à la MA [28].  

 

Le rôle des variants génétiques du VEGF-A et de leurs interactions épistatiques avec les 

polymorphismes de l'APOE et du récepteur des lipoprotéines stimulé par la lipolyse (LSR) dans le 

risque de maladie d'Alzheimer n'a pas encore été évalué.  

 

 

Hypothèses et objectifs 

Les MCV et la MA sont deux des principales maladies chroniques, qui pèsent lourdement sur la 

santé et la vie des individus et sur les systèmes de santé. Elles partagent certaines voies 

physiopathologiques communes comme l'inflammation, l'angiogenèse et les anomalies du 

métabolisme des lipides. Ces deux maladies ont une forte composante héréditaire et de nombreux 

efforts ont été déployés pour identifier les variants qui définissent génétiquement le risque de ces 

maladies. Bien que les études d'association pangénomiques aient permis de réaliser des progrès 

considérables dans la détermination de certains de ces variants, une part importante de l'héritabilité 

de ces maladies reste à découvrir. Par conséquent, la personnalisation du risque de maladie est 

encore limitée. Il est donc de plus en plus nécessaire d'identifier de nouveaux déterminants du 

risque de maladie qui permettront à terme d'adapter et de personnaliser la prédiction du risque. 

Une approche plus ciblée, comme celle des gènes candidats des biomarqueurs clés, pourrait 

améliorer cet objectif. 

 

La LT et le VEGF-A sont des biomarqueurs clés qui relient différentes maladies chroniques entre 

elles [29-31]. Ces biomarqueurs ont une importante composante génétique et constituent des 

biomarqueurs optimaux pour la médecine personnalisée [13, 32]. Il est important de noter que pour 

le VEGF-A, nous avons identifié une grande partie de sa variabilité génétique [14, 15] et les 

variants qui expliquent celle-ci peuvent servir comme nouveaux déterminants pour l'évaluation du 

risque de maladies chroniques. Les déterminants moléculaires de ces biomarqueurs pourraient 

également être utilisés à cette fin. Nous avons donc émis l'hypothèse que les déterminants de ces 

biomarqueurs pourraient être associés aux MCV, à la MA et à leurs phénotypes intermédiaires et 
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pourraient être d'une grande valeur pour la prédiction du risque de et la prévention précoce des 

maladies.  

 

Précisément, l'objectif de cette thèse était d'identifier les déterminants " -omiques " du VEGF-A et 

de la TL, d'étudier leurs relations avec les MCV et la MA et d'étudier leur utilité dans la prédiction 

du risque. En outre, afin de permettre la réplication, la généralisation et l'extension de nos résultats, 

l'accent a été mis sur la standardisation du processus analytique et la visualisation des ensembles 

de données qui ont été utilisés dans les projets de thèse. 

 

Quatre objectifs ont été évalués :  

Objectif 1 : Identifier les déterminants de la LTL et du VEGF-A dans la santé, les MCV et la MA 

Objectif 2 : Développer des modèles prédictifs en utilisant les déterminants identifiés ci-dessus 

Objectif 3 : Développer des algorithmes pour l'utilisation des modèles prédictifs précédemment 

développés 

Objectif 4 : Développer une application pour la présentation descriptive des populations et des 

analyses primaires 

 

 

Résultats 

 

Publication 1 

Telomere length determinants in childhood 

Gorenjak V, Petrelis AM, Stathopoulou MG, Visvikis-Siest S. 

Clin Chem Lab Med. 2020 Jan 28;58(2):162-177. 

Ma contribution spécifique à cette étude a été : Recherche bibliographique et participation à la 

rédaction du manuscrit 

 

Cet article de revue a pour but de présenter l'état actuel des connaissances sur la dynamique des 

télomères pendant l'enfance, y compris les facteurs qui affectent la TL pendant la vie embryonnaire 

et chez les nouveau-nés. 
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L'enfance est une période particulièrement importante pour la TL [33] qui détermine celle-ci tout 

au long de la vie et sa relation avec les maladies chroniques courantes. L'environnement peut jouer 

un rôle néfaste pendant la grossesse pour la TL des nouveau-nés [34-37]. Un domaine très défiant 

est la génétique de la TL dans l'enfance qui semble être régulée de manière différentielle par 

rapport aux adultes [38]. Nous soulignons l'utilité de la TL comme indice de santé et nous 

proposons sa quantification régulière qui pourrait avoir une importance clinique dès l'enfance. 

 

Cet article de revue a servi comme introduction à la thèse, se concentrant sur l'un des deux 

biomarqueurs d'intérêt et établissant la base de connaissances pour les publications originales sur 

les déterminants génétiques de la TL et ses liens avec les biomarqueurs des maladies chroniques. 

 

Publication 2 

Peripheral blood mononuclear cells extracts VEGF-A protein levels and VEGF-A mRNA: 

Associations with inflammatory molecules in a healthy population 

Gorenjak V*, Vance DR*, Petrelis AM, Stathopoulou MG, Dadé S, Shamieh SE, Murray H, 

Masson C, Lamont J, Fitzgerald P, Visvikis-Siest S.  

PLoS One. 2019 Aug 16;14(8):e0220902.  

* equal first authors  

Ma contribution spécifique à cette étude a été : Participation à l’analyse, à la rédaction et à la 

révision du manuscrit 

 

Objectif 

Cette étude a été réalisée afin d'évaluer les déterminants du VEGF-A dans les cellules 

mononucléaires du sang périphérique (PBMCs). Les PBMCs sont des cellules immunitaires qui 

comprennent des populations de cellules B (~15 %), de cellules T (~70 %), de monocytes (~5 %) 

et de cellules tueuses naturelles (NK) (~10 %) [39]. Elles sécrètent du VEGF-A et des molécules 

inflammatoires [40]. Les extraits de PBMCs sont un bon modèle pour étudier l'association du 

VEGF-A avec d'autres molécules inflammatoires. 

 

L'objectif spécifique de cette étude était d'examiner les associations de 11 molécules 

inflammatoires avec les taux d'ARNm de quatre isoformes du VEGF-A (VEGF-A165, VEGF-A189, 
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VEGF-A145 et VEGF-A121) et avec les taux de protéine du VEGF-A dans les PBMCs, dans une 

population saine, permettant ainsi d'identifier les déterminants physiologiques du VEGF-A. 

 

Populations et analyse 

Des participants de l'étude STANISLAS Family Study (SFS) (n=285) ont été inclus dans l'étude. 

Les taux d'interleukine (IL) 1α, IL-1β, IL-2, IL-4, IL-6, IL-8, IL-10, protéine chimioattractante 

monocytaire 1 (MCP-1), facteur de nécrose tumorale α (TNF-α), interféron γ (INF-γ), facteur de 

croissance épidermique (EGF) et VEGF-A ont été mesurés dans des extraits de PBMCs. Quatre 

isoformes d'ARNm du VEGF-A provenant de l'ARN total dérivé des PBMCs (VEGF-A121, VEGF-

A145, VEGF-A165 et VEGF-A189) ont été quantifiées chez 110 participants. 

 

Les taux de VEGF-A ont été transformés en logarithme pour normaliser la distribution des 

données. Les données avec des valeurs aberrantes ont été éliminées avant l'analyse de corrélation 

et de régression linéaire. Une analyse de corrélation non paramétrique (corrélation de Spearman) 

et des modèles de régression linéaire ont été appliqués, ajustés pour l'âge et le sexe, afin de tester 

les associations possibles entre les taux de protéine VEGF-A et les molécules inflammatoires. Des 

modèles mixtes ajustés pour la structure familiale ont également été appliqués pour corriger les 

éventuels biais de stratification dus à la ressemblance familiale. 

 

Résultats 

Des corrélations significatives ont été observées entre le VEGF-A et l'EGF, l'IL-1β, l'IL-8, le MCP-

1 et le TNF-α. Les taux de VEGF-A étaient significativement associés à l'IL-4, au MCP-1 et à 

l'EGF dans les modèles de régression linéaire ajustés pour l'âge et le sexe. 

Des corrélations significatives ont été observées entre le VEGF-A121 et l'IL-4, entre le VEGF-A165 

et l'IL-4, l'IL-6, et entre le VEGF-A189 et l'IFN-γ, l'IL-1β, l'IL-4, l'IL-6. 

 

Le VEGF-A165 était associé au MCP et à l'IL-1α, tandis que le VEGF-A189 était associé à l'IL-4 et 

à l'IL-6 dans les modèles de régression linéaire ajustés pour l'âge et le sexe. 

Les analyses des associations ont été répétées en utilisant des modèles mixtes ajustés pour la 

structure familiale, ce qui a donné les mêmes résultats. 
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Conclusions 

Ces travaux ont permis de mieux comprendre les liens entre les molécules inflammatoires et le 

VEGF-A, contribuant ainsi à accroître nos connaissances sur la régulation de l'angiogenèse. 

L’étude a révélé des associations significatives entre les taux de VEGF-A et ses isoformes 

d'ARNm avec IL-1α, IL-4, IL-6, EGF, et MCP1 dans les PBMCs d'individus sains. Ces résultats 

confirment le rôle important des cytokines et des facteurs de croissance dans la régulation du 

VEGF-A au niveau des extraits cellulaires des lymphocytes. Les interactions des isoformes 

spécifiques avec différentes molécules inflammatoires devraient être prises en compte dans les 

recherches sur les voies moléculaires et biologiques impliquant le VEGF-A, l'angiogenèse et le 

développement de maladies chroniques. Elles pourraient également être utiles pour la prédiction 

des maladies chroniques où l'inflammation et l'angiogenèse sont impliquées, comme les MCV, le 

cancer et la MA. 

 

 

Publication 3 

TERC variants associated with short leukocyte telomeres: implication of higher early life 

leukocyte telomere attrition as assessed by the blood-and-muscle model. 

Toupance S, Stathopoulou MGS, Petrelis AM, Gorenjak V, Labat C, Lai TP, Visvikis-Siest S, 

Benetos A.  

Cells. 2020 May 9(6), 1360 

Ma contribution spécifique à cette étude a été : Participation aux analyses, à la préparation et à la 

révision du manuscrit 

 

Objectif 

La LT a un contenu génétique important et de multiples études GWAS ont identifié des variants 

fortement associés à la LTL [41]. Comme les leucocytes sont un tissu hautement prolifératif, la 

LTL représente la TL à un moment donné de la vie, tandis que la TL dans les tissus peu 

prolifératifs, comme la longueur des télomères des muscles squelettiques (MTL), représente une 

estimation de la TL au début de la vie. En outre, le rapport LTL/MTL représente une estimation 

de l'attrition de la LT tout au long de la vie. Le contexte génétique de ces deux indices de TL n'a 

pas été étudié auparavant. Par conséquent, cette étude visait à évaluer les associations entre les 
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gènes candidats pour la LTL et la MTL et le ratio LTL/MTL dans une population cas-témoin de 

maladie cardiovasculaire athérosclérotique (ASCVD). 

 

Population et analyse 

La population fait partie de la cohorte TELARTA (Telomere in Arterial Aging) et se composait 

d'une cohorte de découverte de 259 individus avec (n=131) ou sans (n=128) manifestation clinique 

de MCV athérosclérotique, d'une cohorte de réplication indépendante de 91 individus, recrutés 

dans les mêmes conditions et de 52 individus provenant d'une population grecque indépendante 

[42]. Au total, 402 individus ont été inclus et ont été génotypés pour quinze polymorphismes 

(rs11125529, rs6772228, rs12696304, rs10936599, rs7675998, rs7726159, rs2736100, rs9419958, 

rs9420907, rs4387287, rs3027234, rs8105767, rs412658, rs6028466 et rs755017), dont on a 

observé précédemment qu'ils étaient associés à la LTL dans plusieurs études GWAS [43]. Les 

mesures de la TL ont été effectuées par analyse de Southern plot des fragments de restriction 

terminaux, comme décrit précédemment [44].  

 

Les effets directs des variants sur la LTL, la MTL et le LTL/MTL ont été testés à l'aide du logiciel 

PLINK dans l’hypothèse d’un modèle génétique additif. Les interactions épistatiques ont été 

testées à l'aide de PLINK et du package R CAPE. 

 

Résultats 

Deux polymorphismes liés au LTL (rs12696304 et rs10936599), situés sur le gène TERC 

(composant ARN de la télomérase), étaient associés au ratio LTL/MTL (p = 0.007 et p = 0.037, 

respectivement) mais pas au MTL (p = 0.78 et p = 0.32, respectivement). Les allèles associés à un 

LTL plus court étaient associés à un ratio LTL/MTL plus faible, signalant ainsi une attrition LTL 

plus élevée. Aucune interaction épistatique significative n'a été identifiée. 

 

Conclusions 

Nous avons démontré que les variants rs12696304 et rs10936599, qui étaient précédemment 

associés à un LTL court, n'affectent pas le TL à la naissance (estimé par le MTL), mais sont 

associés à une attrition plus élevée des télomères (estimée par le LTL/MTL) au cours de la vie. 

Ainsi, les polymorphismes situés sur les gènes codant pour les protéines de maintien des télomères 
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peuvent contribuer à une attrition plus élevée des TL et pourraient avoir un impact sur le 

développement de maladies chroniques comme les ASCVD. Par conséquent, cette étude propose 

de nouvelles perspectives dans l'association entre le LTL court et les ASCVD et les variants 

identifiés pourraient être testés pour leur valeur prédictive dans le développement de 

l'athérosclérose. 

 

 

Publication 4 

 

A genetic determinant of VEGF-A levels is associated with telomere attrition 

Gorenjak V *, Petrelis AM*, Stathopoulou MG**, Toupance S**, Labat C, Masson C, Murray 

H, Lamont J, Fitzgerald P, Benetos A***, Visvikis-Siest S***.  

Aging (Albany NY). 2021 Oct 18;13(20):23517-23526 

*premiers auteurs égaux, **deuxièmes auteurs égaux, ***derniers auteurs égaux 

Ma contribution spécifique dans cette étude a été : Participation à la conception de l'idée de 

recherche, soutient à la rédaction du manuscrit, à la conception et à la réalisation des analyses, à 

l’interprétation des résultats, et à la révision du manuscrit. 

 

Objectif 

Le VEGF-A et le TL sont des biomarqueurs qui sont impliqués dans les voies pathophysiologiques 

des maladies chroniques, notamment l'inflammation et l'angiogenèse. Ils ont tous les deux un fort 

caractère héréditaire [13, 45] et une variabilité interindividuelle significative [46, 47]. Ainsi, 

l'identification de déterminants génétiques communs pour ces deux biomarqueurs pourrait faciliter 

leur utilisation dans la prédiction personnalisée des maladies chroniques. Cette étude visait à 

élargir les connaissances sur les voies communes qui régulent ces deux biomarqueurs en étudiant 

les associations génétiques entre le VEGF-A et la TL.  

 

Population et analyse 

La population de l'étude précédente (Publication 3) a été utilisée dans cette étude. Elle faisait partie 

de la cohorte TELARTA et était composée d'une cohorte de découverte de 259 individus avec 

(n=131) ou sans (n=128) manifestation clinique de MCV athérosclérotique, d'une cohorte de 

réplication indépendante de 91 individus, recrutés dans les mêmes conditions et de 52 individus 
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provenant d'une population grecque indépendante [42]. Au total, 402 individus ont été inclus et 

ont été génotypés pour dix polymorphismes liés au VEGF-A : rs10761741, rs10738760, 

rs6921438, rs7043199, rs6993770, rs4416670, rs114694170, rs34528081, rs4782371 et 

rs2639990. 

 

La protéine VEGF-A a été mesurée dans des échantillons de plasma, en utilisant le Cytokine Array 

I sur un immunoanalyseur semi-automatique de Randox (Evidence Investigator Analyzer, Randox 

Laboratories Ltd., Crumlin, Royaume-Uni) et le dosage de TL a été effectué par l’analyse de 

Southern plot des fragments de restriction terminaux, comme décrit précédemment [44]. 

Les effets directs des variants génétiques liés au VEGF-A sur trois phénotypes d'intérêt (LTL, 

MTL et LTL/MTL) ont été testés à l'aide de modèles de régression linéaire ajustés pour l'âge et le 

sexe avec le logiciel PLINK et les interactions épistatiques ont été testées à l'aide de PLINK et du 

package R CAPE. 

 

Résultats 

Nous n'avons trouvé aucune association significative entre les variants liés au VEGF-A et les LTL 

et MTL. Cependant, l'allèle mineur T du polymorphisme rs6993770 était significativement associé 

à une augmentation du ratio LTL/MTL (P=0.001143, β=0.0148, SE=0.004516). Aucune 

interaction épistatique significative n'a été identifiée. 

De même, il n'y avait pas d'association significative entre les concentrations plasmatiques de 

VEGF-A et les phénotypes de TL étudiés. 

 

Conclusion 

C’est la première étude sur les associations entre les variants génétiques liés au VEGF-A et la LTL, 

la MTL et l'attrition télomérique. Une association significative entre rs6993770 et l'attrition 

télomérique a été trouvée. 

Le rs6993770 est situé dans la région intronique du gène ZFPM2 (zinc finger protein, FOG family 

member 2). L'allèle mineur T de ce polymorphisme a été précédemment associé à une diminution 

des taux de VEGF-A [14] et également aux taux de HDL [12], la numération érythrocytaire, les 

taux d'IL-12 et les plaquettes [48]. Cette étude a démontré que l'allèle T avait un rôle protecteur 

dans l'attrition des télomères. Cette association pourrait s'expliquer par la modification de 
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l'expression des protéines GATA, ce qui pourrait avoir un impact direct sur l'hématopoïèse et la 

production de plaquettes. Le rs6993770 pourrait affecter l'activité du gène ZFPM2, qui affecte la 

régulation de l'hématopoïèse par les protéines GATA. L'allèle à risque A pourrait entraîner une 

augmentation de l'hématopoïèse, donc un renouvellement cellulaire plus important et une attrition 

plus rapide des télomères [49].  

 

L'absence d'association entre les taux plasmatiques de VEGF-A et la LTL, la MTL ou l'attrition 

des télomères permet de conclure que l'effet du rs6993770 sur l'attrition des télomères n'est pas 

directement lié aux taux de VEGF-A et est probablement médié par d'autres mécanismes, tels que 

l'augmentation de l'hématopoïèse que nous proposons ici. Les rapports scientifiques précédents sur 

l'association entre la LTL et les niveaux de VEGF-A ont rapporté des résultats incohérents, donc 

d'autres études sont nécessaires pour étudier pleinement l'association de ces biomarqueurs. 

 

En conclusion, le polymorphisme rs6993770 pourrait être un marqueur important dans le 

développement d'outils de prédiction pour les maladies chroniques où la TL et le VEGF-A sont 

tous les deux impliqués, comme les MCV. 

 

 

Publication 5 

VEGF-A related genetic variants protect against Alzheimer’s disease 

Petrelis AM, Stathopoulou MG, Kafyra M, Murray H, Masson C, Lamont J, Fitzgerald P, 

Dedoussis G, Yen FT, Visvikis-Siest S.  

En cours de révision à Aging 

Ma contribution spécifique à cette étude a été : Participation à l’élaboration de l'étude, conception 

et réalisation des analyses, participation à l’interprétation des données et rédaction de la première 

version du manuscrit. 

 

Objectif 

La MA à apparition tardive est une maladie multifactorielle avec un fort contenu génétique. 

Cependant, l'utilisation des polymorphismes génétiques identifiés dans les études GWAS dans la 

modélisation de la prédiction de la maladie est très limitée. Cette constatation est commune à la 

plupart des maladies chroniques et s'explique par le fait que la majorité des polymorphismes 
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identifiés n'expliquent qu'un faible risque relatif et une petite proportion de la contribution 

génétique sous-jacente. La capacité prédictive des modèles peut être améliorée par l'inclusion de 

variants fonctionnels, l'incorporation d'effets épistatiques et la combinaison avec des biomarqueurs 

non-génétiques [50]. Dans cette étude, nous avons cherché à développer un modèle de prédiction 

du risque de la maladie d'Alzheimer en utilisant une méthodologie d'apprentissage automatique 

dans une population cas-témoins de la MA, qui combinerait des nouveaux gènes candidats pour la 

MA et leurs interactions épistatiques avec les polymorphismes fonctionnels connus des gènes 

APOE et LSR.  

 

Population et analyse 

Cette étude a porté sur une population cas-témoins de la MA à apparition tardive, composée de 

1078 personnes non-apparentées d'origine européenne (602 témoins et 476 cas). Le recrutement et 

la collecte des données de cette population ont été décrits précédemment [25]. Les données de 

génotypage étaient disponibles dans un sous-échantillon de la population. La taille finale de 

l'échantillon après contrôle de qualité pour le génotypage et les valeurs aberrantes était de 323 (180 

témoins et 143 cas). 

 

Deux polymorphismes du gène LSR (rs34259399 et rs916147) précédemment identifiés comme 

gènes candidats pour la MA ont été génotypés, ainsi que les 10 polymorphismes liés au VEGF-A 

(rs6921438, rs7043199, rs6993770, rs2375981, rs34528081, rs4782371, rs2639990, rs10761741, 

rs114694170, rs1740073) et les variants APOE rs429358 (Cys112Arg) et rs7412 (Arg158Cys). 

Nous avons appliqué une méthode d'apprentissage automatique appelée Elastic Net (EN) [51] 

visant à identifier les prédicteurs les plus forts du risque de MA en combinant toutes les données 

de génotypage ainsi que l'âge et le sexe. Cette méthode a déjà été utilisée pour prédire le risque de 

la MA à partir de facteurs cliniques, de l'imagerie et des données "-omiques" [52-54] mais pas 

pour étudier l'effet des gènes candidats comme facteurs prédictifs. 

 

L'outil QIAGEN Ingenuity Pathway Analysis (IPA) a été utilisé pour identifier les liens de 

causalité et les relations entre les gènes significatifs identifiés pour prédire le risque de MA.  
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Résultats 

Après avoir appliqué EN aux données, nous avons développé un modèle prédictif du risque de MA 

avec une précision de 72% (intervalle de confiance CI= (0.6, 0.8) pour 95%). La précision ci-

dessus a été calculée dans le cadre d'un modèle dont la valeur P est de 0.008922. L'aire sous la 

courbe (AUC) du modèle est de 81 %, ce qui indique la détection de vrais positifs (vrais cas prédits 

comme des cas) par rapport aux faux positifs (vrais contrôles prédits comme des cas). 

 

La présence de 2 allèles ε4 (homozygotes ε4/ε4) et l'âge était liée à une augmentation du risque de 

MA, comme attendu, tandis que l'absence d'allèles ε4 était lié à une diminution du risque. Deux 

interactions précédemment [55] identifiées entre les polymorphismes APOE et LSR sont également 

incluses dans le modèle. 

 

Le modèle comprenait cinq interactions épistatiques entre les variants liés au VEGF-A, une 

interaction APOE*LSR (rs34259399) et une interaction APOE*polymorphisme lié au VEGF-A 

(rs6993770) associées à une diminution du risque de MA. L'interaction rs7043199*rs6993770 a 

présenté le coefficient le plus élevé, il s'agit donc du facteur prédictif le plus fort du modèle, avec 

un rôle protecteur contre la MA supérieur à celui de l'absence de l'allèle ε4 APOE, suivi par 

l'absence de l'allèle ε4 APOE et l'interaction rs2375981*rs34528081. 

 

Les gènes identifiés dans le modèle, VLDLR-AS1, APOE, KCNV2, ZADH2, C6orf223, LSR, 

ZFPM2, et VEGF-A, ont été analysés dans l'outil IPA qui a montré que ces gènes étaient 

couramment impliqués dans différentes maladies, dont les MCV, les maladies ophtalmiques, les 

lésions et anomalies de l'organisme, les maladies neurologiques et le cancer figurant dans les cinq 

premières positions. 

 

Conclusion 

Cette étude a identifié de nouvelles interactions épistatiques entre les polymorphismes liés au 

VEGF-A et les variants de l'APOE et du LSR qui permettent de prédire le risque de la MA. La 

précision du modèle de prédiction est de 72 % et est comparable à celle d'autres outils [56-58]. Il 

s'agit d'une précision très élevée pour un modèle qui utilise principalement des facteurs génétiques, 

car d'autres études ont montré que l'ajout de variables génétiques entraîne généralement une faible 
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amélioration de la prédiction des modèles de variables classiques [59]. Une analyse récente de 61 

articles décrivant des modèles de risque de démence a montré que la plupart d'entre eux avaient 

une capacité de prédiction modérée à élevée (AUC>0.70). La valeur la plus élevée de l'AUC était 

de 0.932 [60] et notre AUC était de 81 %. Ainsi, ce modèle peut être très utile et pourrait être testé 

sur de grandes populations. Les résultats fournissent également de nouvelles informations sur les 

mécanismes moléculaires impliqués dans le développement de la MA qui pourraient avoir un 

impact en tant que biomarqueurs et/ou cibles thérapeutiques pour cette maladie. Nous proposons 

deux interactions épistatiques (rs7043199*rs6993770 et rs2375981*rs34528081) entre les 

polymorphismes liés au VEGF-A comme facteurs de protection contre la MA. Nos résultats 

confirment l'hypothèse selon laquelle les déterminants génétiques des biomarqueurs sélectionnés 

(VEGF-A, LSR et APOE) peuvent agir comme des liens communs entre les maladies chroniques 

les plus importantes tels que les MCV, le cancer et les maladies neurologiques comme la MA et 

peuvent jouer un rôle important dans la prédiction de ces maladies chroniques.  

 

 

Publication 6  

Development of an automated analysis pipeline for diseases risk prediction models and an 

application for populations data visualisation.  

Petrelis AM, …., Visvikis-Siest S.  

En préparation 

Ma contribution spécifique à cette étude a été : Participation à l’élaboration de l’étude, conception 

et réalisation des analyses, participation à l’interprétation des données, rédaction de la première 

version du manuscrit. 

 

Introduction 

La prédiction de risque de maladies chroniques est un objectif important pour permettre la 

prévention précoce des maladies et leur gestion efficace [61]. Le développement des modèles de 

prédiction de risque et d’algorithmes facilite cette tâche et ces modèles peuvent être des outils 

essentiels pour les décisions médicales [62]. Au cours des dernières décennies, les progrès de la 

génétique humaine et de la génomique permettent également la personnalisation des modèles de 

prédiction des risques avec l’inclusion de variables génétiques ainsi que des données cliniques 
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dans le cadre du concept de la médecine génomique [63]. Ces modèles peuvent aider les cliniciens 

à prendre des décisions médicales et préventives bien informées et à personnaliser et adapter les 

traitements [64], mais ils doivent être compréhensibles et faciles à utiliser afin d’être applicables 

dans la pratique clinique.   

 

Une amélioration majeure dans le développement des modèles de prédiction de risque est 

l'application de l'intelligence artificielle (IA), en particulier des méthodologies d’apprentissage 

automatique (AA), car elles comprennent un pouvoir évolutif pour personnaliser la prédiction de 

risque avec de multiples avantages [65, 66]. 

 

De plus, la quantité croissante de données utilisées dans la médecine personnalisée et en particulier 

les études génétiques et génomiques, nécessite la mise en œuvre la visualisation des données et 

l’application des méthodes AA [67]. La visualisation interactive des données peut conduire à une 

interprétation réussie des données en abordant les connaissances connues et en identifiant de 

nouvelles connaissances grâce à la formation de nouvelles hypothèses et permettre en outre une 

communication large des découvertes [68, 69]. Les outils de visualisation doivent être simples à 

utiliser, gérer de grandes quantités de données et fournir des images très complètes et de haute 

qualité pour une meilleure communication [70].  

 

Objectif 

Deux outils ont été créés : 

1. Un pipeline automatisé pour les analyses pour le développement d'algorithmes de 

prédiction de risque de maladies. 

2. Une application pour la visualisation des données des populations 

 

Le pipeline automatisé qui a été développé sur la base de la méthodologie utilisée pour la création 

du modèle de prédiction du risque de la AD décrit précédemment avait un double objectif : 

1. Faciliter les analyses pour le développement de nouveaux modèles de prédiction dans de 

nouvelles populations avec des variables identiques ou différentes et pour différentes maladies  

2. Permettre l'application rapide des modèles prédictifs chez de nouveaux individus afin de 

définir leur risque pour des maladies chroniques 
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Le premier objectif conduit à la conception d'un algorithme automatisé d'analyses standardisées 

pour les chercheurs, qui veulent développer de nouveaux modèles de prédiction pour les maladies 

en utilisant la méthodologie « EN-Net ». Le deuxième objectif est attendu de transformer le 

modèle de prédiction en un outil essentiel pour la prédiction du risque de maladies des nouveaux 

patients par les chercheurs et les prestataires de santé. 

 

Le but de l'application de visualisation est de permettre une visualisation rapide des 

caractéristiques des différentes populations et des analyses préliminaires qui peuvent faciliter le 

développement de nouvelles hypothèses et études. 

 

Population et analyse  

Pour le développement du pipeline automatisé, la population de cas-témoins AD a été utilisée et 

les étapes de l'analyse pour le développement du modèle de prédiction de la publication 5 ont été 

standardisées et combinées dans une interface utilisant le paquet R Shiny du logiciel R. 

L'algorithme d'analyse comprend les étapes suivantes : 

1. Importation des données 

 2. Contrôle de qualité  

3. Analyse EN 

 

L'application de visualisation a été développée à l'aide de Microsoft Power BI. Power BI permet 

la connexion de différents bases de données, la visualisation et/ou la découverte de données et le 

partage de données [71]. 

 

Il peut être installé sur n'importe quel bureau tandis que son utilisation est très simple grâce à son 

format qui permet aux utilisateurs non spécialisés, comme les chercheurs et le personnel médical, 

de profiter de ses services. La population des publications 3 et 4 a été utilisée pour présenter 

l'interface. 

 

Résultats 

L'algorithme a été réalisé en langage R. Le script R de cet algorithme nécessite l'installation de R 

et du studio R. Ensuite, tous les packages requis seront automatiquement installés. 
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Les scripts ont été integrés dans une interface qui a été développée avec le paquet R Shiny, nommé 

RSGEN (R Shiny Genetic Elastic Net). Cette interface permet l'automatisation du modèle de 

prédiction identifié pour AD et un pipeline standardisé avec les étapes nécessaires au 

développement de nouveaux modèles de prédiction pour toute condition binaire. 

 

Tous les scripts nécessaires de l'interface ont été combinés dans un seul fichier de script appelé 

app.R. 

App.R a trois composants : 

 Un objet d’interface utilisateur (ui72.R) 

 Une fonction serveur (serv72.R) 

 Un appel à la fonction shinyApp 

L'objet interface utilisateur (ui) contrôle la mise en page et l'apparence de l'application. La fonction 

serveur contient les instructions dont l'ordinateur a besoin pour construire l'application. Enfin, la 

fonction shinyApp crée des objets d'application Shiny à partir d'une paire ui/serveur explicite.  

Les scripts détaillés pour le développement de l'interface sont présentés en annexe.  

 

L'utilisateur doit avoir R et le R Studio installés sur son ordinateur et en ouvrant le fichier app.R 

et en exécutant les commandes, l'interface apparaît automatiquement. Le premier tableau de bord 

de l'interface RSGEN permet l'importation des données et la sélection de valeurs personnalisées 

pour les paramètres de contrôle qualité qui ont été pris en compte dans les analyses du modèle de 

prédiction du risque de l’AD : Hardy Weinberg p-value, pourcentage de données manquantes par 

individu, pourcentage de génotypes manquants par individu et pourcentage de valeurs manquantes 

par variable. En outre, il permet la sélection du pourcentage pour la partition de la population pour 

la création aléatoire du test et former des bases de données pour l'algorithme d'apprentissage EN. 

Il présente un résumé de toutes les variables : catégorielles, numériques et génétiques. C'est l'onglet 

où la variable à prédire est spécifiée, par ex. Cas AD ou témoin. Le deuxième tableau de bord 

présente l'ensemble de données qui a été téléchargé. Le troisième tableau de bord génère des 

données descriptives pour l'ensemble de données. Le quatrième tableau de bord présente les 

pourcentages des valeurs manquantes et l'investigation d'un modèle potentiel de valeurs 

manquantes. Le cinquième tableau de bord présente un contrôle de qualité génétique en résumant 

les tests HW. Le sixième tableau de bord présente les caractéristiques descriptives des données 
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génétiques. Le septième tableau de bord présente les caractéristiques descriptives des métriques 

continues. Le huitième tableau de bord présente les caractéristiques descriptives des métriques 

catégorielles. Le neuvième tableau de bord présente un tableau des coefficients du modèle 

prédictif. Le dixième tableau de bord présente un tableau des résultats et des caractéristiques du 

modèle prédictif et une visualisation graphique des résultats du modèle prédictif. Le onzième 

tableau de bord présente le rapport de des résultats de tous les tableaux de bord. Ils seront 

automatiquement extraits et sauvegardés dans un format doc sur le dossier où les scripts sont 

stockés. Le douzième tableau de bord présente une application pour la prédiction de nouveaux 

individus basée sur les coefficients qui ont été trouvés à partir du modèle de prédiction. Un fichier 

d'entrée avec les données demandées de la nouvelle population sera téléchargé et les prédictions 

sont immédiatement présentées.  

 

L’application de visualisation nommé PMI (Power Medical Intelligence) se compose de différents 

tableaux de bord qui ont été créés pour donner un aperçu des données des populations, la 

description des caractéristiques des populations et des variants génotypés et d'effectuer des étapes 

analytiques initiales comprenant le contrôle de la normalité des distributions de variables et des 

analyses de corrélation. Les scripts détaillés sont présentés en annexe. 

 

Le premier tableau de bord présente quelques principales caractéristiques descriptives projetées 

sur une carte du monde. Le deuxième tableau de bord présente les bases de données téléchargées 

et permet la sélection de chacune d'elles. L'interface peut être utilisée pour plusieurs bases de 

données. 

 

Le tableau de bord suivant s'ouvre après la sélection d'une base de données et comprend un module 

de sélection à gauche de l'écran et le module de visualisation avec les tracés relatifs à droite de 

l'écran. Les modules de sélection incluent la description des populations et des cas-témoins 

séparément pour les populations cas-témoins. Ensuite, il y a un module de test de normalité pour 

toutes les variables continues (numériques) et des modules pour les variables-clés, les 

caractéristiques descriptives des SNPs et enfin un module d'analyses de corrélation pour toutes les 

variables-clés. 
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Conclusion 

Deux outils ont été développés pour la construction de modèles de prédiction des risques de 

maladies en utilisant la méthodologie AA et la visualisation des données de populations. Ces outils 

ne s'adressent pas nécessairement à des analystes spécialisés mais à tous les chercheurs de 

différents domaines et cliniciens ayant des compétences analytiques limitées, en raison de leur 

automatisation complète. On s'attend à ce qu'ils soient utilisés pour l'application de la 

personnalisation dans la prédiction des risques de maladies et la promotion de la médecine 

personnalisée. 

 

 

Discussion générale 

Dans cette thèse, nous nous sommes concentrés sur deux biomarqueurs-clés, le VEGF-A et la TL, 

qui sont impliqués dans de nombreuses maladies chroniques, y compris les MCV et la MA, et nous 

avons cherché à étudier profondément leur implication dans la variabilité des phénotypes 

intermédiaires et des conditions qui mènent à ces pathologies. Nous avons identifié de nouveaux 

déterminants du VEGF-A et du TL, révélé des liens entre ces molécules et des conditions telles 

que l'inflammation et l'attrition de la TL qui sont impliquées dans les MCV et la MA. En outre, 

nous avons démontré leur valeur dans la prédiction du risque de maladie. Nous avons utilisé 

différentes approches, en commençant par les gènes candidats pour étudier les effets directs et les 

interactions épistatiques entre les polymorphismes et la méthodologie d'apprentissage automatique 

pour développer un algorithme de prédiction personnalisé de la MA basé sur les variants 

génétiques. Nos résultats proposent de nouveaux mécanismes qui relient ces deux biomarqueurs 

aux maladies chroniques et fournissent des outils originaux pour la personnalisation de la 

prédiction du risque.  

 

Plus précisément, nous avons démontré : 

1. Par une revue des connaissances actuelles sur la dynamique de la longueur des télomères 

dans l'enfance, que la LT doit être utilisée comme un indice de santé régulièrement mesuré 

tout au long de la vie, en commençant par l'enfance. 

2. Des associations entre les taux de VEGF-A et les taux d'IL-4, MCP-1 et EGF dans les extraits 

de PBMCs et également des associations entre les niveaux de l’ARNm VEGF-A165 avec 
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MCP-1 et IL-1α et entre les taux de VEGF-A189 et IL-4 et IL-6 en condition saine. 

3. Des associations entre les variants génétiques liés aux LTL et l'attrition des télomères dans 

une population cas-témoins atteinte d'athérosclérose. 

4. Des associations entre le variant rs6993770 lié au VEGF-A et l'attrition télomérique dans la 

même population. 

5. Des interactions épistatiques entre les variants liés au VEGF-A, les polymorphismes de 

l'APOE et du LSR et la MA dans une population cas-témoins, en particulier les interactions 

prédictives protectrices rs7043199*rs6993770 et rs2375981*rs34528081 et un modèle de 

prédiction du risque génétique d'une précision satisfaisante. 

6. Par le développement d'un algorithme, la standardisation et l’automation des analyses pour 

le développement des modèles de prédiction du risque des maladies.  

7. Par le développement d'une application, la visualisation des données des populations et la 

réalisation des analyses préliminaires.  

 

Une représentation synthétique de tous nos résultats est présentée dans la Figure synthétique 

suivante. 

 

 

       Figure synthétique. Représentation synthétique des résultats 
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Plus précisément, dans notre publication de revue (publication 1), nous avons présenté la 

dynamique de la TL dans l'enfance et proposé la TL comme un indice de santé. Dans la première 

publication originale (publication 2), nous avons montré des liens spécifiques entre l'inflammation, 

une condition connue pour être impliquée dans les MCV [72, 73] et de la MA [74], et le VEGF-A 

et l'attrition des télomères [32]. Nous avons utilisé les taux de protéines et les isoformes 

d'expression génique du VEGF-A dans les PBMCs, un type de cellules qui sécrètent les molécules 

de l'inflammation et jouent un rôle essentiel dans l'inflammation chronique. Les taux de l'anti-

inflammatoire IL-4 et des molécules de croissance MCP-1 et EGF sont associés à une 

augmentation des taux de VEGF-A, tandis que l'expression de l'isoforme de l'ARNm pro-

angiogénique du VEGF-A le plus abondant, le VEGF-A165, est régulée par MCP-1 et EGF. 

L'expression du VEGF-A189 est régulée par l’anti-inflammatoire IL-4 et la pro-inflammatoire IL-

6. Ainsi, nous avons identifié des molécules d'inflammation spécifiques comme déterminants du 

VEGF-A. Dans la deuxième publication originale (publication 3), nous avons montré que deux 

variants de TERC, un composant de la télomérase connu pour diminuer la LTL, sont également 

des déterminants d'une attrition accélérée des télomères, qui est liée à l'athérosclérose [75], aux 

MCV mais aussi à la MA [76, 77]. Un autre déterminant de l'attrition des télomères identifié dans 

notre troisième publication originale (publication 4) est le variant rs6993770, qui est un 

déterminant des taux de VEGF-A. Ce variant est associé à une diminution de l'attrition des 

télomères, probablement par une modification de l'hématopoïèse, et pourrait donc être un facteur 

protecteur de l'athérosclérose et des MCV mais aussi de la MA comme l'a montré notre quatrième 

publication originale (publication 5). Dans ce travail, nous avons démontré plusieurs interactions 

épistatiques entre les variants liés au VEGF-A et les gènes APOE et LSR, des gènes candidats 

connus pour les MCV et la MA, qui agissent comme des déterminants de protection ou de risque 

de la MA. Parmi elles, l'interaction la plus forte est la rs6993770* rs7043199, qui a un rôle 

protecteur contre la MA encore plus élevé que celui de l'absence de l'allèle ε4 APOE, et le 

rs2375981*rs34528081 avec un effet similaire à l'absence de l'allèle ε4 APOE. Il convient de noter 

que l'EA_1122 ; IGE-PCV a été parmi les premiers à identifier l'allèle 4 du gène APOE comme le 

facteur de risque génétique le plus fort pour la MA [78, 79] et nous proposons actuellement les 

interactions rs7043199*rs6993770 et rs2375981*rs34528081 comme étant de puissants facteurs 

de protection contre la MA. La première interaction implique le rs6993770, dont nous avons 

montré précédemment qu'il est également un déterminant du VEGF-A et de l'attrition des 
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télomères. Il s'agit donc d'un variant-clé dans nos recherches reliant ces deux biomarqueurs aux 

deux maladies chroniques étudiées. L'ApoE et le LSR sont impliqués dans le métabolisme des 

lipides et sont donc liés aux MCV, mais aussi à la MA [80] et nos résultats confirment ces liens. 

Dans la même publication, les gènes des variants impliqués dans le modèle de prédiction du risque 

identifié, se retrouvent couramment dans des maladies comme les MCV, les maladies 

neurologiques et le cancer. Ils participent à un réseau avec d'autres molécules et modulateurs qui 

méritent d'être étudiés pour être utilisés comme déterminants potentiels du risque des MCV et de 

la MA. En outre, un modèle de prédiction du risque de la MA a été proposé. Il comprend 

principalement des variants génétiques et leurs interactions et constitue donc un outil personnalisé, 

développé par une méthodologie d'apprentissage automatique. Un algorithme a été développé pour 

l'automatisation et la standardisation des analyses requises pour le développement d'outils de 

prédiction du risque par la méthodologie d'apprentissage automatique EN par le biais d'une 

interface automatisée appelée RSGEN (publication 6). Enfin, une application appelée PMI a été 

développée en Microsoft Power BI pour la visualisation des caractéristiques des populations et des 

données disponibles et la réalisation d'analyses préliminaires (publication 6)  

 

Conclusion 

En conclusion, cette thèse propose plusieurs déterminants du VEGF-A et de la TL qui sont liés par 

des mécanismes connus et nouveaux aux MCV et à la MA : IL-4, IL-6, MCP-1, EGF, IL-1α, 

variants de TERG, variants liés au VEGF-A, notamment le rs6993770, polymorphismes d’APOE 

et de LSR. Certains d'entre eux ont été utilisés avec succès pour développer un modèle de prédiction 

du risque de MA avec une précision satisfaisante. Il s'agit d'un modèle original qui inclut 

principalement des variants génétiques et leurs interactions pour prédire le risque de MA, ce qui 

en fait un outil hautement personnalisé. Il souligne également l'importance de l'étude de l'épistasie 

entre les variants génétiques, qui pourrait mieux rendre compte de la variabilité génétique des 

maladies multifactorielles et fournir une méthodologie puissante pour la prédiction du risque de 

maladies. Il est développé par le biais d'une méthodologie d'apprentissage automatique, qui est très 

puissante pour le développement de modèles de prédiction du risque, libre de restrictions 

méthodologiques des méthodes statistiques classiques et est actuellement la méthodologie de choix 

en médecine personnalisée. De plus, nous avons développé deux outils informatiques et 
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statistiques qui ont servi cette thèse : une application pour l'analyse descriptive des données des 

populations et un algorithme pour la modélisation du risque des maladies par la méthodologie EN. 

Ces outils peuvent être utilisés dans d'autres populations afin de permettre la visualisation et 

l'analyse de données similaires, de faciliter la validation et la réplication de nos résultats et de 

contribuer au développement de modèles personnalisés robustes pour la prédiction du risque des 

maladies chroniques. 

 

Perspectives 

La prochaine étape la plus importante est la validation de nos résultats dans des populations plus 

grandes, puis la combinaison des résultats afin de développer des outils de prédiction du risque 

étendus dans des populations où la disponibilité des déterminants identifiés et des données relatifs 

est assurée. Ces outils personnalisés de prédiction du risque devraient être testés dans de grandes 

cohortes cas-témoins et prospectives de patients atteints de MCV et de MA et comparés aux outils 

de prédiction existants afin de démontrer leur valeur ajoutée en termes d'utilité et de rentabilité. Ils 

devraient également être testés dans des populations d'origine différente afin de généraliser leur 

utilisation. 

 

Ces ressources pourraient être trouvées dans les cadres du consortium VEGF (consortium 

"Vascular endothelial growth factor European Genomic Federation"-

www.santoriniconference.org), qui a été créé en 2015 et coordonné par l'EA_1122 ; IGE-PCV. Il 

comprend 20 partenaires internationaux qui s'intéressent au VEGF-A, à la médecine personnalisée 

et qui ont d'accès à des populations importantes disposantes d'une grande quantité de données "-

omiques" [19]. En outre, des ressources importantes peuvent également être trouvées dans les 

collaborations de l'EA_1122; IGE-PCV dans le cadre de la Conférence de Santorini 

(www.santoriniconference.org), qui est organisée par l'équipe [81].  

 

Une contribution significative de cette thèse est le développement d'une application pour la 

visualisation et l'analyse descriptive des données des populations et un algorithme pour 

l'élaboration du modèle de prédiction du risque. L'application peut être facilement alimentée avec 

les nouvelles populations et peut permettre une visualisation rapide des caractéristiques spécifiques 

de chaque cohorte basée sur l'analyse descriptive et les graphiques associés et la sélection 



44 

 

d'individus selon des critères précis. Un contrôle de qualité rapide et l'exclusion d'individus et de 

variants sur la base de critères d'exclusion sont également effectués par l'application et les 

populations sélectionnées peuvent être extraites vers des bases de données. Ces bases de données 

peuvent ensuite être utilisées pour l'application de l'algorithme d'analyse. Cet algorithme applique 

la méthode du EN pour fournir le modèle de prédiction le plus précis en fonction des déterminants 

de chaque population. Ainsi, ces deux outils, associés à la disponibilité de grandes populations qui 

peuvent être fournies par le réseau scientifique de l'EA_1122 ; IGE-PCV, peuvent garantir que les 

perspectives ambitieuses de ce travail peuvent être réalisées et que des modèles de prédiction du 

risque personnalisés, validés et reproduits, basés sur les déterminants du risque identifiés dans cette 

thèse, seront produits et utilisés par les professionnels de la santé.  
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Foreword 

 

Chronic diseases represent today one of the biggest challenges for human health and well-being. 

For these multifactorial diseases that have also a polygenic heritable background, personalised 

medicine (PM) has been proposed as a promising strategy against them. Furthermore, early 

prediction constitutes a major goal as it allows earlier interventions for prevention and/or therapy 

and thus slow development of the disease and better prognosis.  

 

Traditionally, risk prediction tools have been developed for some chronic diseases, including 

cardiovascular diseases (CVD), which are based on clinical and lifestyle risk factors. The 

involvement of “-omics” variables in these tools has been limited and their value in increasing the 

accuracy of the model has been discouraging. Therefore, these tools remain highly non-tailored to 

the individual and for this reason a significant amount of diseases risk is still not predictable.  

The reason that the application of “-omics” has been limited even though the advances in genetics 

and genomics of chronic diseases are important is because a large part of the heritability of the 

chronic diseases is still unknown. 

 

The EA_1122; IGE-PCV research unit has a very long experience in the study of genetic 

epidemiology of chronic diseases, especially CVD and Alzheimer’s disease (AD). Concerning the 

issue of missing heritability, the unit has proposed and mastered several approaches: the parallel 

use of genome-wide association studies (GWAS) approaches and candidate-genes, the study of 

epistatic and gene  environment interactions, the use of supposed healthy and case-control 

populations, the study of intermediate phenotypes and the research of specific biomarkers 

implicated in multiple diseases pathways and having a significant genetic component. The 

application of these approaches has led to the identification of a number of valuable determinants 

of risk factors and diseases phenotypes.  

 

The unit has extensively studied the vascular endothelial growth factor A (VEGF-A) as a 

challenging biomarker for PM for chronic diseases. The researchers of the unit have showed that 

the heritable component of is more that 60%. Ten polymorphisms have been identified in two large 
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GWAS that explain more than half of VEGF-A variability. This is an exceptional finding, unique 

in the research of genetics of polygenetic biomarkers, as for most markers, the variability explained 

by genetic factors is around 5-10%. Numerous publications of the team have focused on these 

variants and have demonstrated significant associations with intermediate phenotypes of chronic 

diseases (cholesterol levels, blood pressure and inflammation molecules), with angiogenesis 

molecules, with risk for depression, and with thyroid hormones levels in patients with autoimmune 

thyroid diseases. The unit has also a special interest in the transcriptomic isoforms of VEG-A that 

are numerous and with opposite actions: anti-angiogenic and pro-angiogenic. The unit has 

developed and is coordinating a consortium specialised in the study of VEGF-A as a biomarker in 

PM, the VEGF Consortium (Vascular endothelial growth factor European Genomic Federation 

consortium) (santoriniconference.org) that gathers 20 international high-level scientists and 

institutions.  

 

Another biomarker of interest for the EA_1122; IGE-PCV unit is the telomere length (TL). They 

have participated in a GWAS on TL, studied the associations of obesity with TL and focused on 

the genetic determinants of TL and its dynamic in childhood and in atherosclerosis. They have 

proposed TL as a significant biomarker for PM. 

  

Furthermore, the unit has developed methods and infrastructures to cope with the challenges of 

the research field of PM, especially the need for populations and advanced analytical methods. 

They coordinate the Biological Resources Centre “Interactions Gène-Environnement en 

Physiopathologie Cardio-Vasculaire” (BRC IGE-PCV, BB-0033-00051), which is linked with a 

powerful analytical platform that manages the available data and can accommodate analytical 

pipelines to facilitate and standardise the analyses.  

 

Given the above, the present thesis was designed to promote the knowledge on personalised 

disease risk prediction by using and extending the expertise of the EA_1122; IGE-PCV research 

team. It is proposing the use of populations of the BRC IGE-PCV and the application of modern 

analytical methods like machine-learning to study the “-omics” determinants of VEGF-A and TL 

and their role in the risk prediction of CVD and AD.   

http://santoriniconference.org/


47 

 

Introduction 
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Chronic diseases  

Definition 

The World Health Organization (WHO) describes chronic diseases as non-communicable 

conditions of long duration and usually with slow progression [82, 83]. Chronic diseases include 

a spectrum of physical and mental abnormalities that last over a year and result in health 

impairment and need constant supervision and remedy [84]. The advent of chronic diseases as a 

global leading issue is un-controvertible, as non-communicable conditions stand for almost two 

thirds of global mortality [85]. Chronic disorders include mainly CVD, stroke, cancer, chronic 

obstructive pulmonary disease, diabetes mellitus type 2, neurodegenerative diseases and renal 

failure [86].  

 

Epidemiology and costs 

The increased longevity has revealed the growing burden of chronic diseases that escalates as the 

population ages [87]. They are responsible for the death of 41 million people each year, equivalent 

to 71% of all deaths globally. Fifteen million people die from chronic diseases at ages 30-69 years 

and > 85% of these "premature" deaths occur in low- and middle-income countries [83]. In the 

latest decades, chronic diseases dominantly occur in low- and middle-income countries [88]. This 

can be attributed to the considerable rise in the chronic diseases risk factors in developing countries 

such as smoking and obesity [89] in addition to population demographics like aging and health 

disparities that also escalate the prevalence of chronic conditions [85]. It is note-worthy that the 

rising economic costs of chronic diseases impacts all wide-world countries [89]. However, 

developed countries have addressed chronic diseases burden exerting enormous efforts, in contrast 

to developing countries where the growing burden has earned insufficient consideration [89]. 

Evidently, the cost of chronic disorders possesses a global effect on health platforms in terms of 

resources and finance [90, 91]. Chronic disorders represent a huge burden in health care systems 

and need intuitive interference [91]. Several concerns have been raised including the enlargement 

of the primary-care cost, the demand for greater funding, shortage of financial resources, and the 

top priority for reforming the strategies of resource distribution [91]. Based on the reports of the 

Centers for Disease Control, chronic disorders contribute for about 75% of the gross health care 

costs that corresponds for approximately 5300$ per individual yearly, in the U.S. population alone 

[84]. Globally, chronic disorders have negatively influenced individuals' wellbeing and quality of 
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life in addition to magnifying healthcare expenditure at different levels [84]. Data shows that 

people having one chronic condition are more vulnerable for encountering other diseases [92]. 

Diabetes may be the perfect example as it is involved in elevating the risk of developing other 

chronic complications as CVD and renal failure [93, 94]. Patients with comorbidities usually suffer 

from medication disparity, increased need and insufficient access to health services and multi-drug 

regimen, that may raise the likelihood of reduced effectiveness and considerable drug interactions. 

These issues can reduce the quality of people's life and increase the death risk. Furthermore, it is 

challenging for medical stuff and the health care systems to deal with multi-morbid patients. Thus, 

the European health policy schedule has prioritised conducting chronic diseases research in aging 

population, resulting in founding of the "European Innovation Partnership on Active and Healthy 

Ageing" and collaborative measures on chronic disorders, in which the coexistence of chronic 

diseases is addressed [87].  

 

1. Cardiovascular diseases  

 

 1.1 Definition and types 

CVD that constitute the world's leading health concern affecting the heart, the brain and the 

vasculature, are complex multifactorial group of diseases having a broad spectrum of both 

environmental and genetic factors [95]. CVD encompass an extensive range of distinct conditions 

commonly including coronary heart disease (diseases of the blood vessels supplying the heart 

muscle), cerebrovascular disease (diseases of the blood vessels supplying the brain), peripheral 

arterial disease (disease of blood vessels supplying the arms and legs), rheumatic heart disease 

(damage to the heart muscle and heart valves from rheumatic fever, caused by streptococcal 

bacteria), congenital heart disease (malformations of heart structure existing at birth), deep vein 

thrombosis and pulmonary embolism (blood clots in the leg veins, which can dislodge and move 

to the heart and lungs) [96]. It also includes other diseases like hypertension and hypotension, heart 

failure, cardiac arrhythmias and others as mentioned in the group 11 “Diseases of the circulatory 

system” of the World Health Organisation (WHO) International Classification of Diseases ICD11 

[97]. The majority of these diseases have a high heritable component [98].   
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1.2 Epidemiology and cost  

CVD are the leading cause of global morbidity [99]. According to WHO, over 17 million people 

die from CVD annually, particularly, about 85% of these deaths, are due to heart attacks and stroke 

[96]. CVD incidents are keeping on rising steadily in low- and middle-income countries, while 

their prevalence in high income countries were decreasing dramatically over the last years [100]. 

The financial burden of CVD is also very high [101]. Based on the World Economic Forum, it is 

estimated that CVD costed about 863 billion dollars in 2010 at the global level and this expense 

was expected to escalate 22 percent by the year of 2030 [101]. The risk of developing CVD is 

increasing with an estimated 50% risk of encountering their complication by the age of 45 [102]. 

CVD incidence and age are directly proportional, with few differences among males and females 

such that the prevalence is greater in males at younger stages of life, however the prevalence 

disparities diminish considerably after menopause [102]. It is important to know that with distinct 

ethnic variations, there are disparities in prevalence and types of CVD [103].  

 

1.3 Pathophysiology 

A variety of etiologies may underlie CVD, entailing emboli in individuals having atrial fibrillation 

that leads to ischemic stroke through blocking in an artery that supplies blood to the brain and, 

rheumatic fever which is an inflammatory disease that triggers valvular cardiac disorder, however, 

the development of atherosclerosis is the leading cause of CVD pathophysiology [102]. Almost all 

CVD are originated from atherosclerotic basis that results in the pathogenesis of coronary artery 

disease (CAD), cerebrovascular disease, venous thromboembolism and, peripheral vascular 

disorders, with eventual development of myocardial infraction (MI), heart arrhythmias and stroke 

[104]. Atherosclerosis is a pathological phenomenon occurring in the intima of various arteries of 

medium and large sizes including the coronary arteries, cerebral arteries, iliac and femoral arteries, 

and aorta, particularly where the vessels ramify [105, 106]. Atherosclerosis decreases the blood 

flow through narrowing blood vessels and thus triggering distinct CVD [102]. Different processes 

are associated with atherosclerosis including dyslipidemia, immunologic incidents, inflammation, 

and endothelial dysfunction. Plaque formation consisting of fat, cholesterol, calcium and other 

substances that build up in arterial walls, represent the hallmark of atherosclerosis, that often starts 

in childhood and progresses with age. Eventually with time, the plaques harden, reduce the 

diameter of the arteries and limit the blood flow. At further stages, plaques can break and generate 
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thrombus or blood clot that can further block the perfusion of body organs by oxygenated blood 

[102]. If this occurs in one of the two main coronary arteries that nourish the heart, heart attack 

will result and when thrombosis occurs in one of the arteries to the brain, a stroke will happen, 

while if it happens in arteries of the limbs, it can lead to peripheral artery diseases. It is noteworthy 

that atherosclerosis itself is rarely lethal, in contrast to mobile superimposed thrombus or ruptured 

plaque at advanced stages that represents the direct cause of CVD incidents [107]. Strategies with 

ultimate goal to stop the development of atherosclerosis represents potential features for CVD 

prevention [102].  

 

1.4 Major risk factors  

CVD possess a wide spectrum of eminent risk factors such as hypertension, hyper-lipidemia, 

diabetes, obesity, smoking and sedentary lifestyle. In about all epidemiological surveys, these 

factors together are responsible for > 90 % of the CVD incident [104]. In a recent study, 

hypertension was found to be significantly associated with CVD among individuals with high body 

mass index (BMI). Hypertensive people have 2-3 times increased hazard of developing CVD 

compared to normotensive individuals. Hence, hypertension seems to be an earlier prognostic 

indicator for CVD in overweight subjects [108]. In addition to the previously mentioned risk 

factors, the World Heart Federation highlighted additional CVD risk factors like ethnicity, based 

on the study that shows that African or Asian ancestry are at greater risks of encountering CVD 

compared to other races and family history that also impose a risk for CVD where several 

researches have shown that major factors contributing to CVD like hypertension and obesity may 

have genetic basis [109].  

 

2. Alzheimer’s disease 

 

2.1 Definition 

AD, the most common cause of dementia, corresponds to a disorder of the brain characterised by 

mental and functional impairment along with marked neuro-pathologies. AD accounts for 50 to 

75% of dementia incidents, and it is an age-related disorder whose prevalence double each 5 years 

in individuals over the age of 65 [110]. It was first described in 1906, by a German psychiatrist 

named Alois Alzheimer where he presented the case of a 51-year-old female patient, whom he 
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first met in 1901, suffering from mental impairment, mental confusion, delusions and other 

behavioral alterations [111]. There are two basic types of AD: familial or early onset AD that 

contribute for lower than 5% of disease incidence and sporadic or late onset AD that accounts for 

79% of disease burden [112]. 

 

2.2 Epidemiology and costs 

AD is considered by the WHO as a growing universal public health issue with enormous 

consequences on individuals and communities [110]. AD, being a major form of dementia 

characterised by mental decline and diminished ability to generate recent memories, is sufficient 

to affect everyday activities of the patient, causing dependency, disability and subsequent fatality 

[110, 113]. It is estimated that around 5.5 million individuals in US are impacted with AD, and 

that the global incidence may be over 24 million [113]. Combined datasets derived from European 

populations stated that the prevalence of AD in individuals > 65 years  is 4.4% (6.4% for dementia) 

[114]. Until 2040, the incidence rate of AD is predicted to multiply by two each 20 years, 

considering the increased longevity in developed and developing countries [113] In addition to 

causing extensive drawbacks for important number of patients and families in the world’s 

population, AD costs over 100 billion USD annually as health care expenses [115]. Such growing 

and demanding disorder is expected to raise tremendous obstacles to public health and geriatric 

care services in all nations around the globe with time [114].  

 

2.3 Major risk factors 

AD as a complex multifactorial disorder it has a broad range of risk factors with old age standing 

as the major risk predictor, implicating that aging-based physiological events may be involved in 

AD pathogenesis [114]. Moreover, the solid relation between AD and aging may partly show the 

aggregate impact of distinct risk and protective markers throughout life, entailing the complicated 

interplay among genetic, psycho-social, biological and environmental factors encountered 

throughout lifetime. The genetic risk hypothesis highlights that the majority of AD cases can be 

explained by genetic factors along with environmental factors. The apolipoprotein E (APOE) ε4 

allele represents the strongest anticipating gene for AD [114]. People with one ε4 allele have 2-3 

fold elevated chance of developing AD while those with two ε4 alleles have about 12-fold 

increased risk relative to people with no ε4 alleles [116]. It is noteworthy that the ε2 allele of APOE 
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has a shielding role being linked with a reduced risk for AD [116].  

 

Furthermore, the risk of AD dementia was found to be highly elevated by CVD incidents such as 

strokes. Information derived from the Cardiovascular Health Study revealed that CVD were linked 

with elevated risk of AD, mainly in cases of peripheral arterial diseases, indicating that 

atherosclerosis may constitute a risk for encountering AD. The principal vulnerability and 

preventive factors for AD are outlined in Table 1 [114]. 

 

 Table 1. Distinct etiological hypothesis of AD [114] 

Etiologic 

hypothesis 

Contents: risk and protective factors Epidemiologic 

evidence 

Genetic 

susceptibility 

Risk factors: APOE ε4 allele and familial 

aggregation 

Strong 

Vascular pathway 

hypothesis 

Risk factors: midlife high blood pressure and high 

BMI, diabetes, cerebrovascular disease, and 

smoking; Protective factors: light-to-moderate 

alcohol consumption, and antihypertensive 

therapy 

Moderate or sufficient 

Psychosocial 

hypothesis 

Protective factors: high educational attainment, 

mentally stimulating activities, social activity and 

enriched social network, and physical activity 

Moderate or sufficient 

Nutritional and 

dietary hypothesis 

Risk factor deficiency in folate, vitamin B12, and 

antioxidants (vitamins A, E, and C); Protective 

factors: Fish (omege-3 fatty acids) and vegetable 

consumption. 

Insufficient or 

limited/mixed 

Others (eg, toxic or 

inflammatory 

factors) 

Risk factors: traumatic head injuries, 

occupational exposure to toxins and 

electromagnetic fields, depression, and hormone 

replacement therapy; Protective factors: 

nonsteroidal anti-inflammatory drugs 

Insufficient or 

limited/mixed 
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2.4 Pathophysiology 

Several potential pathways tend to illustrate AD pathogenesis, in which neuro-degeneration and 

atrophy are the major hallmarks notably in the brain's temporal and parietal lobes [117]. AD 

pathogenesis has been extensively linked with extra-cellular oligomers of amyloid β (Aβ) plaques 

and intracellular neurofibrillary tangles (NFT) that consists of hyper-phosphorylated tau τ-protein  

(Figure 1) [118]. Amyloid pathological process begins with modification in the cleavage pattern 

of the amyloid precursor protein (APP) by β-secretase (BACE1) and γ-secretase enzymes 

generating insoluble Aβ fibrils. This is followed by Aβ oligomerisation and intervention in 

signaling at synaptic gaps. The insoluble amyloid fibrils cluster to form plaques. This incidence 

activates kinases that results in τ protein hyper-phosphorylation and NFT formation. The 

deposition of plaques and tangles produces elevated oxidative stress and synaptic damage inducing 

the microglia to infiltrate and become activated, triggering inflammation and toxicity and neuronal 

cell death. Hence, the amyloidogenic pathway results in increased inflammation, oxidative stress, 

synaptic dysfunction, neurotransmitter deficiency and ultimately neuronal cell death contributing 

to AD pathology [118].  

 

Figure 1. A critical appraisal of amyloid-β-targeting therapies for Alzheimer disease [119] 
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3. Common diseases’ pathways 

Distinct but interconnected disorders often coincide in overlapping basic pathological pathways. 

Detecting and analyzing the common mechanisms and factors among diseases can enhance our 

knowledge of such pathologies and assist in the generation of novel potential therapeutic methods 

[120]. 

 

3.1 Inflammation 

The dominant risk factors for chronic disorders induce the disease phenotype through triggering 

inflammation [121]. Inflammation, the body’s defense mechanism against foreign particles or 

stimuli aiming to maintain homeostasis, can be acute or chronic. Acute inflammatory response 

occurs for a brief amount of time, while chronic inflammation is long-lasting contributing to 

chronic diseases such as CVD and neurodegenerative disorders through interfering with many 

signaling pathways. In chronic diseases, multiple inflammatory biological markers are modified 

such as transcription factors, including the nuclear factor kappa (NF-Κb) light chain enhancer of 

activated B cells, the single transducer and activator of transcription 3 (STAT3) and the subsequent 

by-products like inflammatory cytokines tumor necrosis factor α (TNF-α), interleukins (IL-1, IL-

6, IL-8) and pro-inflammatory enzymes like cyclooxygenase 2 (COX-2), matrix metalloproteinase 

9 (MMP-9), cell adhesion molecules (CAM), VEGF-A and others. NF-κB is the major mediator 

in the course of inflammation. This transcription factor presents in a trimeric assembly of subunits 

p50, p65 and IκBα inhibitory subunit. After being activated by inflammatory inducements, over 

400 genes implicated in inflammatory responses are activated by p50 and p65 that attach to genes' 

promoters (Figure 2) [121]. 

Figure 2. Inflammatory-induced pathways in course of chronic disorders [121] 
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3.1.1 Inflammation in CVD 

Moreover, chronic inflammation, for example C-reactive protein highly increased levels, have 

been reported as potential hazard predictor for CVD incidences [122]. Inflammation mediates a 

key role in atherosclerosis and subsequent CVD through many processes (Figure 3). Foam 

macrophages containing oxidised low-density lipoprotein (LDL) are implicated in atherosclerosis 

pathogenicity via numerous inflammatory reactions. Cholesterol within macrophages trigers 

scavenger receptor class B, member 3 (CD36) that induces toll like receptor 4 (TLR4) and 6 in 

addition to inflammasome activation resulting in synthesis and release of IL-1 and IL-18. 

Furthermore, specific immune reactions participate in atherosclerosis pathogenesis. Th1 and Th17 

pro-inflammatory T lymphocytes subtypes secretes interferon (IFN) -γ, TNF-α and IL-17 

contributing to the prompt advance of atherosclerosis. Interestingly, clonal hematopoiesis of 

indeterminate potential (CHIP) has been linked with elevated CVD likelihood based on the 

evidence that the possibility of developing myocardial infarction (MI) and strokes is 2 times 

elevated and that the chance of developing premature atherosclerosis in young individuals 

escalated 4 times in comparison to controls with no CHIP. Mutations in several genes have been 

linked with CVD. Loss of function mutation in Tet methylcytosine dioxygenase 2 (TET2) gene, 

an example of these genes, speeds up atherosclerosis and enhances foam cell formation and 

secretion of inflammatory mediators [122].  

 

Figure 3. The involvement of inflammation as a key inducer of CVD [122] 
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3.1.2 Inflammation in AD 

Inflammation in the brain possesses a neuroprotective function in case of acute response, that turns 

damaging once the chronic response is established [123]. In AD pathology, neuronal inflammation 

is a key contributor, being an inducer and an outcome at the same time. The formation of AD 

causative plaques and NFT is leastwise partially induced by aging-triggered inflammation. The 

occurrence of these pathological events yields further inflammation which speeds up the synthesis 

of more plaques and tangles and thus worsening AD hallmarks [123]. A large number of data has 

shown that the extracellular accumulation of Aβ in AD results in increased expression of 

inflammatory factors such as IL-1β, IL-6 and TNF-α via functional microglia cells, that stimulate 

further inflammation-related cascades through COX-2 and NF-κB [121]. It is important to note 

that increased amount of IL-1 increases APP synthesis and therefore consequent Aβ amount 

production. On the other hand, IL-6 induces the cyclin dependent kinase 5 (CDK5) activation 

which is a kinase that hyperphosphorylates τ-protein. Hence, inflammation seems to play a critical 

function in triggering AD causative pathologies [121].  

 

3.2 Angiogenesis 

The process of angiogenesis stands for the formation of new blood vessels from existing 

vasculature. Angiogenesis takes place in both physiological and pathological states throughout 

life. Given the role of angiogenesis and its contributions in distinct pathologies, enormous efforts 

have been exerted over the last decades to generate therapies that can induce revascularisation in 

disorders like ischemia or impede angiogenesis in diseases like cancer [124]. 

 

3.2.1 Angiogenesis in CVD 

Additionally, in the course of CVD, neovascularisation interferes in atherosclerotic plaque 

development and destabilisation leading to its rupture and thus contributing to further 

pathogenicity [125]. Neovascularisation predominates in more inflammatory and vulnerable 

plaques [126]. In atherosclerosis, the related pathological hallmarks as inflammation, oxidative 

stress and hypoxia, trigger the production of distinct angiogenic mediators that induce formation 

of blood vessels from existing vasa vasorum. This process nourishes the affected area locally with 

oxygen and nutrients, increases macrophage infiltration, wall thickening, lipid aggregation and 

inflammation and ultimately induces the plaque to progress and remodel. The un-matured and frail 
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structure of sprouted capillaries trigger the plaque to hemorrhage which is coupled with thin cap 

atheroma, further foam cells infiltration and big necrotic core formation contributing to plaque 

vulnerability and subsequent break off [125]. The process by which angiogenesis takes place may 

initiate with hypoxia that elevate the level of hypoxia-inducible factor (HIF) and endothelin-1 (ET-

1) and the subsequent production of VEGF-A[126]. Oxidative stress yields the same alterations in 

addition to the induction of  MMP-2 and MMP-9 through triggering NF-κB and activator protein-

1 (AP-1) expression (Figure 4) [126]. 

 
 

Figure 4. The process underlying angiogenesis in atherosclerotic arterial wall [126] 
 

3.2.2 Angiogenesis in AD 

Extensive researches demonstrate that, in addition to Aβ and tangles, vascular disruption has a 

hand in AD pathogenesis [127]. It is evident that alterations in central and peripheral vasculature 

affect brain perfusion contributing to AD development. This alternative hypothesis is driven by 

findings showing impairment in blood–brain barrier (BBB) and cerebral blood flow (CBF) 

(hypoperfusion) implicating that the BBB's weakened clearance pathways lead to Aβ pathogenesis 

in AD brains. Furthermore, it has been reported that chronic cerebral angiogenesis furnishes as an 

outcome of Aβ aggregation and produces BBB malfunction in AD cases. The BBB, is the brain's 

microvasculature which impedes influx of most substances from blood to brain, consists of 
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endothelial cells attached by tight junctions (TJ), astrocytes and pericytes. BBB damage may take 

place in response to impairment of its components. For example, the reduction of pericytes that 

occurs with aging can diminish the TJ protein-binding modules production and hence induce 

breakdown of BBB. Disruption of CBF, BBB breakdown due to TJ disturbance and impairment 

in Aβ regulatory peptides in the brain including receptor for advanced glycation products (RAGE) 

that controls the entrance of peripheral Aβ to the brain and lipoprotein receptor-related protein 1 

(LRP1) that is involved in clearing Aβ from the brain-facing side of the BBB are all components 

that induce increased Aβ production and consecutive angiogenesis. On the other hand, the chronic 

inflammation triggers the production of angiogenic cytokines including VEGF-A and thrombin 

that additionally induce remodeling of vasculature in AD patients' brain. Moreover, angiogenesis 

may take place in response to hypoperfusion for compensation. Collectively, these events trigger 

more Aβ production by endothelial cells that intensify angiogenesis and reactive oxygen species 

(ROS) release, endothelium disruption and neurotoxicity (Figure 5) [127].  

 

           

Figure 5. A scheme revealing the involvement of angiogenesis in AD pathology [127] 
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4. Biomarkers 

The implication of biological markers or biomarkers in medical research and applications has 

become increasingly broadened and their existence as primary endpoints in clinical studies is 

approved nowadays. The National Institutes of Health Biomarkers Definitions Working Group 

described a biomarker as “a characteristic that is objectively measured and evaluated as an 

indicator of normal biological processes, pathogenic processes, or pharmacologic responses to a 

therapeutic intervention” [128]. Hence, biomarkers of pathological conditions are highly critical, 

not only for prognosis and diagnosis but also as indicators of therapeutic effectiveness [129].  

 

4.1 Presentation of biomarkers of interest 

 

4.1.1 Vascular endothelial growth factor A 

In humans, VEGF family, the major modulators of vascular growth, includes five distinct gene 

products: VEGF-A, VEGF-B and placental growth factor (PLGF), which are the main 

angiogenesis modulators; and VEGF-C and VEGF-D, which regulate lymphogenesis. These 

factors possess distinct binding compatibility for three tyrosine kinase receptors (VEGFR1, 2 and 

3). Amongst these factors, the function of VEGF-A and its receptors in angiogenesis and 

vasculogenesis is the best comprehended [129]. VEGF-A is a dimer whose two monomers are 

joined via disulfide bridges [130]. In humans, VEGF-A gene is situated at 6p21.3 and consists of 

eight exons with seven introns. Like other genes involved in angiogenesis that have been shown 

to be alternatively spliced, VEGF-A protein possesses different subtypes due to alternative splicing 

of VEGF-A gene. The major isoforms of VEGF-A are: VEGF-A111, VEGF-A121, VEGF-A145, 

VEGF-A165, VEGF-A183, VEGF-A189 and VEGF-A206 (the number indicates the number of amino 

acids of each isoform). As exons 6a and 7 determine the binding capacity of the isoforms to heparin 

and heparin sulphate proteoglycans on the cell surface and extracellular matrix (ECM), the splicing 

in these areas and the related isoforms have different binding properties. The VEGF-A145, VEGF-

A189 and VEGF-A206 bind strongly to both the cell surface and ECM, while VEGF-A111 and 

VEGF-A121, (isoforms lacking exons 6 and 7) are diffusible. VEGF-A165, which is the most 

abundantly expressed isoform and most potent initiator of angiogenesis, is moderately diffusible 

(50–70% being bound to the cell surface or ECM). The alternative splicing of exon 8 produces 

another family of isoforms with the same number of amino acids, but alternative sequences in the 
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C terminus. These isoforms are noted as VEGF-AXXXb and 4 alternative isoforms have been 

identified: VEGF-A165b, VEGF-A121b, VEGF-A189b, and VEGF-A145b. It is generally accepted that 

the VEGF-Axxxb family of isoforms are inhibitors of angiogenesis, and the VEGF-Axxxa family 

promotes angiogenesis. Some of the known functions of VEGF-A isoforms are summarised in 

Table 2 [131]. VEGF-A is a key player in the control of blood vessels formation in physiologic 

and pathologic conditions particularly through its binding affinity with the tyrosine kinase 

receptors VEGFR-1 and VEGFR-2 [130]. VEGF-A axis is highly involved in embryonic growth 

via angiogenesis modulation [129]. Moreover, through activation of signal transduction pathways, 

it controls the majority of endothelial cellular events including proliferation, survival and 

migration, and microvascular permeability (Figure 6). Furthermore, VEGF-A signaling controls 

organs and tissues maintenance in adulthood. It triggers endothelial cells to secrete paracrine 

factors that facilitate tissue restoration in case of subjection to serious damage. On the other hand, 

VEGF-A signaling contributes greatly to the pathogenicity of disorders linked with angiogenesis. 

It acts as an extensive biomarker in course of diseases [129]. VEGF-A expression is affected by 

several inducers including hypoxia, growth factors, p53 mutation, estrogen, thyroid-stimulating 

hormone (TSH), cancer inducers and nitric oxide (NO) [130]. Such pathologic stimuli increase 

VEGF-A concentration and result in biological and chemical alterations that may activate 

membrane receptors, alter signaling within cells,  metabolic and genetic transcription [129]. 

 

Figure 6. Members of VEGF family and their receptors [130] 
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Table 2. Specific functions of VEGF-A isoforms [131] 

Splice Variants Function 

VEGF-A111 
Proangiogenic 

Diffusible  

VEGF-A121 

Proangiogenic 

Diffusible 

Implicated in tumorigenesis  

VEGF-A145 
Proangiogenic 

Bind to cell surface and ECM 

VEGF-A165 

Proangiogenic 

Moderately diffusible 

Implicated in tumorigenesis  

VEGF-A189 
Proangiogenic 

Implicated in tumorigenesis  

VEGF-A206 
Proangiogenic 

Strongly bind to cell surface and ECM 

VEGF-A183 Proangiogenic 

VEGF-Axxxb 

Anti-angiogenic 

Downregulated in cancer, diabetic retinopathy, Denys Drash syndrome, 

retinal vein occlusion 

Upregulated in systemic sclerosis and asthma  
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4.1.1. Telomere length  

Telomere length (TL) represents an efficient and functional biomarker for basic aging processes, 

diagnosis of disorders associated with aging, and multiple pathologies’ progression [29]. 

Telomeres, the genetic fragments of tandem repeat DNA sequences situated at the chromosomes’ 

ends, have been known since 1930s to sustain the genomic make-up coherence [132, 133]. These 

structures display a mechanistic process for aging cells to point their longevity beside inducing the 

activation of the repair system in case of DNA damage or the senescence axis for great damage 

[134]. It is known that the TL reduces with each cell division and eventually, regular shortening 

of TL will result in genome exposure triggering cellular senescence [135]. TL is likely to be 

regulated by substantial synergisms between genetic and non-genetic agents such as oxidative 

stress and inflammatory reactions [136]. Commonly, leukocytes telomere length (LTL) is selected 

for conducting TL studies because of the key function of leukocytes in immune response, 

inflammatory reactions and cell clearance in addition to being subjected to metabolic substances 

as ROS [134]. Such pathological incidences like chronic inflammation and oxidative stress are 

known to reduce LTL rendering them as biomarkers of chronic diseases. Clinical studies on 

adaptive LTL offer definitive findings for LTL assessment as valid biomarker in chronic disorders 

(Figure 7) [134]. 

 

Figure 7. The contribution of different factors to TL as a clinical biomarker [134] 
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4.1.2 Apolipoprotein E  

ApoE represents a versatile protein functioning mainly in lipid metabolism, neurology, and 

neurodegenerative pathologies [137]. ApoE, a 35 kDa glycoprotein of 299 amino acids, widely 

expressed in the liver and the brain, is encoded by APOE gene [138]. The ApoE domain structure 

is made up of two major domains, the N- and C-terminus flanking a hinge zone (Figure 8). 

Residues 1 to 167 form the N-terminal region including a four alpha-helix bundle with an arginine-

lysine enriched portion spanning residues 135 to 150 and has the role of LDL-receptor binding 

domain [138]. Residues 206 to 299 form the C-terminal region with both hydrophobic and 

hydrophilic alpha helices characterising the family of apolipoprotein and having residues 244 to 

272 making the lipid binding domain [138].  

 
Figure 8. The architecture of APOE gene [138] 

 

APOE possesses three typical isoforms APOE2, APOE3, and APOE4 that differ only at residue 

112 or 158 by one or two amino acids, however, these slight differences significantly modify its 

function [137]. Its main role is the clearance of remnants of triglyceride-rich lipoproteins from the 

circulation into the liver as it is the ligand for the LDL receptor family of proteins and heparan 

sulphate proteoglycans. In the brain, it is associated with assimilation and transfer of lipids [139]. 

The levels of ApoE are increased in conditions of axonal injuries aiming to transport lipids towards 

reforming nerve fibers and Schwann cells for myelin sheath formation. Additionally, within cells, 

ApoE can regulate distinct physiologic or pathophysiologic mechanisms, entailing alignment and 

cohesion of cytoskeleton, stability and activity of mitochondria, structure and role of dendrites. 

ApoE is broadly implicated in a spectrum of diseases that have to do with neurons repairing, 

remodeling and death via its interplay with distinct components in different pathways. In fact, 

APOE4 has been found to be related with the development or adverse clinical results of 

neurodegenerative disorders 

[137][126][126][126][126][126][126][126][126][126][126][126][126][126][126][126][126][126]

[126][126][124][124][124] 
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4.1.3 Lipolysis-stimulated lipoprotein receptor (LSR) 

Upstream of APOE gene on the long arm of chromosome 19q13.1, lies the lipolysis-stimulated 

lipoprotein receptor (LSR) gene, which encrypts the LSR receptor that recognises ApoE as ligand 

[55]. The loci on which LSR and APOE are found have been associated with CVD intermediate 

phenotypes including plasma lipid concentration, dyslipidemia, adiposity and other pathologies 

according to genome wide association studies (GWAS) [140]. Being an ApoE receptor, LSR is 

engaged in the process of managing and maintaining lipid balance in the peripheral and central 

nervous system [141, 142]. LSR is involved in the clearance of triglyceride-rich lipoprotein from 

blood through binding chylomicrons, LDL and VLDL in presence of free fatty acids and allows 

their subsequent uptake in the cells (www.uniprot.org/uniprot/Q86X29).  

 

4.2 Role of selected biomarkers in chronic diseases  

 

4.2.1 Links between TL and CVD 

TL has been considered a putative biomarker for CVD [143] and is associated with CVD 

complications [2]. LTL is linked with aging-related abnormalities and environmental factor 

exposures that are associated mainly to atherosclerosis and other aspects of heart and blood vessels 

aging [144]. A report from the Cardiovascular Health Study stated that every decreased kilo base 

pair of TL stands for a 3-fold elevated risk for developing MI and stroke [133]. Recently, meta-

interpretive review studies have manifested that shortened LTL and cardio-metabolic 

complications’ susceptibility are inversely proportional, where the attenuation of one standard 

deviation (SD) in LTL was substantially linked with a 21% escalated risk of stroke and 24% 

incremented risk of MI [133]. A link between family history of coronary atherosclerotic disease 

(CAD) and TL reduction was established in a paired case-control analysis, suggesting that the 

existence of shortened TL is a key defect characterising CAD [135]. Moreover, shorter TL was 

observed in hypertensive individuals in comparison with healthy people [135]. Chronic or 

ischemic cardiac failure represents additional domain of concern for TL examination in CAD 

[135]. Patients suffering from chronic cardiac failure possess diminished LTL compared to healthy 

individuals [135].  

Multiple potential pathways that underlie the causative relation between shortening of TL and 

CVD have been suggested [143]. Firstly, TL reduction induces cell senescence and aggregation of 

http://www.uniprot.org/uniprot/Q86X29
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apoptotic cells along with lipid-laden macrophages resulting in inflammatory response and 

ultimately tissue remodeling, that are critical hallmarks of atherosclerosis progression. Second, TL 

shortening is accompanied with reduced endothelial cells proliferation ability and cell apoptosis 

resulting in endothelial dysfunction that furnishes as a common feature in atherosclerotic plaque 

formation and therefore CVD manifestation. Thirdly, important reduction in TL trigger p53-

dependent mechanistic axis that triggers mitochondrial impairment and cardiac cell death. 

Furthermore, it was revealed recently that reduced TL can alter β-cell metabolism and insulin 

production, resulting in escalated oxidative stress and consequently CVD development [136, 143]. 

Figure 9 presents diagrammatically some links between CAD and TL.  

 

 

 

Figure 9. A clarified diagram of the dynamic interplay among oxidative stress, TL, and 

CAD 

AMI, acute myocardial infarction; BTL, blood telomere length; EC, endothelial cell; VSMC, 

vascular smooth muscle cell; VTL, vascular telomere length [136]. 

 

4.2.2 Links between VEGF-A and CVD 

VEGF-A is positively related with CVD [145]. Cardiomyocytes releases VEGF-A during 

inflammatory reactions, once subjected to mechanical stress and stimulated by cytokines [30]. 

Furthermore, individuals manifesting diverse CVD possess elevated levels of VEGF-A which is 

commonly linked with adverse complications and pathological conditions' gravity [30]. VEGF-A 

can trigger lipoprotein pro-atherogenic alterations [125]. In coronary arteries, VEGF-A and 

VEGFR are normally absent, however, they are highly detected in atherosclerotic regions, and in 
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particular in small capillaries endothelium, in activated monocytes and slightly differentiated 

smooth muscle cells [125]. VEGF-A is considered a biomarker of atherosclerosis [30]. It plays 

two roles in atherosclerosis. It triggers the elevation of anti-apoptotic markers expression and NO 

production mediating a protective role for endothelial cells. Contrastingly, VEGF-A causes 

damaging effects functioning as a mitotic-triggering agent through mediating endothelial cells 

regrowth and restoration of endothelial damage that may result in atherosclerosis development. 

Besides, VEGF-A enhances the permeability of endothelial, increases the expression of adhesion 

molecules and macrophages chemokine attractants and therefore increases monocytes infiltration 

through enhancing their adhesion, diapedesis and functionalisation. The impact of VEGF-A in 

different CVD is summarised in Table 3 [30]. 

 

Table 3. Expression of VEGF-A in different CVD [30] 
 

Cardiovascular 

Diseases  

VEGF-A  Effects  

Ischemic heart 

disease: →Myocardial 

infarction  

Increased Microvessel density in the infarcted area, 

myocardial remodeling angiogenesis, 

neovascularisation, destabilisation of inflamed 

plaques  

→Stroke  Increased Vasodilation, vascular permeability, endothelial 

cells migration, dissociation of smooth muscle 

cells, loosening of the extracellular matrix.  

Atherosclerosis: 

→Atherothrombosis  

Decreased Vascular toxicity, arterial thrombosis.  

→Coronary artery 

disease  

Increased Angiogenesis, growth and vulnerability of 

plaques, intraplaque hemorrhage, inflammatory 

cell and erythrocyte recruitment, coronary artery 

revascularisation.  
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4.2.3 Links between VEGF-A and AD 

VEGF-A is also identified as a potential biomarker for AD [21]. VEGF-A seems to have a 

protective role against intellectual disability, mainly in the course of AD [21, 22], however, 

controversial findings concerning the up- or down-regulation of VEGF-A gene and protein in the 

brain, blood, and cerebrospinal fluid (CSF) in dementia exist. VEGF-A concentration in CSF [23], 

plasma [31] and the medial parietal cortex [146] have been found to be increased in patients with 

AD in comparison to control subjects. Additionally, elevated VEGF-A concentration in the brains 

of AD patients was shown to be linked with pericytes reduction, BBB permeability elevation [147] 

and much chronic pathological tangles [148]. However, some studies have revealed that VEGF-A 

is downregulated in AD. Probably, the accurate link seems to rely on spatial and temporal 

acquiring of the sample, the tissue type and the diseases phase [149]. 

 

4.2.4 Links between ApoE and AD 

It has been documented for decades that the most important predictors for AD is the ε4 allele of 

APOE gene [78, 79, 138]. Extensive studies have stated that a key process by which APOE ε4 

increases the AD susceptibility is via triggering a greater bulk of Aβ pathology in the brains of 

individuals carrying APOE ε4 [150]. ApoE may be associated with AD through its direct 

synergism with Aβ proteins. The existence of ApoE in Aβ plaques of AD brains has been reported 

so far [151]. ApoE and Aβ interaction takes place through binding of the Aβ protein residues 13 

to17 with the ApoE N-terminal domain residues 144–148 and the C-terminal domain residues 

244–248 [138]. Moreover, knock-out studies of apoe gene in mice have revealed that ApoE is 

critical for the initiation and retention of Aβ plaques. Furthermore, the direct synergistic link of 

ApoE and tau protein furnishes another theory behind the association of ApoE and AD. Previously, 

the existence of ApoE has been detected in tau-NFT mediated deposits [152]. Up-regulation of 

APOE ε4 in neuronal cells of genetically engineered mice triggered a rise in tau hyper-

phosphorylation induced by extracellular signal regulated kinase stimulation [138]. Additionally, 

APOE ε4 can serve as a causative factor and has mitigated efficacy in several axes involved in 

synaptic integrity, brain homeostasis, involving lipid translocation, glucose catabolism and brain 

vasculature [150]. APOE has also been shown to be involved in TAR DNA-binding protein-43 

(TDP-43) pathological hazard in the AD brains and in protein pathologies involving tau or α- 

synuclein (α- syn) (Figure 10) [150].  
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Figure 10. The major functional pathways of AD affected by APOE [150] 
 

4.2.5 Links between LSR and AD 

Many studies have highlighted the link between elevated cholesterol amount in plasma with higher 

AD susceptibility. Cholesterol modifies the cleavage of APP by enzymes bounded to the 

membrane leading to the production of Aβ. In the brain, cholesterol allocation and homeostasis 

maintenance are achieved by ApoE through binding to distinct lipoprotein receptors [55]. 

Diminished expression of LSR exhibit altered cholesterol homeostasis in the brain of aged mice 

coupled with mental impairment that are increased when subjected to Aβ stress [153]. 

Interestingly, LSR gene shows an epistatic interaction with APOE resulting in elevated AD risk 

[55]. The epistasis between LSR and APOE polymorphisms provides a novel genetic relation 

through which individuals at increased risk of developing AD can be identified in addition to 

paving the way of novel therapeutic strategies for AD.  
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5. Personalised medicine  

 

5.1 Definition of PM 

PM is an emergent medical field that invests the knowledge about an individual’s own genome 

and its derivatives (RNA, proteins and metabolites) to prevent, predict, , diagnose, or treat a disease 

[154]. The concept of PM is heavily related to “-omics” such as genetics, genomics and others 

[154]. This approach utilises scientific insights brought on by human genome sequencing into the 

genetic and molecular basis of health and diseases with a general purpose of offering "the right 

treatment for the right patient at the right time" and thereby improving that person’s health [155, 

156]. In contrast to "one-size-fits-all", this tailored medical approach concentrates on the genetic 

make-up of the patient, inheritance, behavioral profile and environmental exposures rather than 

focusing on the disease phenotype [157] and is expected to play a significant role in the 

management of chronic diseases.  

 

5.2 Challenges of PM 

Even though PM demonstrates an extensive and expanding progress in research and innovation, it 

raises unique challenges [158, 159]. Ethical, social, and legal issues are raised by the initiation of 

PM [160, 161]. It will be crucial to figure strategies to protect participants’ privacy and the 

confidentiality of their medical data [161]. The risks and benefits of PM research will need to be 

understood by participants, which means that researchers will have to develop a rigorous informed 

consent procedure [154]. Education in PM is crucial for its transition [154]. The shortage of the 

expertise of health professionals in interpreting and operating on pharmacogenetic data as well as 

patient perception and autonomy is one of the main challenges for PM to be broadly approved and 

accepted as a routine approach used by different regulatory agencies and health care stakeholders 

[160].  

 

Furthermore, significant contributions need to be done by the scientific community in 

bioinformatics, biomathematics and biostatistics in order to speed up the shift towards PM and to 

improve translational interpretation of “-omics” data and make the best use of high-throughput 

technologies [162]. Computational and storage capacity today are limited and do not fully allow 

the process of “-omics” data in ordinary research laboratories [162]. Investments in informatics 
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support for software customisation and utilisation are advisable for laboratory-hosted servers 

[162]. Additionally, it is demanding and labor-intensive, but vitally crucial task, to create secure 

and error-free software [162]. Thus, before admitting the therapeutic utility of “-omics” 

information, it is necessary to confirm the accuracy of research platforms [162].  

 

5.3 The role of “-omics” 

The sequencing of the human genome together with the continuous development and 

implementation of novel high throughput “-omics” technologies as genomics, transcriptomics, 

proteomics, metabolomics and interactomics are improving our knowledge on human health and 

disease and have already, and will continue, to furnish a sound foundation for PM [154, 163]. In 

the last decade, genetics and molecular sciences have made several contributions for the advance 

of medicine, including the Human Genome Project, the International HapMap Project and the 

GWAS project (International HapMap Consortium, 2005) [159]. Single nucleotide 

polymorphisms (SNPs) are presently identified as the primary source of human genetic diversity 

and they represent an important reference for mapping complex genetic phenotypes [159]. 

Integrating genetic effects on phenotypes and medications enable PM to tailor therapies to specific 

genotype groups of patients [159]. Presently, there are various types of molecular tests that 

interpret the human DNA, RNA and proteins and can detect mutations, variations, metabolic 

profiles and genetic abnormalities that are linked with diseases and that can impact greatly the 

therapeutic response [154]. Thus, they can intervene in all disease stages: vulnerability, preclinical 

progression, assessment and diagnosis, disease progression and treatment response [154]. After 

all, “-omics” technologies, in particular genetics and genomics, represent the pillars of the 

personalised approach of medicine [155].  

 

In the “-omics” realm, however, there is plenty to be acquired from its constant progression [155]. 

The Human Genome Project has started a new era of attempts to prevent and cure diseases [155]. 

When projects such as the Human Genome Project have emerged, the notion of PM has been 

offered a new definition. As we start to understand more about the heterogeneity amongst humans 

and existing diseases, our capacity to personalise and tailor medicine will be enhanced 

considerably [155]. For this cause, as new developments are introduced, it is likely that the concept 

of PM will evolve [155]. 
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5.4 Genetics of chronic diseases 

Over the past century, there has been a steady rise in the average lifespan of people [164]. In view 

of the fact that aging population amplification is associated with a growing load of chronic 

diseases, this has significantly impacted healthcare costs [164]. This poses the critical dispute of 

how to approach people with chronic health conditions for the sake of enhancing medical expenses 

[164]. CVD, diabetes, neurodegenerative diseases and the majority of cancers are the utmost 

predominant chronic diseases attributed with age and most of them have a significant genetic 

background [164]. Thus, PM will provide significant advantages in the fight against these diseases. 

The study of diseases, intermediate phenotypes and biomarkers genetics is a significant approach 

in the PM research. Mapping gene loci linked with complex traits needs solid levels of information 

and analysis, but, since 2007, approaches to achieve this aim have grown, and genetic mapping for 

complex phenotypes in humans has become a truth [98]. Basic approaches include linkage analysis 

and genetic association study through candidate genes and GWAS methodologies [98]. 

 

5.4.1 Genetics of CVD 

CVD stand as the world's leading health concern encompassing an extensive range of health 

conditions commonly including coronary heart disease (CHD), stroke, hypertension, arrhythmias, 

atherosclerosis, MI and congestive cardiac failure [95]. The majority of these diseases are heritable 

[98]. The genetics of CVD widely involve the genetics of exposure for atherosclerosis, 

cardiomyopathy, arrhythmia, congenital heart disease and other related conditions [103]. With 

distinct ethnic variations, there are disparities in prevalence and types of CVDs, which confirms 

the significance of recognising potential genetic factors that could affect susceptibility [103]. 

Certain forms of CVD manifest a simple pattern of inheritance indicative of a single causal gene 

that results in a significant effect on phenotype [98]. However, most CVD phenotypes, such as MI 

or LDL plasma concentration, possess multifactorial inheritance, implicative of interaction of both 

genetic and environmental factors [98]. The GWAS have bring significant progress in CVD 

through novel insights into their genetic architecture [164]. These studies resulted in the screening 

of multiple loci linked with CVD and their risk factors [164]. About 1,500 CVD genes from 

approximately 24,000 research articles are found in CardioGenBase online resource that includes 

GWAS, genetic, epigenetic and pharmacological studies [165]. 
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5.4.2. Genetics of AD 

There are two basic types of AD: familial or early onset AD and sporadic or late onset AD [112]. 

Familial AD is rare autosomal dominant Mendelian disorder, contributing for lower than 5% of 

disease incidence [112]. This form of AD is induced by variations in three genes: APP coding for 

amyloid precursor protein, PSEN1 coding for presenilin-1, and PSEN2 coding for presenilin-22 

[112]. On the other hand, late onset AD commonly affects people over  the age of 65 years [112]. 

This form of AD is highly heritable accounting for 79% of disease burden, and it is etiologically 

heterogeneous originating from a mix of multiple genetic and non-genetic environmental 

contributors [112]. The sporadic AD involves significant number of genes that have been attributed 

with its appearance [112]. ABCA7 (ATP Binding Cassette Subfamily A Member 7), APOE, BIN1 

(Bridging Integrator 1), CD2AP (CD2 Associated Protein), CD33 (sialic acid binding Ig-like lectin 

3), CLU (Clusterin), CR1 (Complement C3b/C4b Receptor 1 (Knops Blood Group)), EPHA1 (EPH 

Receptor A1), Membrane Spanning 4-Domains A4A/A4E/A6E (MS4A4A/MS4A4E/MS4A6E), 

PICALM (Phosphatidylinositol Binding Clathrin Assembly Protein), and SORL1 (Sortilin Related 

Receptor 1) are for instance some of these genes that have been verified by several researches 

[112]. Over 40 genes/loci have been associated with the risk of AD through the last 10 years, 

thanks for the routine utilisation of high-throughput approaches (Figure 11) [166]. 

 

 

Figure 11. Summary of genes that have been found to be involved in AD [110] 



74 

 

It has been documented for decades that the most important genetic prognosticators for AD is the 

ε4 allele of APOE gene which is strongly expressed in the brain [138]. Among the several SNPs 

of the APOE gene, there are three most common allelic variants that produce alterations in the 

protein coding sequence leading to the formation of three different APOE isoforms: APOE2 

(cys112, cys158), APOE3 (cys112, arg158), and APOE4 (arg112, arg158) [116, 138]. These three 

isoforms differ only at residue 112 or 158 by one or two amino acids, however, these slight 

differences significantly modify the formation and role of ApoE. People with one ε4 allele have 

2-3fold elevated chance of developing AD while those with two ε4 alleles have about 12-fold 

increased risk relative to people with no ε4 alleles [116]. Furthermore, in the APOE ɛ4 AD 

population the age of onset is lower. It is noteworthy that the ε2 allele of APOE has a shielding 

role being linked with a reduced risk for AD [116].  

 

Human APOE gene is situated on the long arm of chromosome 19q13.1, an AD-associated zone 

as reported by GWAS [55]. This region also holds, upstream of APOE, the LSR gene. Recently, a 

study was performed comparing AD cases with controls to examine the effects of LSR SNPs and 

their interplay with APOE gene allelic variants [55]. This study was the first to report the existence 

of epistatic interaction between LSR SNPs and APOE in AD patients [55] and thus supporting the 

notion that LSR is a candidate gene for AD.  

 

5.4.3 Genetics of TL 

More than 100 genetic variants have been identified as determinants of TL in GWAS of different 

populations [41]. These studies have revealed principal regulating mechanisms of LTL by 

identifying highly replicated variants harboring loci of known genes responsible for TL 

maintenance, such as TERC (Telomerase RNA Component), OBFC1 (STN1 Subunit Of CST 

Complex) and CXCR4 (C-X-C Motif Chemokine Receptor 4), that integrate into the wider image 

of the LTL-dependent atherosclerosis [144]. Moreover, TL related genetic variations can be used 

as further indicators of tailored individual’s susceptibility to disorder risks.  
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5.4.4 Genetics of VEGF-A  

VEGF-A gene is highly polymorphic and exhibits multiple polymorphisms in its promoter and 5′ 

untranslated region [167]. The VEGF-A gene is positioned on the short arm of chromosome 6p21.3 

and bears a 14–kb coding region including eight exons and seven introns [168]. VEGF-A gene 

polymorphisms are of marked attentiveness for several angiogenesis–associated diseases [168]. 

Many studies have published the linkage between distinct VEGF-A SNPs and CVD like CAD, MI, 

and other related anomalies (Table 4) [167]. A meta-analysis study has shown that other 

polymorphisms, encompassing VEGF-A –2578A/C (rs699947), −1154G/A (rs1570360), +405C/G 

(rs2010963), and + 936C/T (rs3025039) are correlated with CAD susceptibility [168]. Moreover, 

VEGF-A polymorphisms were also found to be partnered with atherosclerosis manifestation, 

presumably via manipulating the expression of VEGF-A [169]. Furthermore, it was demonstrated 

that premenopausal patients can be at risk of developing hypertension coupled with overweight if 

they carry the homozygous GG genotype of the polymorphism -634 G/C (rs2010963) of the 

VEGF-A gene that stands as prior indication of CVD [170]. The results of a pooled study suggested 

that the possession of VEGF-A rs699947 C > A, rs3025039 C > T or rs2010963 G > C 

polymorphisms may constitute potential predictors for developing CHD [171].  

 

Two large GWAS have focused on the identification of genetic determinants of VEGF-A levels 

and have demonstrated that 10 polymorphisms explain more than 50% of the variability of VEGF-

A levels in plasma [14, 15]. This is an extraordinary finding in the genetics of multigenetic 

phenotypes, as most variables usually explain very low variability of these traits. Thus, these 

polymorphisms have a high potential for their use in PM and risk prediction of chronic diseases.  
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Table 4. Findings of different studies showing the association between different VEGF-A 

polymorphisms and CVDs [167]. 

Clinical Event  Author  Journal  Polymorphism  Risk genotype  

CHF  Van der meer 

et al.  

J Card Fail 2005  −634 C/G  CC  

CAD  Howell et al.  J Med Genet 2005  −2578 C/A  AA  

MI  Petrovic et al.  Cardiology 2007  −634 C/G  CC  

CAD  Biselli et al.  Heart Vessels 2008  −2578 C/A  AA  

HF after MI  Douvaras et 

al.  

Cardiology 2009  −634 C/G  CC  

Death after CABG  Pastuszczak 

et al.  

Pol Arch Med Wew 

2009  

−634 C/G  GG  

MI  Licastro et al.  Curr Pharm Des 

2010  

−2578 C/A  CC  

CAD  Lin et al.  Am J Hypertens 2010  −634 C/G  CC  

CABG, coronary artery bypass graft; CAD, coronary artery disease; CHF, chronic heart failure; 

HF, heart failure; MI, myocardial infarction; VEGF-A, vascular endothelial growth factor. 

 

6. Diseases risk prediction 

An essential public health requirement arising nowadays is to pinpoint people at high risk for a 

particular disease to allow for early prevention [61]. Models for risk prediction have been a major 

component of medical decisions and conclusions [62]. They offer fast and convenient approaches 

to determine the person’s vulnerability for a particular disorder, which will then guide medication 

decisions [62]. Each individual is subjected to various risk factors and at different extents of 

exposure; consequently, personalised tailored medical decisions are urgently needed to specify an 

individual’s risk to develop a disease and therefore to deliver the corresponding personalised care 

[172]. The concept of “genomic medicine” approach to health care has been widely used lately 

[63]. This approach employ the information derived from the genetic make-up of an individual to 

detect those who are at a greater risk to get affected by a given disease and to intervene to prevent 

this disease at an earlier stage [63]. The era of “big data” in medicine and health has paved the way 

for risk prediction tools vowing to foresee human health incidents [64]. Multiple benefits result 
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from the use of disease risk anticipating approaches that reliably forecast the prevalence and 

prognosis of a disease, or a person’s response to a given medication [64]. Such tools allow people 

to make well-informed medical and preventive decisions; assist clinicians to accurately personalise 

and customise treatments via organising medical care and prevention; and help medical 

management systems in distributing assets to risky patients [64]. Risk prediction tools are not 

created to take the place of doctors, but to aid health professionals in their interpretations by 

offering objective risk predictions [173].  

In chronic diseases prediction domain, creating a validated prediction model is critical, yet other 

features are demanded before considering the model clinically functional. Foremost, the 

employment of a prediction model in wide scale of populations with thorough model 

authentication and continual updates is needed. Besides, it is necessary for the model to be 

comprehensible and easy to use. The model should be easily accessed by people and clinicians to 

figure out effortlessly the disease risk and to elucidate the results to promote general use. 

Moreover, the prediction model outcomes should be coupled with clinical application [172]. 

 

6.1. CVD risk prediction tools 

Based on applicable worldwide and local recommendations for CVD prevention, the efficacy of 

early interventions relies on the estimation of the CVD risk of an individual [174]. Through years, 

several risk algorithmic approaches have been developed to anticipate CVD morbidity over 10-

years or lifelong vulnerability in various demographic groups, in apparently healthy people, 

patients with previous CVD and diabetic patients [173]. Risk algorithms are set at disposal for 

utility in clinical practice via tools, typically interactive and with online available access [173]. 

Distinct CVD risk algorithms are required for distinct groups of patients [173]. There are numerous 

risk algorithms available, including the Systemic Coronary Risk Evaluation (SCORE) for the 

prognostication of the 10-year vulnerability to CVDs mortality in Europe, the QRISK for 

forecasting of the composite consequence of coronary cardiac anomalies, ischemic stroke or acute 

ischemic attack in the UK, and the pooled cohort equations in North America for the prediction of 

the possibility of developing atherosclerosis incident over 10-years [173]. The Framingham Risk 

Score is the most familiar health risk prediction model that evaluates an individuals’ CVD risk and 

recommends lifestyle alterations and early pharmacologic interventions for those who are likely 

to develop CVD in a particular timeframe [172]. 
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6.2. AD risk prediction tools 

Likewise, precise detection of people at high risk for AD is very critical for early diagnosis and 

intervention, such as close monitoring, enhanced care and risk factors targeted intervention. Early 

detection is important for the prosperous investment of disease modifying treatments during pre-

symptomatic phase of the disease before the pathological amyloid and tau accumulation leading 

to extensive brain damage [175]. Multiple approaches have been used for forecasting AD-linked 

parameters like medical assessment, cognitive and imaging assays that exploit multimodal 

biological molecules features present in AD. Moreover, conventional panel studies relying on 

regression analysis present the relation between dependent variables and other familiar variables, 

like clinical examination and cognitive test scores [175]. A further approach includes machine 

learning methodologies and supervised predictive analytics tools like support vector machines, 

random forests, and artificial neural networks, that employ automated data regularities 

identification to study the association between a set of indicators or biomarkers and their tags or 

corresponding analysis [175]. These technologies are employed to distinguish AD cases and for 

identifying people having possibilities of developing AD in a given period of time [175]. 

 

6.3. Artificial intelligence and diseases risk prediction 

Based on how essential data-intensive assays are to uncover relevant intervention targets and 

strategies for PM, implementation of artificial intelligence (AI) in healthcare can play an extensive 

role in the growth of PM at all stages of the clinical development and implementation of novel 

tailored health products, from identifying suitable intervention targets to examining their 

usefulness [65]. AI is the part of information technology that focuses on the ability of machinery 

to mimic or boost brilliant human intelligent behaviors [66]. AI contributes to the advance of PM 

through refining relevant assays and methods of storage, aggregation, accession and ultimately 

integration of the produced data [65]. Through intelligently incorporating panomics with medical, 

imaging, epidemics and population-based analysis data, PM has the ability to refine and enhance 

the conventional symptom-driven use of medicine and enable a broad scale of emergency prompt 

responses to optimise and customise better tailored care [66]. Moreover, healthcare problems 

including misdiagnosis, overtreatment, medical errors, reduced performance, poor handling of 

clinical data, high cost and spending can be mitigated considerably by the employment of the 
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evolution in informational technology, that is AI, at every level of care (Figure 12) [66]. 

 

Figure 12. Privilege of AI in PM compared to traditional care data analysis [66] 
 

6.3.1. Machine learning in diseases risk prediction 

Machine learning (ML), a subset of AI, is now comprising the evolutionary power for guiding 

public health management with multiple computational advantages, which involve instantaneous 

patient tracking, disorders profiles examination, abnormalities identification and recommendation 

of medical remedy, personalised care delivery with improved medication, medical inaccuracy 

mitigation, anticipating scoring, remedial accountability, spotting of elevated disease probability 

for rapid intervention, phenotypic data recognition, scanning hypothesis, specifying hallmarks of 

chronic maladies, risk forecasting, strategic imperative and resources distribution [66]. Support 

vector machine, deep learning, logistic regression, discriminant analysis, decision tree, random 

forest, linear regression, Naïve Bayes, K-nearest neighbor, and hidden Markov model are the most 

extensively implemented ML platforms in medicine (Figure 13) [66].  
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Figure 13. Contribution of ML algorithms for the advance of medicine through integration 

and interpretation of data from different sources [66] 

 

6.3.2. Machine Learning risk prediction of CVD  

Most medical scientists are attracted by the state-of-art ML-oriented techniques for data analysis 

and interpretation that can enhance the ability of detecting people at risk of developing chronic 

diseases through broad databases to point new risk predictors and their complicated interactions. 

Lately, a modern automated ML method based on AutoPrognosis algorithmic framework was 

developed to assess CVD risk prediction in symptomless subjects [176]. This approach was 

established using records of about 400,000 UK Biobank subjects, including more than 450 variants 

per subject. Compared to popular scoring systems that are established on standard disease 

predictors and presently endorsed by preventive recommendations as Framingham score, 

AutoPrognosis greatly increased the accuracy of CVDs risk prediction (Table 5). Besides, this 

approach has permitted the finding of new predictors for CVD. Notably, AutoPrognosis revealed 

interactions among distinct elements of an individual, leading to the detection of hazard 

prognosticators of subgroups for whom the present tools were giving inaccurate disease 

susceptibility forecasts [176]. 
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Table 5. Different risk anticipation models’ performance [176] 

Model AUC-ROC  Absolute AUC-ROC 

Change  

Framingham Score 0.724 ± 0.004 Baseline model  

Cox PH Model (7 core 

variables)  

0.734 ± 0.005 + 1.0% 

Cox PH Model (all variables) 0.758 ± 0.005 + 3.4% 

Support Vector Machines 0.709 ± 0.061 - 1.5% 

Random Forest 0.730 ± 0.004 + 0.6% 

Neural Networks 0.755 ± 0.005 + 3.1% 

AdaBoost 0.759 ± 0.004 + 3.5% 

Gradient Boosting 0.769 ± 0.005 + 4.5% 

AutoPrognosis (7 core 

variables) 

0.744 ± 0.005 + 2.0% 

AutoPrognosis (369 non-lab. 

variables) 

0.761 ± 0.005 + 3.7% 

AutoPrognosis (104 lab. 

variables) 

0.735 ± 0.008 + 1.1% 

AutoPrognosis (all variables) 0.774 ± 0.005  + 5.0% 

AUC, Area Under the Curve; ROC, Receiver Characteristic Operator 

 

6.3.3. Machine Learning risk prediction of AD  

Another state of art ML model was developed for the prediction of AD future incidence exploiting 

broad-range administrative health information [177]. Knowing that conventional prior risk 

prediction tools possess reliability fluctuating between 0.5 to 0.78 in AUC, this ML-based 

algorithmic framework was able to predict AD potential occurrence with 0.781 reasonable 

exactness in terms of AUC in a year forecast. The accurate performance of this model established 

on huge national-wide contexts can promote the future usefulness of AD predictive tools build on 

executive information [177]. A systematic review revealed that multifaceted approaches better 

anticipate the likelihood for neurodegenerative complications, while approaches based on one 

factors perform weakly, proposing that effective prediction of AD prospect needs broad plethora 
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of data, and thus, supporting data-driven AI-ML approaches that gathers important data records 

from massive medical databases incorporating thousands of information of individuals’ clinical 

records and deliver well-tailored AD risk prognostication [177]. 

 

6.3.4. Machine Learning risk prediction with genetic data and visualisation 

Genetic technologies based on GWAS and next generation sequencing (NGS) are empowering the 

exploration of multifactorial disorders' genetic constitution to construct more exact disease 

prognosticative tools that will potentially promote successful methodologies to tailored prevention 

and medication options for different disorders. Computational ML approaches can make use of 

masked linkages among genetic and other predisposing parameters, anticipating the disease 

probability through engaging genetic aspects and network forecasting tools [178]. ML algorithms 

place marked weight on optimising the performance of tailored anticipating approaches. Although 

ML-dependent data processing methodologies may furnish suitable basis for using vast array of 

genetic records to prognosticate the likelihood of encountering a disease, their progress seems to 

be in preliminary level [178]. Implementing extremely adaptive data mining and processing 

algorithms for collecting genetic features is essential for rendering these frameworks quite efficient 

for extracting data from existing GWAS and candidate genes and analysing them in multitude of 

subjects together with the evolving information from high throughput sequencing fieldwork, like 

the 1000 Genomes project [178]. ML approaches conform a panel of complicated analytical and 

computer based programs like support vector machine or random forest to prognosticate through 

establishing a mathematic map displaying the sophisticated relations between a batch of candidate 

allelic variants and complex disorders' traits [179]. Supervised ML prognosticating tools are 

formed by training the machine using well-labeled datasets to outline the link between the 

genotype information and the related disorder, that is to predict outcomes for hidden data [179]. 

Following the training phase, algorithms with optimal prognosticating ability are sorted out for 

verification [179]. The workflow for generating a ML approach from a genotype input data is 

clarified in Figure 14 [179]. 
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Figure 14. The protocol of supervised ML algorithm generation from genotype input data 

[179] 
 

Actually, the solidity of ML data manipulation in multifactorial disorders incidence 

prognostication resides in its processing of synergetic extensive data [179].   

The immensity of data explosion in the biomedical research in contemporary "big data" era is 

evident [68]. The growing amount of data employed in GWAS, and the complication of the 

methods utilised to assess the data, require a new integrative approach to genetics discovery [180]. 

We must depend on the powers of machines and humans to thoroughly capture the potentiality of 

today's genetic data [67]. In the genetics realm, where the quantity of achievable data keeps 

growing, the implementation of data visualisation and ML techniques has the ability to boost the 

progress in genetics discovery [67]. Data interpretation is important to transform the increasing 

volume of data into knowledge and this interpretation is facilitated vastly by interactive and user-

friendly data visualisation [69]. Application of effective visualisation technologies is critical not 

only to address the known but also to uncover the hidden, enabling assumptions, insights and 

principles to be inferred [68]. The visualisation of genomic information is important for elucidation 

and postulate formulation, in addition to practically assisting communicating discoveries. 

Interactive visual tools bridge the distance between algorithms and investigators' mental abilities 

[181]. Multiple strategies for visualising genomic-derived data in an interactive manner were 

developed in response to the massive information basis of biomedicine and the absence of clear-

cut postulations in several disciplines [181]. Such tools should be simple to use and manage big 
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quantities of input data in a way that users can retrieve and access essential information and import 

the high resolution image for their publications [70]. One of this tools that is recently developed 

for multiple applications going from science into business, is the Microsoft Power BI (Business 

intelligence). Power BI consists of software services, applications, and connectors, which 

transform database into coherent and interactive insights using a large variety of plots and graphs. 

Power BI allows the connection of different datasets, the data visualisation and/or discovery, and 

the data sharing [71]. 
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Hypothesis and Objectives 
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CVD and AD are two of the major chronic diseases that have a vast burden in the individual’s 

health and life and the healthcare systems. They share some common pathophysiological pathways 

like inflammation, angiogenesis and lipid metabolism abnormalities. The two diseases have a 

strong heritable component and many efforts have been done to identify the variants that 

genetically define the risk for these diseases. Although with the GWAS a large progress has been 

made in the determination of some of these variants, an important part of the heritability of these 

diseases remains to be uncovered. Consequently, the personalisation of disease risk is still limited. 

Therefore, there is an increased need for identification of novel determinants of disease risk that 

will eventually allow tailoring and personalisation of risk prediction. A more focused approach, 

like the candidate gene approach of key biomarkers, could improve this desired objective.  

TL and VEGF-A are key biomarkers that link different chronic diseases together [29-31]. These 

biomarkers have a large genetic background and are optimal biomarkers for use in PM [13, 32]. 

Importantly, for VEGF-A, we have identified a large part of its genetic background [14, 15] and 

the variants that explain its variability can serve as novel determinants for chronic diseases risk 

evaluation. Molecular determinants of these biomarkers could also be used for this purpose. We 

thus hypothesised that the determinants of these biomarkers could be associated with CVD, AD 

and their intermediate phenotypes and could be of important value for the prediction of disease 

risk and the earliest disease prevention.  

Precisely, the aim of this thesis was to identify the “-omics” determinants of VEGF-A and TL, to 

investigate their relationships with CVD and AD and to study their usefulness in disease risk 

prediction. Furthermore, in order to allow the replication, generalisation and extension of our 

results, an emphasis was given in the standardisation of the analytical process and the visualisation 

of the datasets that were used in the thesis projects. 

  

Four objectives have been evaluated:  

 

Objective: 1. Identify determinants of LTL and VEGF-A in health, CVD and AD 

Objective: 2. Develop predictive models with the use of the above identified determinants  

Objective: 3. Develop algorithms for the use of the previously developed predictive models  

Objective: 4. Develop a user-friendly application for the descriptive presentation of populations 

and primary analyses  
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Methods and Materials 
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Populations  

The STANISLAS Family Study  

The STANISLAS Family Study (SFS) is a familial longitudinal cohort aimed to study the genetic 

and environmental effects on cardiovascular intermediate phenotypes using the model of nuclear 

families [182, 183]. Laboratory, clinical, lifestyle and demographic data were initially collected 

on 1006 families (two parents and at least two children aged 4 or more) from the East of France 

by trained professionals. Follow-up visits were performed 2 more times in an interval of 5 years 

(total follow-up period of 10 years). Participants were recruited in the Center for Preventive 

Medicine (CMP) of Vandoeuvre-lès-Nancy, during a periodical health assessment. Inclusion 

criteria included an European-Caucasian origin and lack of any declared acute and/or chronic 

disease. There are > 600 variables collected for each individual. Measurements were performed in 

the CMP and in other collaborating research laboratories. Study protocols were approved by the 

institutional ethics committee CCPPRB de Lorraine (Comité consultatif de protection des 

personnes dans la recherche biomédicale) and CNIL (Commission Nationale de l'Informatique et 

des Libertés). All individuals gave written informed consent for their participation in the study. 

The SFS is part of the Biological Ressources Centre 'Interactions Gène-Environnement en 

Physiopathologie Cardio-Vasculaire’ (BRC IGE-PCV) with identification number BB-0033-

00051. 

 

The TELARTA study 

Telomeres and Arterial Aging (TELARTA) study aimed to investigate the links between arterial 

aging and development of atherosclerosis with TL in different tissues and LTL dynamics. It is 

involving the study of the difference between TL of muscle (estimate of TL at birth) and leukocytes 

(current estimate of TL) that is an index of telomere attrition through life. The main population of 

the study (discovery cohort) is a case-control study of patients with clinically significant 

atherosclerotic disease and controls without evidence of clinical CVD or history of previous CVD. 

Muscle biopsies were collected during undergoing surgery or pacemaker/defibrillator 

implantation. The university hospitals of Nancy and Marseille (France) recruited 131 

atherosclerosis cases and 128 controls. Exclusion criteria included: body mass index (BMI) >40 

kg/m2, glomerular filtration rate < 30 mL min−1 1.73 m−2, active malignancy, or history of 

chemotherapy/radiotherapy for cancer, and presence of aortic aneurism. 
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A replication population (replication cohort) was also enrolled and consisted of additional 91 

individuals from the university hospitals of Nancy and Marseille, and 52 individuals recruited at 3 

located in Athens (Greece) hospitals (Onassis Cardiac Surgery Center, Iaso General Hospital, 

Hippokration Hospital). The exclusion criteria for the replication cohort were less strict and 

individuals excluded from the TELARTA discovery cohort based on BMI >40 kg/m2, glomerular 

filtration rate values, malignancy or history of chemotherapy/radiotherapy were included in 

replication cohort. All participants gave their written informed consent approved either by the 

Ethics Committee (Comité de Protection des Personnes) of Nancy, France or by the Ethics 

Committee of the University of Athens and Ethics Committee of each one of the 3 participating 

hospitals of Athens [42]. 

 

Case-control AD population  

The case-control of late-onset AD population consisted of 1078 (602 controls and 476 cases) 

unrelated individuals of European origin (9 European countries) and its recruitment aimed to study 

the effect of ApoE levels and APOE polymorphism on AD risk. The recruitment and data 

collection of this population was previously described [25]. The clinical diagnosis of AD was 

based on 5 criteria: the National Institute of Neurological and Communicative Disorders and 

Stroke and the AD and Related Disorders Association classification of probable AD; the 

Diagnostic and Statistical Manual of Mental Disorders, Fourth Edition; the International 

Classification of Diseases and Related Health Problems, 10th Edition; the Mini Mental State 

Examination score equal to or less than 23 (Mini Mental State Examination >23 for controls); as 

well as the modified ischemic scale less than three. Secondary causes of dementia were excluded 

by computerised tomography scan of the brain. Exclusion criteria included other chronic diseases 

like cancer, CVD, cerebrovascular diseases and neurological diseases like Parkinson's diseases. 

Controls followed similar assessment and interviews as cases, except from the computerised 

tomography scan. They had a Mini Mental State Examination >23 and were free of dementia. The 

project was approved by the related ethics committee, and all subjects gave their informed consent 

to participate in the study. Genotyping data were available in a subsample of the population.  

 

DNA extraction  

Blood samples of individuals were taken after overnight fasting and were collected to EDTA 
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(ethylenediaminetetraacetic acid) vacuum tubes. For individuals from SFS and the AD case-

control population, whole blood DNA was extracted by Miller technique [184] and was stored on 

-80 °C in BRC IGE-PCV, while in TELARTA cohort the DNA extraction was performed by the 

phenol/chloroform/isoamyl alcohol method.  

 

Genotyping 

Genotyping of SNPs in the SFS, the AD case-control population and the TELARTA cohort was 

performed by the Laboratory of the Government Chemist (LGC Ltd., Teddington, UK), using the 

competitive allele-specific PCR (KASP) chemistry coupled with a Förster resonance energy 

transfer-based genotyping system (http://www.kbioscience.co.uk/reagents/KASP/KASP.html), 

which enables bi-allelic scoring of SNPs and insertions and deletions (Indels) at specific loci [185], 

and by Randox genotyping VEGF-A assay.  

 

Peripheral blood mononuclear cells (PBMCs) isolation 

PBMCs of individuals of the SFS were isolated using the density gradient centrifugation method 

[186]. Whole blood was collected in tubes with sodium heparin. Hanks’ Balanced Salt Solution 

(SIGMA Aldrich, reference: H6648) was added into 15 mL tubes with blood and poured gently 

into a 15 mL tube with Ficoll paqueTM plus solution (Sigma Aldrich, reference: 17-1440-02). Ficoll 

paque medium is denser than lymphocytes, monocytes, and platelets (meaning these will remain 

above it), but less dense than granulocytes and erythrocytes, which will drop below it. The contents 

of the tube were centrifuged for 30 min at 300 g at room temperature. A PBMCs ring was retrieved 

and collected into a 15 mL tube, filled with Hanks’ Balanced Salt Solution and centrifuged for 10 

min at 1000 g at room temperature. The supernatant was aspirated and 2 mL of Hanks’ Balanced 

Salt Solution were added. The solution was well suspended, filled up to 15 mL with Hanks’ 

Balanced Salt Solution and centrifuged for 10 min at 1000 g at room temperature (second 

washing). The PBMCs ring was collected into Eppendorf tube with 1 mL of Hanks’ Balanced Salt 

Solution. PBMCs populations were evaluated by microscopic observation after May-Grunwald-

Giemsa staining and the PBMCs concentration was normalised to 106 cells/mL in Hank’s Buffer. 

After final centrifugation 5 min at 1000 g at room temperature the supernatant was aspirated and 

the pellet of PBMCs was processed immediately or stored at -80 °C. 

 

http://www.kbioscience.co.uk/reagents/KASP/KASP.html
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Gene expression / mRNA quantification 

In SFS, total mRNA was extracted and quantified from isolated PBMCs using the MagNA Pure 

LC RNA HP isolation kit and RNA HP Blood External lysis protocol (Roche Diagnostics, France) 

as previously described [9, 187]. Briefly, 200 units of M-MuLV Reverse Transcriptase with 0.25 

μg of oligos (dT) (Promega, France) were used to perform reverse transcription of total RNAs. 

Quantification of the transcripts coding for the VEGF-A isoforms (VEGF-A121, VEGF-A145, 

VEGF-A165, VEGF-A189) was performed using TaqMan® and LightCycler technologies (LC 

TaqMan Master Kit, Roche Diagnostics, France). All experiments were performed in duplicate. 

RT-PCR optimisation and specificity of Real Time-PCR products were conducted using SYBR® 

Green technology (LC FastStart DNA MasterPLUS SYBR Green I kit, Roche Diagnostic, France), 

melting curves analysis and agarose gel electrophoresis of the PCR amplicons. All mRNA levels 

were normalised to the mRNA levels of B2M (Beta-2-Microglobulin) gene. 

 

Total protein extraction from PBMCs 

In SFS total protein from PBMCs was extracted using the lysis solution composed of cell lysis 

buffer (CelLyticTM-M, SIGMA Aldrich, reference: C2978) and protease inhibitor (0.5 %, 

Protease Inhibitor Cocktail, SIGMA Aldrich, reference: P8215) added to the PBMCs pellet, as 

recommended by the manufacturer (SIGMA Aldrich). This was stirred for 15 min at room 

temperature, and centrifuged for 15 min at 12000 g at 4 °C. The supernatant was collected and was 

stored at -80 °C. 

 

Protein quantification 

Quantification of inflammatory molecules (IL-1α, IL-1β, IL-2, IL-4, IL-6, IL-8, IL-10, MCP-1 

(monocyte chemoattractant protein), TNF-α, INF-γ, EGF (epidermal growth factor) and VEGF-

A) from PBMCs extracts of individuals from the SFS and from plasma samples of TELARTA 

cohort was performed by Randox high sensitivity multiplex cytokine and growth factor array 

(Evidence Investigator Analyzer, Randox Laboratories Ltd., Crumlin, United Kingdom) Cytokine 

Array I. This array enables simultaneous detection of 12 cytokines and growth factors in a single 

sample. It is a Randox patented array of 9 x 9 mm2 activated biochip with spatially discrete test 

regions containing antibodies specific to each of the inflammatory molecules assessed.  
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Telomere length measurement 

MTL (muscle telomere length) and LTL were measured in DNA extracted from muscle biopsies 

and peripheral blood leukocytes respectively [42, 188]. Skeletal muscle biopsies (~100 to 200 mg 

in the surgical field) were collected from individual during surgery, flash frozen in liquid nitrogen 

and stored on -80 °C until DNA extraction.  

 

DNA samples passed an integrity testing using a 1% (wt/vol) agarose gel before TL measurement, 

which was performed by the Southern blot analysis of terminal restriction fragments, as described 

previously [44]. Briefly, DNA samples were treated overnight with restriction enzymes HinfI and 

RsaI (Roche Diagnostics GmbH, Germany). Digested DNA samples and DNA ladder were 

resolved on 0.5% (wt/vol) agarose gels for 23 hours. After depurination, denaturation and 

neutralisation, DNA was transferred on a positively charged nylon membrane (Roche) using a 

vacuum blotter (Biorad, Hercules, CA). Membranes were hybridised at 42°C with a digoxigenin-

labelled telomeric probe. The probe was later detected by the DIG luminescent detection procedure 

(Roche) and exposed on a charge-coupled device camera (Las 4000, Fuji). Measurements were 

performed in duplicate on separate gels. The measurement repeatability, as determined by the 

intraclass correlation coefficient, was 0.99 (95% confidence interval, 0.817–1.0) and 0.98 (95% 

confidence interval, 0.81–1.0) for LTL and MTL, respectively. The repeatability of the means of 

two duplicates, known as the extrapolated repeatability, was 0.995 and 0.991 for LTL and MTL, 

respectively. The analysis was performed in the laboratory UMR INSERM U1116 DCAC. 

 

Statistical analysis 

Normality testing was performed for all dependent variables using the Kolmogorov-Smirnov test 

and transformations were applied to achieve normal distribution if possible. For normally 

distributed variables (transformed or non-transformed) parametric statistical tests were performed, 

while for variables not normally distributed (even after transformations) non-parametric tests were 

used.  

 

Non-parametric Spearman test was performed to study the correlation between VEGF-A and 

inflammatory molecules levels in PBMCs extracts and linear regression models adjusted for age 

and gender were used to test the associations of these variables. Associations between VEGF-A 
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mRNA isoforms and inflammatory molecules levels in PBMCs were tested using linear regression 

models adjusted for age and gender. Mixed models adjusted for family structure were also applied 

to correct for possible issues of stratification due to familial resemblance in SFS. Analyses were 

performed using the SPSS 20.0 software.  

 

The association of VEGF-A plasma levels with LTL, MTL and LTL/MTL were tested using 

multiple regression analyses adjusted for age, sex and statin use, because statins were significantly 

associated with VEGF-A levels in the TELARTA population. Non-genetic analyses were 

performed using the SPSS 20.0 software. The direct effects of TL-related and VEGF-A-related 

genetic variants on LTL, MTL and LTL/MTL were tested using linear regression models adjusted 

for age and sex using PLINK under the assumption of an additive genetic model. Reference allele 

for all variants was the minor allele. Epistatic interactions were tested using R and the R package 

CAPE (combined analysis of pleiotropy and epistasis).  

 

In the AD case-control population quality control was performed before the analysis and 

individuals with missing data and outliers were excluded from further analysis. The identification 

of outliers was performed using the principal component analysis. Then, quality control was 

performed on genotyping data: exclusion of individuals that genotyping has failed for >10% of the 

polymorphisms, exclusion of polymorphisms that failed in >20% of the individuals, and exclusion 

of polymorphisms that are not in agreement with Hardy-Weinberg equilibrium tested using the χ2 

test. Missing values for the remaining individuals were imputed using the missMDA R package.  

The prediction model for the AD risk was developed using a machine-learning approach called 

elastic net (EN) [51]. It is a method extensively used in the development of disease prediction 

models, especially when these integrate “-omics” data [189-192]. It is also being used with genetic 

data and GWAS studies [193, 194] and it is considered to function better in cases where gene * 

environment interactions are involved in the prediction of a disease [195]. Comparison studies 

have shown that EN is a powerful tool, especially when additive gene effect is expected [196]. It 

has also been previously used in AD risk prediction with clinical factors, imaging and “-omics” 

[52-54] but not to study the effect of candidate genes as predicting factors. It is testing hundreds 

of logistic regression models and penalising them until it finds the optimal one. It is a regularised 

regression methodology that combines Lasso and Ridge regression. Logistic regression model 
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indicates the conditional probabilities through a linear function of the predictors: 

Pr(G = 1/x) = 
𝟏

𝟏 + 𝒆−(𝜷𝟎+𝒙𝑻𝜷)
 

Pr(G = 2/x) = 
𝟏

𝟏 + 𝒆+(𝜷𝟎+𝒙𝑻𝜷)
 = 1 – Pr(G = 1/x) 

 

Alternatively, this implies that 

𝑙𝑜𝑔
𝑃𝑟(𝐺 =  1/𝑥)

𝑃𝑟(𝐺 =  2/𝑥)
 =  𝜷𝟎 + 𝒙𝑻𝜷 

In the regularised maximum binomial likelihood, p(𝑥𝑖) = Pr(G = 1/𝑥𝑖) is the probability for the i 

observation at a specific value for the parameters ( 𝛽0,β). To maximise the penalised log-likelihood 

 

𝑚𝑎𝑥 ( 𝛽0,β)∈ℝ𝑝+1  [ 
1

𝑁
 ∑𝑁

𝑖=1  { I(𝑔𝑖=1)*logp(𝑥𝑖) + I(𝑔𝑖=2)*log(1-p(𝑥𝑖)) } - λ𝑃𝑎(β)] 

In the final step of the EN, the use of coordinate descent for solving the penalised weighted least-

squares problem has as an objective function, the penalised negative binomial log-likelihood, and 

it is: 

 

𝑚𝑖𝑛(𝛽0,𝛽)∈ℝ𝑝+1    − [
1

𝑁
 ∑ 𝑦𝑖  (𝛽0  +  𝑥𝑖

𝑇𝛽)  −  𝑙𝑜𝑔(1 +  𝑒(𝛽0 + 𝑥𝑖
𝑇𝛽))𝑁

𝑖=1 ] + λ[(1-α)||𝛽||2
2/

2+α||𝛽||1] 

where λ is a parameter that controls shrinkage, 0 is no penalty and ∞ is entirely penalty, and α 

regulates how much of the ridge vs. lasso, 0 is the ridge, and 1 is the lasso. In our process, we run 

multiple cross-validations for different values inside this interval [0,1] to define the optimal α for 

our model. To apply this methodology in R software, we used the glmnet package (version 4.1-1).  
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Development of an analytical pipeline for the diseases risk prediction model 

The R scripts that were used to perform the analyses of the AD cases-control population were 

combined into a standardised automated algorithm with a user-friendly interface (RSGEN) using 

the R Shiny package. Shiny is an R package that makes it easy to build interactive web applications 

straight from R. It was selected because it allows the development of customised tools that can be 

modified and extended based on the needs of the research teams.  

 

Development of a user-friendly application for data visualisation 

As already mentioned, the big data era is facing the challenge of managing and visualising big 

data. The large volume of information can be practically used and fully exploited by user-friendly 

ways of presentation. In this thesis, a user-friendly application for the data visualisation has been 

developed with the use of a novel visualisation tool, the PMI is based on Power BI (Microsoft) 

which allows for interactive visualisation [71]. It is a tool that consists of software services, cloud-

based applications, and connectors, which synergistically turn the data of different populations 

into visually immersive, and interactive insights. It allows connection of different data sources, 

data visualisation and discovery, data querying and data sharing. It is based on a self-service 

environment where users can create and share reports and dashboards. It is designed to make data 

analysis quick and easy and it provides connectivity to different datasets with a simple interface 

that makes dashboard creation fast and accessible. It was selected for the populations data 

visualisation task because it is a perfect tool for reporting and produces great-looking visualisations 

while it can be easily used and provide meaningful outputs for scientists of different disciplines 

and not only specialists in informatics. Also, the fact that it is developed by Microsoft increases 

the reliability of the tool.  

 

Input data included the population of the publications 3 and 4 datasets in Excel spreadsheet. These 

data were stored locally in the EA_1122; IGE-PCV desktops. The Power BI tool was connected 

with R locally and the customised application was developed as desktop application. However, 

Power BI allows the input of data from cloud for example a university cloud, the use of cloud 

applications and the development of a customised web application easily shared and accessible.  
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However, the use of web tools requires specific authorisations and safety procedures for data 

security and due to the sensitive nature of the medical data included in this project the local 

procedures were followed. This architecture is presented in Figure 15.  

 

Figure 15. Architect of Power BI tool 

Yellow color indicates the procedures that were followed in the thesis. The blue color indicates 

possible extensions of the application depending on authorisations to share data online.  
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Publication 1 

 

Telomere length determinants in childhood [32] 

Gorenjak V, Petrelis AM, Stathopoulou MG, Visvikis-Siest S. 

Clin Chem Lab Med. 2020 Jan 28;58(2):162-177. 

My specific contribution in this study was: Bibliography search and participation in the drafting 

of the manuscript 

 

This review article aimed to present the current situation of knowledge on telomere dynamics 

during childhood including also the factors that affect TL in embryonic life and in newborns.  

The childhood is a particularly important period for TL [33] that determines TL throughout life 

and its relation with common chronic diseases. The environment plays a detrimental role during 

pregnancy for the TL of neonates [34-37]. A very challenging field is the genetics of TL in 

childhood that seems to be differentially regulated compared to adults [38]. We emphasise the 

usefulness of TL as an index of health and we propose its regular measurement that could be of 

clinical importance starting from childhood.  

This review article served as an introduction to the thesis, focusing on one of the two biomarkers 

of interests and setting the knowledge base for the original publications on TL genetic 

determination and its links with biomarkers of chronic. 
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Publication 2 

 

Peripheral blood mononuclear cells extracts VEGF-A protein levels and VEGF-A mRNA: 

Associations with inflammatory molecules in a healthy population [197] 

Gorenjak V*, Vance DR*, Petrelis AM, Stathopoulou MG, Dadé S, Shamieh SE, Murray H, 

Masson C, Lamont J, Fitzgerald P, Visvikis-Siest S.  

PLoS One. 2019 Aug 16;14(8):e0220902.  

* equal first authors  

My specific contribution in this study was: Participation in the analysis, in the drafting and the 

revision of the manuscript 

 

Objective 

This investigation has been performed in order to assess the determinants of VEGF-A in PBMCs. 

PBMCs are immune cells that include populations of B cells (~15 %), T cells (~70 %), monocytes 

(~5 %), and natural killer (NK) cells (~10 %) [39]. They are secreting VEGF-A and inflammatory 

molecules [40]. PBMCs extracts is a good model for investigating the association of VEGF-A with 

other inflammatory molecules. 

The specific objective of this study was to investigate the associations of 11 inflammatory 

molecules with VEGF-A mRNA levels of four VEGF-A isoforms (VEGF-A165, VEGF-A189, VEGF-

A145 and VEGF-A121) and with VEGF-A protein levels in PBMCs in a healthy population, allowing 

to identify physiological determinants of VEGF-A.  

 

Populations and analysis 

Participants from the STANISLAS Family Study (SFS) (n=285) were included in the study. The 

levels of IL1α, IL-1β, IL-2, IL-4, IL-6, IL-8, IL-10, MCP-1, TNF-α, INF-γ, EGF and VEGF-A 

were measured in PBMCs extracts. Four VEGF-A mRNA isoforms from total RNA derived from 

PBMCs (VEGF-A121, VEGF-A145, VEGF-A165 and VEGF-A189) were quantified in 110 participants. 

VEGF-A levels were log-transformed to normalise the distribution of data. Data were tested for 

outliers, which were removed before correlation and linear regression analysis. Non-parametric 

correlation analysis (Spearman correlation) and linear regression models were applied, adjusted 

for age and gender, to test for possible associations between VEGF-A protein levels and 
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inflammatory molecules. Mixed models adjusted for the family structure were also applied to 

correct for possible issues of stratification due to familial resemblance.  

 

Results 

Significant correlations were observed between VEGF-A and EGF, IL-1β, IL-8, MCP-1 and TNF-

α. VEGF-A levels were significantly associated with IL-4, MCP-1 and EGF in linear regression 

models adjusted for age and gender (Table 6). 

 

Table 6. Significant associations between VEGF-A levels and inflammatory molecules.  

 SE: Standard error, β: Effect size 

 

Significant correlations were observed between VEGF-A121 and IL-4, between VEGF-A165 and IL-

4, IL-6, and between VEGF-A189 and IFN-γ, IL-1β, IL-4, IL-6. 

VEGF-A165 was associated with MCP-and IL-1α, whereas VEGF-A189 was associated with IL-4 

and IL-6 in linear regression models adjusted for age and gender (Table 7). 

 

Table 7. Significant associations between VEGF-A mRNA isoforms and inflammatory 

molecules

 VEGF-A165 VEGF-A189 
 

β SE P β SE P 

Monocyte Chemoattractant Protein 1 -0.319 0.006 0.002 - - - 

Interleukin 1 alpha -0.269 0.010 0.008 - - - 

Interleukin 4 - - - -0.290 0.017 0.019 

Interleukin 6 - - - -0.260 0.110 0.034 

SE: Standard error, β: Effect size 

 VEGF-A 
 

β SE P 

Interleukin 4 0.028 0.011 0.013 

Monocyte Chemoattractant Protein 1 0.015 0.003 <0.0001 

Epidermal Growth Factor 0.017 0.003 <0.0001 
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The analyses for associations were repeated using mixed models adjusted for family structure, 

which gave the same significant results.  

 

Conclusions 

This work gave new insights into the links between inflammatory molecules and VEGF-A, thus 

contributing to increase our knowledge on the regulation of angiogenesis.  

It has revealed significant associations between VEGF-A levels and its mRNA isoforms with IL-

1α, IL-4, IL-6, EGF, and MCP1 in PBMCs of healthy individuals. These results further support 

the important role of cytokines and growth factors in VEGF-A regulation also at lymphocytes 

cellular extract level. The interactions of specific isoforms with different inflammatory molecules 

should be considered in the investigations of molecular and biological pathways involving VEGF-

A, angiogenesis and chronic diseases development. They could also be of value for prediction of 

chronic diseases where inflammation and angiogenesis are involved like CVD, cancer and AD.  
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Publication 3 

 

TERC variants associated with short leukocyte telomeres: implication of higher early life 

leukocyte telomere attrition as assessed by the blood-and-muscle model. [198] 

Toupance S, Stathopoulou MGS, Petrelis AM, Gorenjak V, Labat C, Lai TP, Visvikis-Siest S, 

Benetos A.  

Cells. 2020 May 9(6), 1360 

My specific contribution in this study was: Participation in the analyses, in the preparation and the 

revision of the manuscript  

 

Objective 

Telomere length has an important genetic background and multiple GWAS studies have identified 

variants that are strongly associated with TL in leucocytes [41]. As leucocytes are highly 

proliferative tissue, LTL represents TL at any given moment of life, while TL in minimally 

proliferative tissues, such as skeletal muscle telomere length (MTL), represent an estimation of the 

TL at the beginning of life. Furthermore, the ratio LTL/MTL provides an estimation of TL attrition 

throughout life. The genetic background of these two TL indexes has not been studied before. 

Therefore, this investigation aimed to assess the associations between candidate genes for LTL 

with LTL, MTL, and LTL/MTL in a case-control population of atherosclerotic cardiovascular 

disease (ASCVD).  

 

Population and analysis 

The population was part of the TELARTA cohort and consisted of one discovery cohort of 259 

individuals with (n=131) or without (n=128) clinical manifestation of atherosclerotic CVD, an 

independent replication cohort of 91 individuals, recruited under the same conditions and 52 

individuals from an independent Greek population [42]. In total, 402 individuals were included 

and were genotyped for fifteen SNPs (rs11125529, rs6772228, rs12696304, rs10936599, 

rs7675998, rs7726159, rs2736100, rs9419958, rs9420907, rs4387287, rs3027234, rs8105767, 

rs412658, rs6028466 and rs755017), observed previously to be associated with LTL in several 

GWAS [43]. TL measurements was done by Southern blot analysis of terminal restriction 

fragments, as previously described [44].  
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The direct effects of variants on LTL, MTL and LTL/MTL were tested using the PLINK toolset 

in the additive genetic model. Epistatic interactions were tested using PLINK and R package 

CAPE.  

 

Results 

Two LTL-related SNPs (rs12696304 and rs10936599), located on the TERC gene, were associated 

with the LTL/MTL ratio (p = 0.007 and p = 0.037, respectively) but not with MTL (p = 0.78 and 

p = 0.32 respectively). The alleles associated with shorter LTL were associated with a lower 

LTL/MTL ratio, thus signaling higher LTL attrition (Figure 16). No significant epistatic 

interaction was identified.  

 

 

 
Figure 16. TERC variants association with telomere attrition (LTL/MTL)  

(a) LTL/MTL ratio (expressed in %) according to rs12696304 genotype; (b) LTL/MTL ratio 

(expressed in %) according to rs10936599 genotype.  

β: change in ratio per copy of the effect allele  

Values are presented as mean +/− standard error of the mean 

Analyses are age-adjusted. 
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Conclusions 

We have demonstrated that the rs12696304 and rs10936599, which were previously associated 

with short LTL, do not affect TL at birth (estimated by MTL), but are associated with higher 

telomere attrition (estimated by LTL/MTL) during lifetime. Thus, polymorphisms located on 

genes coding for telomere maintenance proteins may contribute to higher TL attrition and could 

have an impact on the development of chronic diseases like ASCVD. Therefore, this study 

proposes novel insights in the association between short LTL and ASCVD and the identified 

variants could be tested for their predictive value for the development of atherosclerosis.  
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Publication 4 

 

A genetic determinant of VEGF-A levels is associated with telomere attrition. [199] 

Gorenjak V *, Petrelis AM*, Stathopoulou MG**, Toupance S**, Labat C, Masson C, Murray 

H, Lamont J, Fitzgerald P, Benetos A***, Visvikis-SiestS***.  

Aging (Albany NY). 2021 Oct 18;13(20):23517-23526 

* equal first authors, **equal second authors, ***equal last authors 

My specific contribution in this study was: Participation in the conception of the research idea, 

support the writing of the manuscript, the conception and the realisation of analyses, the 

interpretation of the results, and the revision of the manuscript.  

 

Objective 

VEGF-A and TL are biomarkers that are implicated in chronic diseases pathways, including 

inflammation and angiogenesis. They both have a strong heritable background [13, 45] and 

significant inter-individual variability [46, 47], thus, the identification of common genetic 

determinants for these two biomarkers could facilitate their use in personalised prediction of 

chronic diseases. This study aimed to expand the knowledge of the common pathways that regulate 

both biomarkers through the investigation of the genetic associations between VEGF-A and TL.  

 

Population and analysis 

The population of the previous study (Publication 3) was used in this investigation. It was part of 

the TELARTA cohort and consisted of one discovery cohort of 259 individuals with (n=131) or 

without (n=128) clinical manifestation of atherosclerotic CVD, an independent replication cohort 

of 91 individuals, recruited under the same conditions and 52 individuals from an independent 

Greek population [42]. In total, 402 individuals were included and were genotyped for ten VEGF-

A-related polymorphisms: rs10761741, rs10738760, rs6921438, rs7043199, rs6993770, 

rs4416670, rs114694170, rs34528081, rs4782371 and rs2639990.  

 

VEGF-A protein was measured in plasma samples, using Cytokine Array I on Randox semi-

automated benchtop immunoanalyser (Evidence Investigator Analyzer, Randox Laboratories Ltd., 

Crumlin, United Kingdom) and TL measurements was done by Southern blot analysis of terminal 
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restriction fragments, as previously described [44]. 

 

The direct effects of VEGF-A related genetic variants on three phenotypes of interest (LTL, MTL 

and LTL/MTL) were tested using linear regression models adjusted for age and sex with the 

PLINK toolset, while epistatic interactions were tested using R package CAPE.  

 

Results 

We found no significant association between the VEGF-A-related variants and LTL and MTL. 

However, the minor allele T of the polymorphism rs6993770 was significantly associated with 

increased LTL/MTL (P=0.001143, β=0.0148, SE=0.004516) (Table 8). No significant epistatic 

interaction was identified.  

 

Also, there was no significant association between VEGF-A plasma concentrations and the 

investigated TL phenotypes (Table 9). 

 

Table 8. Associations between VEGF-A related genetic variants and LTL/MTL*. 

SNP Chromosome β SE P-Value 

rs114694170 5 -0.01288 0.009716 0.1856 

rs34528081 6 0.004154 0.004246 0.3285 

rs6921438 6 0.004166 0.004146 0.3156 

rs4416670 6 -0.005934 0.004207 0.1592 

rs6993770 8 0.0148 0.004516 0.001143** 

rs7043199 9 0.004878 0.005062 0.3358 

rs10738760 9 0.0003862 0.004077 0.9246 

rs4782371 16 0.002534 0.004284 0.5546 

rs2639990 18 -0.008642 0.006481 0.1832 

SE: Standard error, β: Effect size, P-value threshold is P<0.0012,  

* models were adjusted for age and sex 

**significant P-value 
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Table 9. Univariate and multiple regression analysis of VEGF-A plasma concentration with 

LTL, MTL and LTL/MTL.  

Dependent variable: logVEGF-A. 

Independent 

Variable* 

Regression 

Coefficient (SE) 
R² P-Value 

Non adjusted    

LTL 0.019 (0.160) 0.19% 0.42 

MTL -0.009 (0.028) 0.03% 0.74 

LTL/MTL 0.471 (0.300) 0.73% 0.12 

Adjusted*    

LTL -0.075 (0.107) 0.15% 0.49 

MTL -0.170 (0.105) 0.81% 0.36 

LTL/MTL 0.756 (0.919) 0.21% 0.41 

SE: Standard error 

* each TL variable was tested as independent variable in separate models. Thus, the table presents 

the results of 3 different models 

** Models were adjusted for age, sex and statin use. 

 

Conclusion 

This is the first study of the associations of VEGF-A related genetic variants with LTL, MTL and 

telomere attrition. A significant association between rs6993770 and telomere attrition has been 

found.  

 

The rs6993770 is located on the intronic region of the ZFPM2 (zinc finger protein, FOG family 

member 2) gene. The minor allele T of this polymorphism has been previously associated with 

decreased VEGF-A levels [14] and also with HDL levels [12], erythrocyte count, IL-12 levels, and 

platelets [48]. This investigation demonstrated that the allele T had a protective role in telomere 

attrition. This association could be explained through the modification of the expression of GATA 

proteins, which could result in a direct impact on hematopoiesis and production of platelets. The 

rs6993770 could affect the activity of the ZFPM2 gene, which affects GATA protein regulation of 

haematopoiesis. The risk allele A could lead to increased haematopoiesis, thus higher cellular 

turnover and faster telomere attrition [49].  
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The lack of association between VEGF-A plasma levels and LTL, MTL or estimated telomere 

attrition leads to the conclusion that the effect of rs6993770 on telomere attrition is not directly 

linked to VEGF-A levels and is probably mediated by other mechanisms, such as the increased 

haematopoiesis that we propose here. Previous scientific reports on the association between LTL 

and VEGF-A levels have reported inconsistent findings, thus more studies are required to fully 

investigate the association of these biomarkers.  

 

In conclusion, this polymorphism could be an important marker in the development of prediction 

tools for chronic diseases where both TL and VEGF-A are involved, like CVD.  
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Publication 5 

 

Alzheimer’s Disease Risk is associated with VEGF-A-related polymorphisms.  

Petrelis AM, Stathopoulou MG, Kafyra M, Masson C, Murray H, Lamont J, Fitzgerald P, 

Dedoussis G, Yen FT, Visvikis-Siest S.  

Under revision to Aging  

My specific contribution in this study was: Participation in the design of the study, conception and 

realisation of analyses, participation in data interpretation and drafting of the first version of the 

manuscript.  

 

Objective 

Late-onset AD is a multifactorial disease with a strong genetic background. However, the use of 

common genetic polymorphisms identified in GWAS in disease prediction modelling is very 

limited. This is a common finding in most chronic diseases and it is due to the fact that the majority 

of identified polymorphisms explain small relative risk and a small proportion of the underlying 

genetic contribution. The predictive ability of models can be improved with the inclusion of 

functional variants, the incorporation of epistatic effects and the combination with nongenetic 

biomarkers [50]. In this study we aimed to develop a model for risk prediction for AD using a 

machine-learning methodology in a case-control population of late-onset AD patients that would 

combine novel candidate genes for AD and their epistatic interactions with known functional 

polymorphisms of APOE and LSR genes.  

 

Population and analysis 

A case-control population of late-onset AD was involved in this study that consisted of 1078 (602 

controls and 476 cases) unrelated individuals of European origin. The recruitment and data 

collection of this population was previously described [25]. Genotyping data were available in a 

subsample of the population. The final sample size after quality control for genotyping and outliers 

was 323 (180 controls and 143 cases).  

 

Two polymorphisms of LSR gene (rs34259399 and rs916147) previously identified as candidate 

genes for AD were genotyped, along with the 10 VEGF-A-related polymorphisms (rs6921438, 
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rs7043199, rs6993770, rs2375981, rs34528081, rs4782371, rs2639990, rs10761741, 

rs114694170, rs1740073) and the common APOE variants rs429358 (Cys112Arg) and rs7412 

(Arg158Cys).   

 

We have applied a machine learning method called EN [51] aiming to identify the strongest 

predictors for the risk of AD combining all genotyping data as well as age and sex. This method 

has been previously used in AD risk prediction with clinical factors, imaging and “-omics” [52-

54] but not to study the effect of candidate genes as predicting factors.  

 

The QIAGEN Ingenuity Pathway Analysis (IPA) tool was used to identify causal links and 

relationships between the significant genes identified to predict the AD risk.  

 

Results 

After applying EN in the data, we developed a predictive model for risk of AD with an accuracy 

of 72% (confidence interval CI= (0.6, 0.8) for 95%). The above accuracy has been calculated under 

a model with P-value: 0.008922. The AUC of the model is 81%, which indicates the detection of 

true positives (true cases predicted as cases) versus false positives (true controls predictive as 

cases).  

 

This model included 11 factors demonstrated in Figure 17.  
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Figure 17. The coefficient plot of the EN model with the highest accuracy 

 

The presence of 2 ε4 alleles (homozygotes ε4/ε4) and age were linked with increased risk for AD 

as expected, while the absence of ε4 alleles was linked with decreased risk. Two interactions 

previously [55] identified between APOE and LSR polymorphisms are also included in the model.  

The model included five epistatic interactions between VEGF-A-related variants, one APOE*LSR 

(rs34259399) interaction and one APOE*VEGF-A-related polymorphism interaction (rs6993770) 

associated with decreased risk for AD. The interaction rs7043199*rs6993770 presented the highest 

coefficient, thus is the strongest predictive factor of the model, with a protective role against AD 

higher than that of the absence of ε4 APOE allele, followed by the absence of the ε4 APOE allele 

and the interaction rs2375981*rs34528081.  

 

The identified genes in the model, VLDLR-AS1, APOE, KCNV2, ZADH2, C6orf223, LSR, ZFPM2, 

and VEGF-A, were analysed in the IPA tool and they were found to be commonly involved in 

different diseases with CVD, ophthalmic disease, organismal injury and abnormalities, 

neurological disease, and cancer ranging in the top 5 position.  
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Conclusion 

This study identified novel epistatic interactions between APOE, LSR and VEGF-A related 

polymorphisms that are predicting the risk of AD. The accuracy of the prediction model is 72% 

and is comparable to other tools [56-58]. This is very high accuracy for a model that uses mostly 

genetic factors as other studies have shown that the addition of genetic variables leads usually to 

a small improvement of prediction of the classical variables’ models [59]. A recent review of 61 

papers describing dementia risk models, most of them had moderate-to-high predictive ability 

(AUC>0.70). The highest AUC value was 0.932 [60], with our AUC being 81%. Thus, this model 

can be very useful and could be tested in bigger populations. The results also provide new insights 

about molecular mechanisms involved in AD development and could have an impact as 

biomarkers and/or treatment targets for this disease. We are proposing two epistatic interactions 

(rs7043199*rs6993770 and rs2375981*rs34528081) between VEGF-A-related polymorphisms as 

strong protective factors against AD. Our results are further supporting the hypothesis that the 

genetic determinants of the selected biomarkers (VEGF-A, LSR and APOE) can act as common 

links between the most important chronic diseases such as CVD, cancer and neurological diseases 

like AD and can play an important general role in the prediction of these chronic diseases.  
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INTRODUCTION 
 

Alzheimer’s disease (AD) is a chronic, neuro-

degenerative disorder and the most common cause of 

dementia, characterized by mental and functional 

impairment [1]. It is associated with accumulation of 

neuronal amyloid plaques and early lesions primarily in 

hippocampus. It is estimated that AD prevalence 

doubles every 5 years in individuals over the age of 65. 

The World Health Organization has stated that AD 

constitutes a growing universal public health issue with 

enormous consequences on both individuals and 

communities [2]. 

 

AD severely affects the life of the patient, causing 

dependency, disability and subsequent fatality [2, 3]. 
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ABSTRACT 
 

The Apolipoprotein E (APOE) genotype has been shown to be the strongest genetic risk factor for Alzheimer’s 
disease (AD). Moreover, both the lipolysis-stimulated lipoprotein receptor (LSR) and the vascular endothelial 
growth factor A (VEGF-A) are involved in the development of AD. The aim of the study was to develop a prediction 
model for AD including single nucleotide polymorphisms (SNP) of APOE, LSR and VEGF-A-related variants. 
The population consisted of 323 individuals (143 AD cases and 180 controls). Genotyping was performed for: 
the APOE common polymorphism (rs429358 and rs7412), two LSR variants (rs34259399 and rs916147) and 10 
VEGF-A-related SNPs (rs6921438, rs7043199, rs6993770, rs2375981, rs34528081, rs4782371, rs2639990, 
rs10761741, rs114694170, rs1740073), previously identified as genetic determinants of VEGF-A levels in GWAS 
studies. The prediction model included direct and epistatic interaction effects, age and sex and was developed 
using the elastic net machine learning methodology. 
An optimal model including the direct effect of the APOE e4 allele, age and eight epistatic interactions between 
APOE and LSR, APOE and VEGF-A-related variants was developed with an accuracy of 72%. Two epistatic 
interactions (rs7043199*rs6993770 and rs2375981*rs34528081) were the strongest protective factors against 
AD together with the absence of ε4 APOE allele. Based on pathway analysis, the involved variants and related 
genes are implicated in neurological diseases. 
In conclusion, this study demonstrated links between APOE, LSR and VEGF-A-related variants and the development 
of AD and proposed a model of nine genetic variants which appears to strongly influence the risk for AD. 
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There are two basic types of AD: a) familial or early 

onset AD which is responsible for more than 5% of the 

disease incidence and; b) sporadic or late onset AD that 

accounts for 79% of the disease burden. Late onset AD 

is highly heritable and it is etiologically heterogeneous 

originating from a mixture of multiple genetic and 

environmental risk factors. 

 

Some of the genes that have been associated with the 

risk of sporadic AD include the ABCA7, APOE, BIN1, 

CD2AP, CD33, CLU, CR1, EPHA1, MS4A4A/ 

MS4A4E/MS4A6E, PICALM, and SORL1 genes [4]. 

More than 40 genes/loci have been associated with the 

risk of AD through the last 10 years, based on genome-

wide association studies (GWAS) [5]. 

 

The most important genetic factor for AD is the 

Apolipoprotein E gene (APOE). The APOE gene codes 

for a 35 kDa glycoprotein, the apolipoprotein E (ApoE), 

which is strongly expressed in the brain [6]. There are 

three most common allelic variants in the APOE gene 

that alter the protein sequence leading to the formation 

of three different APOE isoforms: APOE2 (cys112, 

cys158), APOE3 (cys112, arg158), and APOE4 (arg112, 

arg158) [6, 7] arising from 3 alleles, respectively, ε2, ε3 

and ε4. These alleles are associated with different ApoE 

roles [7]. The ε4 allele is the strongest risk factor for 

late-onset AD [8, 9], due to its association with 

increased amyloid deposition and is a known risk factor 

for cardiovascular disease (CVD) [10]. Individuals with 

one ε4 allele have a 2 to 3-fold elevated risk of 

developing AD, while those with two ε4 alleles have 

about 12-fold increased risk compared to individuals 

who do not have the ε4 allele. On the other hand, the ε2 

allele of the APOE gene appears to display a protective 

role, as it is associated with reduced risk for AD [7], but 

remains a risk factor for Type III hyperlipidemia [11]. 

Thus, this common polymorphism is an excellent 

candidate to study in the development of genetic risk 

prediction models for AD. 

 

The human APOE gene is situated on the long arm of 

chromosome 19q13.1, an AD-associated zone as 

reported by GWAS [5]. The lipolysis-stimulated 

lipoprotein receptor (LSR) gene is also located in the 

same region and encodes the lipolysis-stimulated 

lipoprotein receptor (LSR) which recognizes ApoE as 

ligand [12]. As an ApoE receptor, LSR is involved in 

the process of managing and maintaining lipid balance 

in the peripheral and central nervous system [13, 14] 

Recently, our team identified significant epistatic 

interactions between two LSR gene single nucleotide 

polymorphisms (SNPs) and APOE in AD patients [12], 

namely the rs34259399 and the rs916147 SNPs. The 

former is located on exon 6 and the latter is located in a 

splicing junction between intron 5 and exon 6. Both 

these SNPs have been studied by our group and 

preliminary results indicate a functionality in terms of 

gene expression modification, while the rs916147 was 

also associated with lipids in a population of obese 

individuals (Yen et al., unpublished results). 

 

The vascular endothelial growth factor A (VEGF-A) is 

also considered as a risk factor for chronic diseases, 

including AD. The VEGF family plays important roles 
in angiogenic regulation, neurogenesis and neuronal 

survival [15]. Although an inverse relationship has also 

been demonstrated [16], decreased levels of VEGF-A in 

serum and cerebrospinal fluid have been linked with 

increased risk for AD and cognitive impairment [17, 18]. 

 

Our group has focused on the study of VEGF-A for 

many years and has been involved in two GWAS by 

which ten genetic variants have been identified 

explaining more than 50% of the individual variability 

of VEGF-A levels [19, 20]. This exceptionally high 

percentage of variability explained by these variants 

makes them optimal target SNPs to be used in the 

candidate genes association studies as determinants of 

VEGF-A levels. In several previous studies we have 

demonstrated associations of these polymorphisms with 

intermediate phenotypes of CVD and other chronic 

diseases, such as autoimmune thyroid disease and 

depression [21–25], where VEGF-A is involved in 

several of their pathophysiology pathways. We have 

initiated and we are coordinating the Vascular 

Endothelial growth factor European Genomic 

Federation Consortium - VEGF Consortium (Sophie 

Visvikis-Siest coordinator, http://www.vegfconsortium. 

org) for the study of VEGF-A in chronic diseases and 

personalized medicine [26]. 

 

The precise detection of individuals at high risk for AD 

is very critical for early diagnosis and appropriate 

management enabling closer monitoring, enhanced care, 

as well as closer supervision of targeted risk factors-

based interventions [27]. Even though late-onset AD is 

known to be a multifactorial disease with a strong 

genetic component, the use of common genetic 

variations identified in GWAS in disease prediction 

modelling has been of limited value so far, given that 

such polymorphisms explain a small relative risk and 

proportion of the underlying genetic contribution. Thus, 

it has been proposed that the predictive ability of 

models would be improved with the inclusion of true 

functional variants, the incorporation of epistatic effects 

and the combination with nongenetic biomarkers [28]. 

 

In the present study, a machine-learning predictive 

model for AD risk was developed, using a case-control 

population of late-onset AD patients and combining 

novel variants on candidate molecules for AD that have 
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Table 1. Populations’ characteristics. 

 Age Sex (male) 

 Mean SD n % 

Controls (n = 182) 74.59 8.39 68 37.36 

Patients (n = 145) 69.94 8.66 69 47.58 

Abbreviation: SD: standard deviation. 

 

Table 2. Characteristics of the genotyped polymorphisms. 

Variants Genes 
All Controls Patients 

MAF HW p-value MAF HW p-value MAF HW p-value 

rs10761741 JMJD1C 0.45 0.77 0.47 0.77 0.44 0.77 

rs6921438 
LOC100132354 and 

C6orf223 
0.42 0.43 0.41 0.43 0.42 0.43 

rs7043199 VLDLR-AS1 0.24 0.90 0.26 0.90 0.23 0.90 

rs6993770 ZFPM2 0.33 0.71 0.33 0.71 0.34 0.71 

rs114694170 MEF2C 0.45 0.00 0.47 0.00 0.44 0.00 

rs1740073 POLR1C 0.38 0.33 0.38 0.33 0.38 0.33 

rs2375981 KCNV2 and VLDLR 0.47 0.26 0.44 0.26 0.49 0.26 

rs34528081 VEGF-A 0.39 0.93 0.41 0.93 0.36 0.93 

rs916147 LSR 0.37 0.29 0.38 0.29 0.36 0.29 

rs34259399 LSR 0.14 0.76 0.12 0.76 0.15 0.76 

rs4782371 ZFPM1 0.30 0.96 0.34 0.96 0.26 0.96 

rs2639990 ZADH2 0.09 0.94 0.12 0.94 0.07 0.94 

rs429358 APOE 0.22 0.77 0.22 0.77 0.22 0.77 

rs7412 APOE 0.06 0.43 0.06 0.43 0.06 0.43 

Abbreviations: MAF: Minor allele frequency; HW: Hardy-Weinberg. 

 

not been assessed before (VEGF-A related variants), as 

well as their epistatic interactions with known 

functional polymorphisms (APOE and LSR). 

 

RESULTS 
 

The characteristics of the final population used in the 

analysis are presented in Table 1. The mean age of 

participants was 74.59 and 69.94 years old in patients 

and non-patients, respectively. Men constituted 37.36% 

of the control population, whereas they contributed to 

almost half in the cases group (i.e., 47.58%). 

 

The SNPs included in the analysis, their minor allele 

frequencies and their annotation on the genome are 

presented in Table 2. Since the rs114694170 SNP did 

not abide by the Hardy-Weinberg equilibrium law, it 

was removed from the analysis. 

 

After applying the EN method to the data, the model 

with the highest accuracy included the variables 

presented in Figure 1. As expected, the presence of 2 

ε4 alleles (homozygotes e4/e4) was the first variable to 

be linked with increased risk for AD, while the 

absence of ε4 allele was shown to be associated with 

decreased risk. 

 

The epistatic interaction of ε4 allele heterozygotes with 

the rs916147 variant of LSR gene was also associated 

with higher risk for AD, followed by age as the third 

risk factor for AD (Table 3). 

 

The model included five epistatic interactions between 

VEGF-A-related variants, one APOE*LSR 

(rs34259399) interaction and one APOE*VEGF-A-

related polymorphism interaction (for the rs6993770 

SNP), associated with decreased risk for AD (Table 3). 

The strongest predictive factor of the model appears to 

be the interaction rs7043199*rs6993770, which 

decreases the risk of AD, thus playing a protective role, 

followed by the absence of the e4 APOE allele and the 

interaction rs2375981*rs34528081. 
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Table 3. Coefficients of the prediction model. 

  Coefficient 

Risk factor variants APOE_ε4/ε4 0.24 

 APOE_ε4/non ε4*rs916147 0.13 

 Age 0.03 

Protective factor variants rs7043199*rs6993770 −0.66 

 APOE_non ε4 −0.59 

 rs2375981*rs34528081 −0.58 

 rs6921438*rs2639990 −0.18 

 rs2375981*rs2639990 −0.17 

 APOE_non ε4*rs34259399 −0.09 

 rs6993770*rs34528081 −0.04 

 APOE_non ε4*rs6993770 −0.02 

 

The accuracy of the model is 72% with a confidence 

interval CI = (0.6, 0.8) for 95%. The above accuracy has 

been calculated under a model with P-value: 0.009. The 

area under the curve (AUC) of the model is 81%, which 

indicates the detection of true positives (true cases 

predicted as cases) versus false positives (true controls 

predictive as cases). 

Based on the annotation of the identified 

polymorphisms of the prediction model, we identified 

the following list of genes involved in AD risk: VLDLR-

AS1, APOE, KCNV2, ZADH2, C6orf223, LSR, ZFPM2, 

and VEGF-A. After uploading the list to the IPA tool, 

the top five diseases found to be associated with the 

aforementioned were CVD, ophthalmic diseases, 

 

 
 

Figure 1. The coefficient plot of the EN model with the highest accuracy. 
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organismal injury and abnormalities, neurological 

diseases, and cancer. 

 

Subsequently, a network linking most of these genes 

and other mediators was developed using IPA tool 

(Figure 2). The genes and mediators of this network 

have functions that correspond to cancer, 

dermatological diseases and conditions, organismal 

injury and abnormalities. 

 

The network displayed in Figure 2 shows the multiple 

associations identified from the analyses, with the 

VEGF-A gene located at the center of many of the 

observed relationships involved in several metabolic 

pathways connected to cancer and inflammation. In this 

context, VEGF-A appears to interact with the EPO, 

AKT, ERK, TGFB1 genes and the PI3K complex, 

indicating a potential effect in cellular activities, such as 

proliferation and apoptosis, where the AKT, PI3K, ERK 

and TGFB1 cascades and pathways play a significant 

role. The identified network further enhances the 

aforementioned notions, by highlighting respective 

relationships between the ERK, AKT, PI3K, TGFB1, 

APP and the APOE gene. In addition, IPA analysis 

shows direct association between APP and the VEGF-A 

gene, among other associations including the TGFB1, 

MPV17L, ZADH2, NPL, VASH2, GTDC1, EPB41L4A, 

LRRTM3, TRIM25, and ARHGAP27 genes. 
 

DISCUSSION 
 

Early detection of AD is important for the prognosis of 

patients, especially to initiate treatments during its pre-

symptomatic phase and before the pathological amyloid 

and tau protein accumulation and the extensive brain 

damage, which can significantly decrease patient 

autonomy. Multiple approaches have been used for the 

early identification of AD-linked parameters including 

 

 
 

Figure 2. The network that links most of the identified genes that predict AD as generated by IPA tool. 
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medical assessment, as well as cognitive evaluations 

and imaging analyses that exploit multimodal biological 

and molecular features present in AD. Moreover, 

studies that use regression analyses have demonstrated 

the relation between AD and variables including clinical 

examination and cognitive test scores [27]. More 

recently, artificial intelligence approaches have been 

used, including supervised predictive analytics tools 

such as support vector machines, random forests, and 

artificial neural networks to distinguish AD cases from 

controls, and for identifying individuals with higher risk 

of AD in a given period of time [27]. In the present 

study, we used EN [29], a supervised machine learning 

method, to assess the role of genetic variants of 

common AD biomarkers on the prediction of AD risk. 

 

The EN revealed one model with an adequate accuracy 

of 72% that mostly included epistatic interactions 

between the assessed variants as predictors of AD risk. 

The first and strongest genetic predictor was the APOE 

e4 allele, which is in agreement with a large volume of 

scientific results that support this finding [9, 28]. 

Despite this, the precise processes by which ApoE 

affects AD remains unclear. AD is characterized by two 

main features encompassing the existence of 

extracellular deposition of Aβ generating amyloid 

plaques, and intracellular occurrence of neurofibrillary 

tangles (NFT) consisting of clusters of hyper-

phosphorylated tau protein. ApoE may be associated 

with AD through its direct synergism with Aβ proteins. 

Indeed, the ApoE has been found in Aβ plaques of AD 

brains [30], and knock-out studies of APOE gene in 

mice have revealed that ApoE is critical for the 

initiation and retention of Aβ plaques. Furthermore, the 

direct synergistic link between ApoE and tau protein 

may also contribute to the association of ApoE and AD. 

Previously, the existence of ApoE was detected in Tau-

NFT mediated deposits [31]. In addition, up-regulation 

of APOE4 in neuronal cells of genetically engineered 

mice triggered a rise in tau hyper-phosphorylation 

induced by Erk stimulation [6]. 

 

Using the EN model, we observed the significant role of 

the interactions between APOE e4 allele polymorphism 

and the 2 SNPs of the LSR gene which we have 

identified in a previous study [12]. LSR is present in the 

central nervous system [13] and the lsr+/− mice display 

increased memory deficits following 

intracerebroventricular injection of the oligomeric 

soluble form of the β-amyloid peptide [32]. Animal 

studies have shown the presence of LSR gene transcripts 

in endothelial cells (ECs) of the blood-brain barrier 

(BBB) [33]. In lsr−/− knockout mice, the BBB does not 

appear to seal during embryogenesis [34], highlighting 

LSR’s critical role in maintaining BBB integrity. 

Furthermore, given its role as an ApoE receptor, LSR is 

involved in lipid metabolism in the brain [13]; Herzine 

et al, manuscript in preparation) and could, therefore, 

play a role in AD development, with the present genetic 

associations further supporting this hypothesis. 

 

The novel results of the present model include five 

epistatic interactions between VEGF-A-related variants 

and one APOE*VEGF-A-related polymorphism 

interaction (rs6993770) associated with decreased risk 
for AD. 

 

VEGF-A has been proposed as a promising novel 

therapeutic approach for AD [35]. Transplantation of 

mesenchymal stem cells into the double transgenic AD 

mouse model (APPswe/PS1dE9 mutations) leads to 

improvement of cognitive function [36]. Furthermore, 

higher VEGF-A concentration in the cerebrospinal fluid 

has been associated with slower cognitive decline in 

patients with AD risk [17]. Thus, VEGF-A could be 

considered as a protective factor for individuals having 

high risk of AD. 

 

Concerning the interactions between APOE and 

VEGF-A, this is consistent with studies showing that 

VEGF-A exerts a neuroprotective effect in humanized 

APOE ε4 mice, where treatment with VEGF-A leads to 

improvements of behavioral deficits [37]. A recent 

study also demonstrated that APOE ε4 interacts with 

VEGF-A gene expression in the brain to affect 

cognitive performance [38]. Therefore, VEGF-A alone 

or in interaction with ApoE, seems to play an 

important role in AD risk, consistent with the results 

of this study. 

 

The polymorphism rs6993770 is involved in 2 epistatic 

interactions with other VEGF-A-related SNPs and one 

interaction with APOE ε4 allele. This constitutes an 

intronic variant of the ZFPM2 (zinc finger protein, FOG 

family member 2) gene. The latter codes for the FOG 

family member 2, which is linked with repression of 

GATA mediated transcriptional activation [39, 40] and 

thus with hematopoiesis. The T minor allele has been 

associated with decreased VEGF-A levels [19, 20]. In 

the present model, this allele interacted with the non-ε4 

alleles of APOE gene to decrease the risk for AD. Also, 
the TA genotype of rs6993770 interacted with the AA 

genotype of rs7043199 to decrease the risk for AD. The 

rs7043199 SNP in an intronic variant of VLDLR-AS1 

gene and is located close to the VLDLR gene and its A 

allele has been associated with decreased VEGF-A 

levels [19, 20]. The VLDL receptor is a member of the 

low-density lipoprotein receptor family and binds 

ApoE. It is involved in pathways essential for the 

development of laminated structures and for the 

synaptic plasticity of the brain and is, thus, considered 

as a receptor that could be involved in the development 
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of AD [41]. It is important to note that this interaction 

presented the highest coefficient, thus is the strongest 

predictive factor of the model, with a protective role 

against AD higher than that of the absence of e4 APOE 

allele. Our team was among the first to identify the 

allele 4 of the APOE gene as the strongest genetic risk 

factor for AD [8] and in this investigation we are 

proposing the rs7043199*rs6993770 interaction as a 

strong protective factor against AD. Finally, the A 

major allele of the rs6993770 (AA genotype) interacted 

with the deletion genotype of the rs34528081, which is 

an intergenic SNP close to VEGF-A gene, with the 

overall result of decreasing the risk for AD. Both alleles 

of these 2 SNPs have been associated with increased 

levels of VEGF-A [19, 20]. Thus, this interaction could 

be linked with further increase in VEGF-A levels that 

have been shown to have a protective effect against AD 

[17, 18]. The same deletion genotype of rs34528081 

also interacted with the GG genotype of rs2375981, 

which is an intergenic SNP between KCNV2 and 

VLDLR gene and whose G allele has been associated 

with decreased levels of VEGF-A [19, 20]. This 

interaction that is associated with decreased risk of AD 

could either be explained by a modification of VEGF-A 

levels or through an effect on the VLDLR gene. It has a 

very high coefficient in the model, similar to the 

absence of APOE ε4 allele, and thus has a strong 

protective effect. Furthermore, the GC genotype of 

rs2375981 interacted with the CT genotype of 

rs2639990 to decrease the risk of AD. This is an 

intronic variant of ZADH2 gene and the T allele has 

been associated with increased levels of VEGF-A [19, 

20]. Hypomethylation of differentially methylated 

positions located on ZADH2 has been observed in AD 

patients and have been associated with memory 

performance and cerebrospinal fluid levels of Aβ and 

tau [42], thus indicating a role of this gene on AD. Also, 

the same genotype of this SNP interacted with the GA 

genotype of rs6921438 to decrease the risk of AD. The 

rs6921438 is an intergenic SNP located between 

LOC100132354 (lnc-RNA) and the C6orf223 gene 

(encoding an uncharacterized protein) and is near the 

VEGF-A gene. The A allele is associated with decreased 

levels of VEGF-A [19, 20] and explains the highest 

percentage of VEGF-A levels variability (41.19%). This 

SNP (A allele) has also been associated with decreased 

HDL and increased LDL [22, 43]. It is thus a marker 

linked with both VEGF-A levels and lipid metabolism, 

which could mediate its relationship with AD. 

 

The strengths of the present study include the use of 

the EN method in the development of the prediction 

model, which is a machine learning approach more 

powerful than classical statistics methodologies. 

Furthermore, the identified model showed a sufficient 

accuracy of 72% and an AUC of 81%. The accuracy of 

the model is comparable to other tools [44–46] and 

this is very important as our model uses genetic 

factors. In fact, in other studies, the addition of a 

genetic score led to a small improvement of prediction 

of the classical variables model [47]. In a recent 

review, 61 papers describing dementia risk models 

were identified and most of them had moderate-to-

high predictive ability (AUC > 0.70). The highest 

AUC value was 0.932 [48] and our AUC is 81%. All 
these data highlight the satisfactory accuracy of the 

identified prediction model. 

 

A few limitations of the study, however, include the 

relatively small sample size and the lack of VEGF-A 

levels’ measurements in the studied populations. 

 

In summary, the prediction model proposed in the 

present study consists of 8 epistatic interactions that, in 

combination with the APOE ε4 allele, directly affect the 

risk for AD. These interactions involve 9 polymorphisms 

in 8 genes: VLDLR-AS1, APOE, KCNV2, ZADH2, 

C6orf223, LSR, ZFPM2, and VEGF-A. 

 

IPA analysis highlighted relationships between the 

identified genes and neurological diseases, within the 

first top five disorders associated with said genes, 

including CVD and cancer. This finding indicates that 

the genetic determinants of the selected biomarkers 

(VEGF-A, LSR and APOE) could act as common links 

between important chronic diseases. In fact, most of 

these genes are shown to be linked in the context of an 

enlarged common network, the functions of which 

correspond to cancer, dermatological diseases and 

conditions, organismal injury and abnormalities. 

 

In conclusion, these novel epistatic interactions between 

APOE, LSR and VEGF-A related polymorphisms allow 

for prediction of AD risk, constituting not only a useful 

prediction model, but also providing new insights about 

molecular mechanisms that can be involved in AD 

development which could be useful as biomarkers 

and/or treatment targets. We are also proposing two 

epistatic interactions (rs7043199*rs6993770 and the 

rs2375981*rs34528081) between VEGF-A-related 

polymorphisms as strong protective factors against AD. 

 

METHODS 
 

Population and data collection 

 

The study population consisted of 1078 (602 controls 

and 476 cases) unrelated adults of European origin, 

recruited during the period 1996–1998. The study was 

approved by the related ethics committees and all 

participants provided written consent prior to their 

enrollment in the study. 
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The recruitment and data collection procedures of the 

present population have been previously extensively 

described [9]. The clinical diagnosis of AD was based 

on 5 criteria: the National Institute of Neurological and 

Communicative Disorders and Stroke and the AD and 

Related Disorders Association classification of 

probable AD [28]; the Diagnostic and Statistical 

Manual of Mental Disorders, Fourth Edition [28]; the 

International Classification of Diseases and Related 

Health Problems, 10th Edition [28]; the Mini Mental 

State Examination score equal to or less than 23 (Mini 

Mental State Examination >23 for controls) [28]; and, 

lastly the modified ischemic scale less than three [28]. 

Secondary causes of dementia were excluded by 

computerized tomography scan of the brain. 

Individuals with other chronic or neurological 

diseases, such as cancer and Parkinson's diseases, 

respectively, were excluded from the study. 

Participants serving as controls followed similar 

assessment and interviews as cases, except for the 

computerized tomography scan. All controls presented 

a Mini Mental State Examination >23 and were free of 

dementia. 

 

Genotyping data were available in a subsample of the 

population. The final sample size after quality control 

for genotyping and outliers exclusion was 323 

individuals (143 AD cases and 180 controls). 

 

Genotyping analyses 

 

DNA was extracted from peripheral blood [49] and all 

samples were stored in biobanks of the BRC IGE-PCV 

(Biological Resources Center ‘Interactions Gène-

Environnement en Physiopathologie Cardio-Vasculaire’ 

BB-0033-00051). Two SNPs of the LSR gene 

(rs34259399 and rs916147) previously identified as 

candidate variants for AD were genotyped, along with 

the 10 VEGF-A-related polymorphisms (rs6921438, 

rs7043199, rs6993770, rs2375981, rs34528081, 

rs4782371, rs2639990, rs10761741, rs114694170, 

rs1740073) and the common APOE variants. The 

genotyping analyses were performed in LGC genomics 

(http://www.lgcgroup.com) using the competitive allele-

specific PCR (KASP) chemistry coupled with a Förster 

resonance energy transfer-based genotyping system 

(http://www.kbioscience.co.uk/reagents/KASP/KASP.ht

ml). Two of the APOE common polymorphisms 

rs429358 (Cys112Arg) and rs7412 (Arg158Cys) were 

genotyped as previously described [50]. 

 

Statistical analyses 

 

The agreement of the frequencies of genotypes with the 

Hardy-Weinberg equilibrium was tested using the chi-

squared test. 

For the purposes of developing the prediction model, a 

machine learning method was applied, entitled “Elastic 

Net” (EN) [29], with the aim of identifying the 

strongest predictors for the risk of AD combining all 

genotyping data (direct effects and epistatic 

interactions), as well as age and sex. In short, the 

method tests hundreds of logistic regression models 

and penalizes each of them, in order to reach the final, 

optimal one. The former constitutes an extensively 

used method, especially in the development of disease 

prediction models with special attention to the 

integration of omics data [51–54]. Furthermore, the 

method can allow accurate predictions with smaller 

sample sizes as it tolerates a big number of predictors 

[29] and it is also used in analyses entailing genetic 

data, as well as GWAS studies [55, 56] and it is 

considered to function better in cases where gene * 

environment interactions are involved in the prediction 

of a disease [57]. Comparison studies have shown that 

EN is a powerful tool, especially when additive gene 

effect is expected [58]. It has also been previously 

used in AD risk prediction with clinical factors, 

imaging and omics [59–61] but not to study the effect 

of candidate genes as predicting factors. 

 

In the context of the present analyses, APOE genotypes 

were divided into 3 groups according to the potential 

presence of ε4 allele (coded as 2 = ε4/4; 1 = ε2/4, ε3/4; 

and 0 = ε2/2, ε3/2, ε3/3). The complete dataset was split 

into two separate datasets, the “train” dataset that 

included the 80% of the whole population (AD patients 

+ controls) and the “test” dataset that included the 

remaining 20% of the whole population (AD patients + 

controls). This selection was random and was 

performed by the R command ‘createDataPartition’ that 

is specific to this. The EN analysis was performed using 

the R software. 

 

Pathway analysis 

 

All genes identified to participate in AD risk prediction 

were further assessed using the QIAGEN Ingenuity 

Pathway Analysis (IPA) tool, in order to examine 

potential relationships and identify causal links, with the 

overall aim of proposing mechanisms to explain the 

results deriving from the prediction model. 
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LRRTM3: Leucine Rich Repeat Transmembrane 

Neuronal 3; LSR: Lipolysis Stimulated Lipoprotein 

Receptor; MPV17L: Mitochondrial Inner Membrane 

Protein Like; NPL: N-Acetylneuraminate Pyruvate 

Lyase; PI3K: Phospoinositide 3-kinase; SNP(s): Single 

Nucleotide Polymorphism(s); TRIM25: Tripartite Motif 

Containing 25; VASH2: Vasohibin 2; VLDL: Very 

low-density lipoprotein; ZADH2: Zinc Binding Alcohol 

Dehydrogenase Domain Containing 2; SD: Standard 

deviation; MAF: Minor allele frequency; HW: Hardy-

Weinberg; ZFPM2: Zinc finger protein, FOG family 

member 2; NFT: Neurofibrillary tangles; IPA: Ingenuity 

Pathway Analysis; VEGF-A: Vascular endothelial 

growth factor A; CVD: Cardiovascular disease. 
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Publication 6  

Development of an automated analysis pipeline for diseases risk prediction models and an 

application for populations data visualisation.  

Petrelis AM, …., Visvikis-Siest S.  

Under preparation 

My specific contribution in this study was: Participation in the design of the study, conception and 

realisation of analyses, participation in the data interpretation, and drafting of the first version of 

the manuscript. 

 

Introduction 

Chronic diseases risk prediction is an important target to allow early diseases prevention and 

management [61]. The development of risk prediction models and algorithms is mediating this 

task and these models can be useful tools for medical decisions [62]. During the last decades, the 

advances of human genetics and genomics allow also the personalisation of risk prediction models 

with the inclusion of genetic variables along with clinical data as part of the concept of “genomic 

medicine” [63]. These models can assist clinicians to make well-informed medical and preventive 

decisions and to personalise and customise treatments [64], but should be comprehensible and easy 

to use in order to be applicable in clinical practice.  

A major improvement in the development of risk prediction models is the application of AI, 

especially ML methodologies, as they comprise an evolutionally power for personalising risk 

prediction with multiple computational advantages [65, 66]. 

Furthermore, the growing amount of data employed in PM and especially the genetics and 

genomics studies, require the implementation of data visualisation and ML techniques [67]. 

Interactive and user-friendly data visualisation can lead to successful data interpretation by 

addressing known and identifying novel knowledge through new assumptions and hypotheses 

formation and further allow an extended communication of the discoveries [68, 69]. Visualisation 

tools should be simple to use and manage large amounts of data and provide highly comprehensive 

and quality images for better communication [70].  

 

Objective 

Two tools have been created:  
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1) An automated pipeline for the analyses for the development of diseases risk prediction 

algorithms  

2) A desktop application for the visualisation of populations’ data 

 

The automated pipeline that was developed based on the methodology used for the creation of the 

previously described AD risk prediction model had a double aim:  

1) To facilitate the analyses for the development of new prediction models in new 

populations with the same or different variables and for different diseases 

2) To enable the fast application of the predictive models in new individuals in order to 

define their risk for chronic diseases  

 

The first aim leads to the design of an automated algorithm for standardised analyses addressed to 

researchers, who want to develop novel prediction models for diseases using the EN methodology. 

The second aim is expected to transform the prediction model into a useful tool for the prediction 

of diseases risk of new patients by researchers and health providers.  

The aim of the visualisation application is to allow fast visualisation of the characteristics of 

different populations and preliminary analyses that can facilitate the development of new 

hypotheses and studies.  

 

Population and analysis 

For the development of the automated pipeline, the AD cases-control population was used and the 

steps of the analysis for the development of the prediction model of the Publication 5 were 

standardized and combined in an interface using R Shiny package of R software.  

The algorithm for analyses consists of the following steps:  

1. Data importation 

2. Quality control 

3. EN analysis 

The visualisation application was developed using the Microsoft Power BI. Power BI allows the 

connection of different datasets, the data visualisation and/or discovery, and the data sharing [71]. 

It can be installed at any desktop while its use is very easy due to its user-friendly format that 

allows non-specialised users, like researchers and medical stuff, to profit from its services. The 
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populations of publications 3 and 4 was used to present the interface.  

Results 

The algorithm has been made in R language. The R script of this algorithm requires the installation 

of R and the R studio. Then all requiered packages will automatically be installed. 

The scripts have been integrated and trasformed in a user-friendly interface that was developed 

with R Shiny package, named RSGEN. This interface allows the automation of the identified 

prediction model for AD and a standardised pipeline with necessary steps for the development of 

new prediction models for any binary condition.  

All the necessary scripts of the interface have been combined in a single script file called app.R.  

app.R has three components: 

• a user interface function (ui72.R) 

• a server function (serv72.R) 

• a call to the shinyApp function 

The user interface (ui) object controls the layout and appearance of the application. The server 

function contains the instructions that the computer needs to build the application. Finally, the 

shinyApp function creates Shiny app objects from an explicit ui/server pair.  

 

The detailed scripts for the development of the interface are presented in the annex1.  

 

By opening R Studio and the app.R file and running it’s commands, the interface appears 

automatically. 

The RSGEN interface is presented in the Figures 18-29.  

The first dashboard allows the importation of the data and the selection of customised values for 

quality control parameters that were considered in the analyses for the AD risk prediction model: 

Hardy Weinberg p-value, percentage of missing data per individual, percentage of missing 

genotypes per individuals and percentage of missing values per variable. Also, it allows the 

selection of the percentage for the partition of the population for the random creation of the test 

and train datasets for the machine learning EN algorithm (Figure 18). It presents a summary of all 

variables: categorical, numeric and genetic. It is the tab where the variable to predict is specified 

e.g. AD case or control.  
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Figure 18. Presentation of the first dashboard of the analytical interface with the criteria 

for customised analyses 

 

The second dashboard presents the dataset that was uploaded (Figure 19) 

 
Figure 19. The second dashboard of the analytical interface with the presentation of the 

dataset 
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The third dashboard is generating descriptive data for the dataset (Figure 20).  

 
Figure 20. Descriptive analysis of the dataset in the third dashboard of the analytical 

interface 

 

The fourth dashboard presents the percentages of the missing values and the investigation of a 

potential missing values pattern (Figures 21).  

 

Figure 21. Missing values quantification and qualification in the forth dashboard of the 

analytical interface 
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The fifth dashboard presents a genetic quality control by summarising HW testing (Figure 22).  

 

Figure 22. Genetic quality control by summarising HW testing in the fifth dashboard of the 

analytical interface 

 

The sixth dashboard presents the descriptive characteristics of genetic metrics (Figure 23).  

 

Figure 23. The histograms of the genetic data of the sixth dashboard of the analytical 

interface 
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The seventh dashboard presents the descriptive characteristics of continues metrics (Figure 24).  

 

Figure 24. The violin plots of the numeric data of the seventh dashboard of the analytical 

interface 

 

The eighth dashboard presents the descriptive characteristics of categorical metrics (Figure 25).  

 

Figure 25. The histograms of the categorical data of the eighth dashboard of the analytical 

interface 
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The ninth dashboard presents a table of the coefficients from the predictive model (Figure 26).  

 

Figure 26. The table of coefficients from the predictive model of the ninth dashboard of the 

analytical interface 

 

The tenth dashboard presents a graphical visualisation of the results of the predictive model (Figure 

27).  

 

Figure 27. The table of results and the characteristics of the predictive model of the tenth 

dashboard of the analytical interface 
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The eleventh dashboard presents the generation report of results from all dashboards. They will be 

automatically extracted and stored in a doc format on the folder where the scripts have been stored 

(Figure 28) 

 

Figure 28. Reporting generator of the eleventh dashboard of the analytical interface 

 

The twelfth dashboard presents an application for the prediction of novel individuals based on the 

coefficients that have been found from the prediction model. An input file with the requested data 

of the new population will be uploaded and the predictions are immediately presented (Figure 29) 

 

Figure 29. Prediction application of the twelfth dashboard of the analytical interface 
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The visualisation interface PMI consists of different dashboards that have been created to provide 

an overview of the data of the populations, the description of the populations’ characteristics and 

of the genotyped variants and to perform initial analytical steps including control of the normality 

of the distributions of the variables and correlation analyses.  

 

The detailed scripts are presented in the annex1.  

The interface is presented in Figures 30-34 

 

The first dashboard presents some main descriptive characteristics projected on a world map. 

(Figure 30). The interface can be used for more datasets.  

 

Figure 30. The first dashboard of the PMI descriptive interface with the map of available 

data 
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The second dashboard presents the uploaded databases and allows the selection of each of them 

(Figure 31).  

 
Figure 31. The second dashboard of the PMI descriptive interface with the selection of 

databases 

 

 

The next dashboard opens after the selection of a database and includes a selection module at the 

left of the screen and the visualisation module with the relative plots at the right of the screen. The 

selection modules include the description of the populations and the cases-controls (Figure 32) 

separately for the cases-controls populations. Then, there is a normality test module for all 

continuous (numeric) variables and modules for the key variables (Figure 33), the descriptive 

characteristics of the available SNPs (Figure 34) and finally a correlation analyses module for all 

key variables (Figure 35).  
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Figure 32. The third dashboard of the PMI descriptive interface with description of cases 

and controls 

 

 
Figure 33. The forth dashboard of the PMI descriptive interface with the selection of a 

continuous variable 
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Figure 34. The fifth dashboard of the PMI descriptive interface with the descritpive 

characteristics of SNPs  

 

 
Figure 35. The sixth dashboard of the PMI descriptive interface with the correlation 

analyses 
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Conclusion 

Two user-friendly tools have been developed for the construction of diseases risk prediction 

models using ML methodology and the data visualisation of large populations. These tools are not 

necessarily addressed to specialised analysts but to all researchers of different fields and clinicians 

with limited analytical skills due to their comprehensive automation. They are expected to be used 

for the application of personalisation in diseases risk prediction and the promotion of PM.  
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General discussion, Conclusion and 

Perspectives 
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General discussion 

In this thesis we have focused on two key biomarkers, VEGF-A and TL, that are implicated in 

many chronic diseases, including CVD and AD and we aimed to further study their involvement 

in variability of intermediate phenotypes and conditions that lead to these pathologies. We have 

identified novel determinants of VEGF-A and TL, revealed links between these molecules and 

conditions like inflammation and telomere length attrition that are involved in both CVD and AD. 

Furthermore, we demonstrate their value in the disease risk prediction. We have used different 

approaches starting from candidate genes to investigate direct effects and epistatic interactions 

between polymorphisms and machine learning methodology to develop a personalised prediction 

algorithm for AD based on genetic variants. Our results are proposing new mechanisms that 

connect these two biomarkers with chronic diseases and provide original tools for the 

personalisation of risk prediction. More specifically we have demonstrated:  

1. A review of the current knowledge on telomere length dynamics in childhood, where we 

propose that TL should be used as an index of health regularly measured throughout life 

starting from childhood.  

2. Associations between VEGF-A levels and levels of IL-4, MCP-1 and EGF in PBMCs 

extracts and also associations between VEGF-A165 mRNA levels with MCP-1 and IL-1α 

and between VEGF-A189 mRNA levels and IL-4 and IL-6 in healthy condition.  

3. Associations between LTL-related genetic variants with telomere attrition in a case-control 

population with atherosclerosis 

4. Associations between the VEGF-A-related variant rs6993770 with telomere attrition in the 

same population 

5. Epistatic interactions between VEGF-A-related variants, APOE and LSR polymorphisms 

and AD in a case-control population, especially the protective predictive interactions 

rs7043199*rs6993770 and rs2375981*rs34528081 and a genetic risk prediction model 

with a satisfactory accuracy 

6. Development of an algorithm for the standardisation and automation of the analyses for the 

development of risk prediction models  

7. Development of a user-friendly application for the visualisation of data of the populations 

and preliminary analyses 
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A synthetic representation of all our results is shown in Figure of synthesis below.  

 

 

Figure of synthesis. Synthetic representation of results 

 

More precisely, in our review publication (publication 1) we have presented the dynamics of TL 

in childhood and proposed TL as an index of health. In the first original publication (publication 

2), we have shown specific links between inflammation, a condition known to be involved within 

CVD [72, 73] and AD [74] development, VEGF-A and with telomere attrition [32]. We have used 

protein levels and gene expression isoforms of VEGF-A in PBMCs, a type of cells that secrete 

inflammation molecules and play an essential role in chronic inflammation. The levels of anti-

inflammatory IL-4 and the growth molecules MCP-1 and EGF are associated with increased 

VEGF-A levels, while the expression of the most abundant pro-angiogenic VEGF-A mRNA 

isoform, the VEGF-A165, is downregulated by MCP-1 and EGF. The expression of the VEGF-A189, 

is downregulated by anti-inflammatory IL-4 and pro-inflammatory IL-6. Thus, we have identified 

specific inflammation molecules as determinants of VEGF-A. In the second original publication 

(publication 3), we have shown that two TERC variants, a component of telomerase known to 
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decrease LTL, are also determinants of higher telomere attrition, which is linked with 

atherosclerosis [75] and CVD, but also with AD [76, 77]. Another determinant of telomere attrition 

identified in our third original publication (publication 4) is the variant rs6993770, which is a 

determinant of VEGF-A levels. This variant is associated with decreased telomere attrition, 

probably through modification on haematopoiesis, and could therefore be a protective factor for 

atherosclerosis and CVD but also for AD as found in our last original publication (publication 5). 

In this last work, we demonstrated several epistatic interactions between VEGF-A-related variants 

and the APOE and LSR genes, known candidate genes for both CVD and AD, that act as protective 

or risk determinants of AD. Among them the strongest interaction is the rs6993770* rs7043199, 

which has a protective role against AD even higher than that of the absence of ε4 APOE allele and 

the rs2375981*rs34528081 with an effect similar to the absence of ε4 APOE allele. It is noteworthy 

that the EA_1122; IGE-PCV was among the first to identify the allele 4 of the APOE gene as the 

strongest genetic risk factor for AD [78, 79] and currently we are proposing the 

rs7043199*rs6993770 and the rs2375981*rs34528081 interactions as strong protective factors 

against AD. This first interaction involves the rs6993770, which we previously showed that it is 

also a determinant for both VEGF-A and telomere attrition, thus is a key variant in our 

investigations linking these two assessed biomarkers with the two chronic diseases of interest. 

ApoE and LSR are involved in lipid metabolism and thus connected with CVD, but also with AD 

[80] and our results further support this connexion. In the same publication, the genes of the 

implicated variants in the identified prediction model are commonly found in diseases like CVD, 

neurological diseases and cancer. They participate in one network along with other molecules and 

modulators that deserve further investigation for their use as potential determinants of CVD and 

AD risk. Furthermore, an accurate risk prediction model for AD has been proposed that includes 

mainly genetic variants and their interactions and is thus a personalised tool, developed though 

machine learning methodology. An algorithm has been developed for the automation and the 

standardisation of the required analyses for the development of risk prediction tools by EN 

machine learning methodology through an automated interface called RSGEN (publication 6). 

Finally, a user-friendly application named PMI has been developed in Power BI for the 

visualisation of the populations’ characteristics and available data and the realisation of 

preliminary analyses (publication 6).  

 



200 

 

Conclusion 

In conclusion, this thesis is proposing several determinants of VEGF-A and TL that are linked 

through known and novel mechanisms with CVD and AD: IL-4, IL-6, MCP-1, EGF, IL-1α, TERG 

variants, VEGF-A-related variants, especially the rs6993770, APOE and LSR polymorphisms. 

Some of these have been successfully used to develop a risk prediction model for AD with a 

satisfactory accuracy. This is an original model that includes mainly genetic variants and their 

interactions to predict the risk for AD, thus it is a highly personalised tool. It is also highlighting 

the importance of the study of epistasis between genetic variants, that could better capture the 

genetic variability of the multifactorial diseases and provide a powerful methodology for diseases 

risk prediction. It is developed through a machine-learning methodology, which is very powerful 

for the development of risk prediction models, has less methodological restrictions compared to 

classical statistical methods and is currently the methodology of choice in PM. Furthermore, we 

have developed two informatic and statistical tools that served this thesis: an application for 

descriptive analysis of populations’ data and an algorithm for the EN modelling. These tools can 

be used in other populations so as to enable visualisation and analysis of similar data, facilitate the 

validation and replication of our results and contribute in the development of robust personalised 

models for chronic diseases prediction.  

 

Perspectives 

The most important next step is the validation of our results in larger populations and then combine 

results in order to develop extended prediction risk tools in populations where availability of the 

identified determinants and related data is assured. These personalised risk prediction tools should 

be tested in large case-control and prospective cohorts of CVD and AD patients and compared 

with existing prediction tools to demonstrate their added value in utility and cost-effectiveness. 

They should also be tested in populations of different origin so as to generalise their use.  

 

These resources could be found within the frames of the VEGF Consortium 

(www.santoriniconference.org), which was funded in 2015 and coordinated by the EA_1122 ; 

IGE-PCV. It includes 20 international partners with interests on VEGF-A and PM and access to 

important populations with large availability of “-omics” data [19]. Furthermore, significant 

http://www.santoriniconference.org/
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resources can be also found within collaborations of EA_1122; IGE-PCV within the frames of the 

Santorini Conference (www.santoriniconference.org ), which is organised by the team [81].  

A significant contribution of this thesis is the development of an application for the visualisation 

and descriptive analysis of populations’ data and the algorithm for the elaboration of the risk 

prediction model. The application can be easily fed with the new populations and can allow a fast 

overview of the specific characteristics of each cohort based on descriptive analysis and related 

plots and graphs and selection of individuals based on precise criteria. Fast quality control and 

exclusion of individuals and variants based on exclusion criteria is also performed through the 

application and the selected populations can be extracted to datasets. These datasets can then be 

used for the application of the analysis algorithm. This algorithm is applying the EN method to 

provide the most accurate prediction model based on the determinants of each population. Thus, 

these two tools together with the availability of large populations that can be provided by the 

scientific network of EA_1122; IGE-PCV can ensure that the challenging perspectives of this work 

can be realised and that validated and replicated personalised risk prediction models based on the 

identified risk determinants will be produced and delivered for use to health professionals.  

 

  

http://www.santoriniconference.org/
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Detailed script for the analytical algorithm 

 

RSGEN script 

App 

setwd(dirname(rstudioapi::getActiveDocumentContext()$path)) 
rm(list = ls()) 
 

source("serv72.R") 
source("ui72.R") 
 
shinyApp(ui,server) 
#shinyApp(ui,server,options = list(display.mode='showcase')) 

 

Server 

if (!require("pacman")) 
  install.packages("pacman") 
pacman::p_load( 
  "shinyjs", 
  "shinythemes", 
  "shinycssloaders", 
  "conflicted", 
  "summarytools", 
  "Hmisc", 
  "Formula", 
  "survival", 
  "rmarkdown", 
  "ROCR", 
  "devtools", 
  "usethis", 
  "VIM", 
  "colorspace", 
  "HardyWeinberg", 
  "nnet", 
  "Rsolnp", 
  "mice", 
  "psych", 
  "missMDA", 
  "factoextra", 
  "FactoMineR", 
  "reshape2", 
  "doParallel", 
  "iterators", 
  "foreach", 
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  "caret", 
  "lattice", 
  "coefplot", 
  "glmnet", 
  "Matrix", 
  "broom", 
  "forcats", 
  "stringr", 
  "dplyr", 
  "purrr", 
  "readr", 
  "tidyr", 
  "tibble", 
  "tidyverse", 
  "useful", 
  "gt", 
  "gtsummary", 
  "plotly", 
  "DT", 
  "ggplot2", 
  "rio", 
  "janitor", 
  "shinydashboard", 
  "shiny", 
  data.table  
) 
conflict_prefer("select", "dplyr") 
conflict_prefer("filter", "dplyr") 
conflict_prefer("box", "shinydashboard") 
conflict_prefer("melt", "reshape2") 
conflict_prefer("dcast", "reshape2") 
# source functions 
list.files("funs", full.names = TRUE, pattern = ".R$") %>% walk(source) 
# default dataset 

dataset <- (import("Dataset2.xlsx")) 
## dataset$id=as.character(dataset$id) 
server = function(input, output, session) { 
  # input data 

  shinyjs::disable("report") 
  shinyjs::disable("file_pred") 
  InputDataset <- reactive({ 
    # read default or user data 
    if (is.null(input$file_mtb)) { 
      dataset 
    } else { 
      # get input 
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      infile <- input$file_mtb 
      # read and return 
      # clean_names(rio::import(infile$datapath)) 

      rio::import(infile$datapath) 
      # remove_outliers_df(clean_names(rio::import(infile$datapath))) 
      #  
    } 
  }) 
  # DT original data  
  output$Data <- renderDT(InputDataset()) 
  # update options for Y and ID 
  observe({ 
    lstname <- names(InputDataset()) 
    updateSelectInput( 
      session = session, 
      inputId = "SelectY", 
      choices = lstname, 
      selected = str_subset(lstname, "stat")[1] 
    ) 
    updateSelectInput( 
      session = session, 
      inputId = "SelectID", 
      choices = lstname, 
      selected = str_subset(lstname, "id")[1] 
    )  
  }) 
    # identify factors- numerics- genetics (after setting ID, Y) 
  toListen <- reactive({ 
    list(input$SelectY , input$SelectID) 
  })  
  vars <- eventReactive(toListen(), { 
    form_fun(InputDataset(), 
                resp = input$SelectY, 
                id = input$SelectID) 
  }) 
  observeEvent(toListen() , { 
    # req(input$SelectY) 
    # req(input$SelectID) 

    updateSelectInput( 
      session = session, 
      inputId = "SelectNUM", 
      choices = vars()$nums, 
      selected = vars()$nums 
    ) 
    updateSelectInput( 
      session = session, 
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      inputId = "SelectFAC", 
      choices = vars()$facts, 
      selected = vars()$facts 
    ) 
    updateSelectInput( 
      session = session, 
      inputId = "SelectGEN", 
      choices = vars()$genetix, 
      selected = vars()$genetix 
    )    
  }) 
 # remove outliers 

  InputDataset_clean <- eventReactive(input$go, { 
     dd=remove_outliers_df(InputDataset()) 
     }) 
  # fun2 HW_MAF 

  list_HW_MAF <- reactive( { 
    print("list_HW_MAF") 
req(InputDataset_clean()) 
    list_HW_MAF = list() 
    i = 0 
    for (k in c(0, 1, 3)) { 
      i = i + 1 
      list_HW_MAF[[i]] = fun2_HW_MAF(InputDataset_clean(), 
vars()$genetix, status=input$SelectY, k = k, HWpval=input$p_val , 
MAF=input$MAF/100) 
names(list_HW_MAF)[i] = paste0("k", i) 
    } 
    list_HW_MAF 
  }) 
 # HW MF plots 

  HW_MAF_plist <- reactive({ 
    req(list_HW_MAF()) 
    par(mar=c(1,1,1,1)) 
    plot.new() 
    par(mfrow=c(2,2)) 
    i = 0  
    for (k in c(0, 1, 3)) { 
      i = i + 1 
HWGenotypePlot(list_HW_MAF()[[i]][[3]],plottype=2,cex=0.7,cex.lab=1.5,
cex.axis=1.5 ,cex.main=1, main="Homozygote scatterplot",asp=0.5) 
    } 
    plist=recordPlot() 
  }) 
  output$HW_MAF_plist <- renderPlot({ 
   replayPlot( HW_MAF_plist()) 
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  }) 
  dat3 <- reactive({ 
    req(list_HW_MAF()) 
dat2= InputDataset_clean() %>% select(one_of(c(input$SelectY, 
        vars()$facts, vars()$nums, list_HW_MAF()$k3[[1]] 
      ))) 
      # aggr 
      # Remove variables based on missing values 
      par(mar=c(1,1,1,1)) 
      plot.new() 
    aggr_dat= aggr(dat2, col=c('navyblue','red'), numbers=TRUE, 
sortVars=TRUE, labels=names(dat2), cex.axis=.7, gap=3, 
ylab=c("Histogram of missing data","Pattern")) 
      aggr_plot<- recordPlot() 
      aggr_plot 
      MVV<-as.data.frame(aggr_dat$missings) 
      MVV[2]<-round(MVV[2]/dim(dat2)[1], digits = 2) 
      MVV <- subset(MVV, MVV[2] < input$MVV_prop/100) 
      dd3 <-  dat2 %>% select( one_of(MVV$Variable) )  
      # delete rows with NAs> tol 

        dat22 =  dd3 %>% rowwise() %>% mutate(nmis_oth = 
sum(is.na(c_across(one_of( 
          c(vars()$facts, vars()$nums) 
        )))) / length(c(vars()$facts, vars()$nums)), 
        nmis_gen = sum(is.na(c_across(one_of( 
          c(list_HW_MAF()$k3[[1]]) 
        )))) / length(c(list_HW_MAF()$k3[[1]]))) %>%  
        filter(nmis_oth<=input$nmis_oth_tol/100 & 
nmis_gen<=input$nmis_gen_tol/100) %>% select(-c(nmis_oth,nmis_gen)) 
       return(list( dat=dat22,aggr_plot=aggr_plot)) 
  }) 
 # plot aggr 

  output$NA_plots <- renderPlot({ 
    replayPlot(dat3()$aggr_plot) 
  }) 
  #  fun3:: imputation  
 dat_model <- eventReactive(dat3(), { 
   req(dat3()) 
fun3_imp(dat3()$dat,1, input$SelectNUM)  
  }) 
  # Prepare dataset for summary and Plots   
  InputDataset_summ <- eventReactive(dat_model(), { 
req(dat_model) 
    dt <- 

      dat_model() %>% select(-one_of(input$SelectID)) %>% 
select(one_of( 



254 

 

        c( 
          input$SelectY, 
          input$SelectFAC, 
          input$SelectNUM, 
          input$SelectGEN 
        ) 
      )) %>% rename(Y = input$SelectY) %>% 
      mutate( 
        across(one_of(input$SelectNUM), as.numeric), 
        across(one_of(input$SelectFAC), as.factor), 
        across(Y, as.factor), 
        across(one_of(input$SelectGEN), as.character) 
      ) %>% 
      mutate(Y = recode_factor(Y, "0" = "healthy",  "1" = "patient")) 
  }) 
  # Summary Table 

  summ_tab=reactive({  
   req(   InputDataset_summ() ) 
    InputDataset_summ() %>% 
      tbl_summary( 
        by = Y, 
        statistic = list( 
          all_continuous() ~ "{mean} ({sd})", 
          all_categorical() ~ "{n} / {N} ({p}%)" 
        ), 
        digits = all_continuous() ~ 2, 
        missing_text = "(Missing)" 
      ) %>% 
      add_overall() %>% 
      add_n() %>% 
      modify_header(label ~ "**Predictor**") %>% 
      modify_spanning_header(c("stat_1", "stat_2") ~ input$SelectY)  
  }) 
  output$Summ <- 

    render_gt( 
      summ_tab()%>% 
        as_gt()  
    ) 
  # EDA Plots 

  plots <- reactiveValues() 
  observeEvent(InputDataset_summ(), { 
    req(InputDataset_summ) 
    # genetic plot 

    bb = InputDataset_summ() %>% select(Y, one_of(input$SelectGEN)) %>% 
      pivot_longer(cols = -Y) %>% group_by(name, Y, value) %>% count %>% 
mutate(Y =                                                                         
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as.factor(Y)) 
    names(bb) = c("var", "cond", "cat", "value") 
    plots$plotGEN <-   bb %>% na.omit %>% 
      ggplot() + 
      geom_bar(aes(y = value, x = cat, fill = cond), 
               stat = "identity", 
               position = 'stack') + 
      facet_wrap( ~ var, scales = 'free') + 
      theme(axis.text.x = element_text( 
        angle = 90, 
        vjust = 0.5, 
        hjust = 1 
      )) 
    # factor plot  

    bb2 = InputDataset_summ() %>% select(Y, one_of(input$SelectFAC)) %>% 
      pivot_longer(cols = -Y) %>% group_by(name, Y, value) %>% count %>% 
mutate(Y = 
                                                                                  
as.factor(Y)) 
    names(bb2) = c("var", "cond", "cat", "value") 
    plots$plotFAC <-   bb2 %>% na.omit %>% 
      ggplot() + 
      geom_bar(aes(y = value, x = cat, fill = cond), 
               stat = "identity", 
               position = 'stack') + 
      facet_wrap( ~ var, scales = 'free') + 
      theme(axis.text.x = element_text( 
        angle = 90, 
        vjust = 0.5, 
        hjust = 1 
      )) 
    # numeric plot- 
    dat3 = InputDataset_summ() %>% select(Y, where(is.numeric)) %>% 
mutate(Y =                                                                            
as.factor(Y)) %>% pivot_longer(-Y) 
    dodge <- position_dodge(width = 0.4) 
    plots$plotNUM <-  ggplot(dat3) + 
      aes(x = Y, y = value, fill = Y) + 
      geom_violin(position = dodge) + 
      geom_boxplot(width = .1, 
                   outlier.colour = NA, 
                   position = dodge) + 
      theme_minimal() + 
      facet_wrap(~ name, scales = 'free') 
  }) 
  output$plotGEN <- renderPlot({ 
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    plots$plotGEN 
  }) 
  output$plotFAC <- renderPlot({ 
    plots$plotFAC 
  }) 
  output$plotNUM <- renderPlot({ 
    plots$plotNUM 
  }) 
  # Partition 

  splitSlider <- reactive({ 
    input$partition / 100 
  }) 
  set.seed(2022)  # setting seed to reproduce results of random sampling 
  trainingRowIndex <- 

    reactive({ 
      req(InputDataset_summ) 
      sample(1:nrow(InputDataset_summ()), 
             splitSlider() * nrow(InputDataset_summ())) 
    })# row indices for training data 

  trainingData <- reactive({ 
    tmptraindt <- InputDataset_summ() 
    tmptraindt[trainingRowIndex(),] 
  }) 
  testData <- reactive({ 
    tmptestdt <- InputDataset_summ() 
    tmptestdt[-trainingRowIndex(), ] 
  }) 
  output$cntTrain <- 

    renderText(paste("Train Data:", NROW(trainingData()), "records")) 
  output$cntTest <- 

    renderText(paste("Test Data:", NROW(testData()), "records")) 
# end partition 
  #MODEL 
# formula 

  formula=reactive({ 
    req(dat_model()) 
    # exclude vars with only 1 value 
    datmod=dat_model() %>% select(where(~n_distinct(.) > 1)) 
    EN_import<-fun4_EN_formula(datmod, resp= input$SelectY, 
id=input$SelectID) 
   EN_import$form 
  }) 
# fun 4 

  model_out <- reactive( { 
req(dat_model()) 
      datmod=datmod1 %>% mutate(across(everything(),~as.factor(.)))%>% 
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mutate(across(any_of(input$SelectNUM),~as.numeric(.x))) 
    fun4_EN(datmod, resp= input$SelectY, p=splitSlider(), formula = 
formula()) 
  }) 
 # model results - 

   output$confmat <- renderPrint(model_out()$confmat) 
   output$coefs <- renderPrint(model_out()$coefs) 
   output$acc <- renderPrint(model_out()$acc) 
   output$auc <- renderPrint(model_out()$auc) 
   output$mod_pl1=renderPlot({ model_out()$pl1}) 
   output$mod_pl2=renderPlot({ model_out()$pl2}) 
   # PREDICTION  

   output$panelstatus <- reactive({ 
     req(dat_model()) 
TRUE 
   }) 
   outputOptions(output, "panelstatus", suspendWhenHidden = FALSE) 
 predDataset <- reactive({ 
     # read default or user data 
     if (is.null(input$file_pred)) { 
      datmod1 %>% mutate(across(everything(),~as.factor(.)))%>% 
mutate(across(any_of(input$SelectNUM),~as.numeric(.x))) 
     } else { 
       # get input 
        infile <- input$file_pred 
       # read and return 
          rio::import(infile$datapath) 
     } 
 }) 
   pred_rst=reactive({ 
     req(dat_model())   
     req(predDataset()) 
    # bind to dat_model toget correct col classes 

zz = rbindlist(list(dat_model(), predDataset()), fill = T) 
     preda= zz%>% mutate(across(everything(),~as.factor(.)))%>% 
mutate(across(one_of(input$SelectNUM),~as.numeric(.x))) %>% select(-
one_of(input$SelectID)) %>% select(where(~n_distinct(.) > 1)) %>%  
select(where(~nlevels(.) > 1 | is.numeric(.))) 
     test_x <- build.x(formula(),preda,contrasts = FALSE) 
     preds= predict( 
       model_out()$model, 
       s = "lambda.min", 
       newx = test_x, 
       type = "class" 
     ) 
       predDat = predDataset() %>% mutate(Predict 
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=tail(preds,nrow(predDataset()))) %>% select(input$SelectID,Predict, 
everything()) 
     predDat  
   }) 
       # DT prediction 

 output$DataPred <- DT::renderDataTable({ 
   DT::datatable( 
     pred_rst(), 
     extensions = "Buttons", 
     options = list( 
       paging = TRUE, 
       scrollX = TRUE, 
       searching = TRUE, 
       ordering = TRUE, 
       dom = 'Bfrtip', 
       buttons = c('copy', 'csv', 'excel'), 
       pageLength = 15, 
       lengthMenu = c(3, 5, 10) 
     ) 
   ) 
 }) 
   # REPORT 
   observeEvent(model_out(),{ 
     shinyjs::enable("report") 
     shinyjs::enable("file_pred") 
   }) 
   output$report <- downloadHandler( 
     filename = "report.doc", 
     content = function(file) { 
       tempReport <- file.path(tempdir(), "report.Rmd") 
       file.copy("report.Rmd", tempReport, overwrite = TRUE) 
       # Set up parameters to pass to Rmd document 

       params <- 

         list( 
           file=input$file_mtb$name, 
           summ_tab=summ_tab(), 
           plotGEN=plots$plotGEN, 
           plotFAC=plots$plotFAC, 
           plotNUM= plots$plotNUM, 
           HW_MAF_p= HW_MAF_plist(), 
           aggrPlot=dat3()$aggr_plot, 
           p1 = model_out()$pl1, 
           p2 = model_out()$pl2, 
           coefs = model_out()$coefs, 
           confmat = model_out()$confmat, 
           auc = model_out()$auc 
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         ) 
       rmarkdown::render(tempReport, output_file = file, 
                         params = params, 
                         envir = new.env(parent = globalenv()) 
       ) 
     } 
   ) 
} 
 

 

UI 

if (!require("pacman")) 
  install.packages("pacman") 
pacman::p_load( 
  "shinyjs", 
  "shinythemes", 
  "shinycssloaders", 
  "shinydashboard", 
  "shiny", 
  data.table 
) 
ui<-dashboardPage( 
  dashboardHeader(title = "RSGEN", dropdownMenuOutput("msgOutput")), 
  # dashboardSidebar 

  dashboardSidebar( 
    useShinyjs(), 
    fileInput(inputId = "file_mtb", label = "Please upload a  dataset", 
              multiple = FALSE, accept = c('.xlsx', '.xls', '.csv'), 
placeholder = "  No file selected" 
    ),     
    h5(textOutput("cntTrain")), 
    h5(textOutput("cntTest")), 
    selectInput( 
      "p_val", 
      # fun2-->row 51 

      label = "HW p-Value Pevel", 
      choices = c(0.05,0.001,0.1), 
      multiple = F, 
      selected = 0.05 
    ), 
    sliderInput( 
      "MAF", 
      # fun2--> /100 

      label = h5("MAF Level"), 
      min = 0, 
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      max = 100, 
      value = 50 
    ), 
    sliderInput( 
      "partition", 
      # fun4 

      label = h5("Dataset Partition Level"), 
      min = 50, 
      max = 100, 
      step=1, 
      value = 80 
    ), 
    sliderInput( 
      #nmis 
      "nmis_oth_tol", 
      label = h5("Non-SNP's NAs Row Level"), 
      min = 0, 
      max = 100, 
      step=5, 
      value = 30 
    ), 
    sliderInput( 
      #nmis_gen 
      "nmis_gen_tol", 
       label = h5("SNP's NAs Row Level"), 
      min = 0, 
      max = 100, 
      step=5, 
      value = 30 
    ), 
    sliderInput( 
      #MVV 
      "MVV_prop", 
      label = h5("NAs Column Level"), 
      min = 0, 
      max = 100, 
      step=5, 
      value = 5 
    ), 
    br() 
  ), 
  # dashboardBody 
  dashboardBody( 
  fluidPage(   
      tabBox( 
      id = "tabset1", 
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      height = "1000px", 
      width = 12, 
  # Select Vars 

      tabPanel("Data Import", 
               box( 
                 selectInput( 
                   "SelectNUM", 
                   label = "List of Numeric variables", 
                   choices = "", 
                   multiple = TRUE, 
                   selected = "" 
                 ), 
                 solidHeader = TRUE, 
                 width = "5", 
                 status = "primary", 
                 title = "Numeric variables" 
               ), 
               box( 
                 selectInput( 
                   "SelectFAC", 
                   label = "List of Factor variables", 
                   choices = "", 
                   multiple = TRUE, 
                   selected = "" 
                 ), 
                 solidHeader = TRUE, 
                 width = "5", 
                 status = "primary", 
                 title = "Factor variables" 
               ), 
               box( 
                 selectInput( 
                   "SelectGEN", 
                   label = "List of Genetic variables", 
                   choices = "", 
                   multiple = TRUE, 
                   selected = "" 
                 ), 
                 solidHeader = TRUE, 
                 width = "5", 
                 status = "primary", 
                 title = "Genetic variables" 
               ), 
               box( 
                 selectInput("SelectY", label = "Select Predictor", 
choices = ""), 
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                 solidHeader = TRUE, 
                 width = "3", 
                 status = "primary", 
                 title = "Predictive variable" 
               ), 
               box( 
                 selectInput("SelectID", label = "Select ID:", choices 
= ""), 
                 solidHeader = TRUE, 
                 width = "3", 
                 status = "primary", 
                 title = "ID variable" 
               ), 
               box( actionButton("go", "OK") 
                   ) 
               , 
               width=12 
               ), 
      # Data 

      tabPanel("Data Presentation", 
               box(withSpinner( 
                 column(width = 12, 
                        DT::dataTableOutput("Data"),style = 
"height:500px; overflow-y: scroll;overflow-x: scroll;" 
                 )   
               ), width = 18)), 
      # Data summ 
      tabPanel( 
        "Data Summary", 
      withSpinner(  gt_output("Summ")) 
      ), 
      # EDA Plot 

            tabPanel("Exploratory Data Analysis Plots", 
               fluidPage( 
         tabsetPanel( 
                   tabPanel("NAs pattern plot",       
               box(withSpinner(plotOutput( 
                 "NA_plots" 
               )), width = 12)), 
               tabPanel("HW genotype plot", 
                        withSpinner(plotOutput( 
                          "HW_MAF_plist",  height=800 
                        ))), 
          tabPanel("Genetic plot", 
               withSpinner(plotOutput( 
                 "plotGEN",  height=800 



263 

 

               ))), 
          tabPanel("Factor plot", 
                   withSpinner(plotOutput( 
                     "plotFAC",  height=500 
                   ))), 
          tabPanel("Numeric plot", 
                   withSpinner(plotOutput( 
                     "plotNUM",  height=500 
                   ))) 
      ) )), 
  # Model 
         tabPanel( 
        "Model", 
        fluidPage( 
          tabsetPanel( 
           # Tabular Results 

            tabPanel("Tabular Results", 
          fluidRow(column(6, align="left",       
       hr("Model Summary"), 
          withSpinner(verbatimTextOutput("coefs")) 
        ), 
        column(6,  
           hr("Confusion Matrix"), 
                 withSpinner(verbatimTextOutput("confmat")), 
                      hr("AreaUunder the Curve"),     
            withSpinner(verbatimTextOutput("auc")) 
        ) 
      )), 
 

     # Model Plots 

      tabPanel(  "Model Plots", 
        box(withSpinner(plotOutput("mod_pl1")), width = 6, title = 
"Elastic Net coeficiente plot"), 
        box(withSpinner(plotOutput("mod_pl2")), width = 6, title = "Area 
under curve plot") 
      ) 
          ) 
        ) 
         ) 
            , 
  # Report 

  tabPanel( 
    "Report", 
    conditionalPanel( 
      condition = 'output.panelstatus==true', 
          downloadButton("report", "Generate report") 
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    ) 
  ),  
  # Prediction     

      tabPanel( 
        "Prediction", 
      conditionalPanel( 
        condition = 'output.panelstatus==true', 
        fileInput(inputId = "file_pred", label = "Please upload a  
dataset", 
                  multiple = FALSE, accept = c('.xlsx', '.xls', '.csv'), 
placeholder = " No file selected" 
        ), 
        withSpinner( 
          column(width = 12, 
                 DT::dataTableOutput("DataPred"),style = "height:500px; 
overflow-y: scroll;overflow-x: scroll;" 
          ) 
        ) 
        ) 
      , width = 18) 
    ) 
  ) 
  ) 
) 

 

Import 

form_fun=function( dat, resp= "statut_atherome",     id="id"){ 
  xx=crossing(var1 = c("A","T","G","C","1 ","1 ","2 ", "0 ", "1 ", "2 " 
), var2 = c("A","T","G","C","1","1","2","0", "1", "2")) %>% unite("z", 
var1:var2, remove = T,sep="") %>% pull(z) 
  genetix=dat %>%  
    select(where(~ any(. %in% xx, na.rm = TRUE))) %>% names() 
  # identify integers- > convert to factors 
  is_whole <- function(x) all(floor(x) == x, na.rm = T) 
  unixx=function(x) length(unique(x))<=5 
  integs = dat %>% select_if(is.numeric) %>%  select_if( is_whole )%>%  
select_if( unixx ) %>% names 
  # convert integers- characters to factor 
  dat2=dat %>% mutate_if(sapply(., class) %in% c("factor", 
"character","integer"), as.factor) %>% 
mutate(across(integs,~as.factor(.x))) 
  # factor col names 
  factors=dat2 %>% select_if(is.factor) %>% names() 
  facts=factors[!factors %in% c(genetix,resp,id)] 
  # numeric col names 
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  nums=dat2 %>% select_if(is.numeric) %>% select(-one_of(id))%>% names() 
  # formula 
  form=as.formula(paste(resp,"~", paste(facts, 
collapse="+"),"+",paste(nums, collapse="+"),"+(",paste(genetix, 
collapse="+"),")^2")) 
  return(list(form=form, genetix=genetix,facts=facts,nums=nums)) 
} 

 

HW MAF 

fun2_HW_MAF=function(dataset,col_names_genetic,status,k, HWpval=0.05 , 
MAF=0.5){ 
  # dataset=janitor::clean_names(dataset) 

  if (k == 3) { 
    dataset<-dataset 
  } else { 
    dataset<-dataset %>% filter(!!sym(status)==k)    
  } 
  dataset <-  dataset %>% dplyr::select( c(col_names_genetic ) ) 
  n_row<-dim(dataset)[2] 
    x<-matrix(nrow = n_row, ncol = 3) 
  HWC<-matrix(nrow = n_row, ncol = 3) 
  HWE<-matrix(nrow = n_row, ncol = 3) 
  dataset_n_temp<-matrix(nrow = n_row, ncol = 3) 
  HW_MAF<-matrix(nrow = n_row, ncol = 4) 
    for (i in 1:n_row){ 
    dataset_n_temp[i]<-list(table(dataset[i])) 
      for (j in 1:3){ 
      x[i,j]<-sapply(dataset_n_temp[i], function(x){as.numeric(x[j])}) 
    } 
    x[is.na(x)] = 0 
    HWC[i]<-
list(HWChisq(c(MM=x[i,1],MN=x[i,2],NN=x[i,3]),verbose=TRUE)) 
    HWE[i]<-
list(HWExact(c(MM=x[i,1],MN=x[i,2],NN=x[i,3]),verbose=TRUE))   
  } 
  #maf 
  maf<-matrix(nrow = n_row, ncol = 4) 
  for (i in 1:n_row){ 
    m <- x[i,] 
    m <- m/sum(m) 
    HW_MAF[i,1]<- col_names_genetic[i] 
    HW_MAF[i,2]<- round(maf(m), digits = 2) 
    HW_MAF[i,3]<-round(HWC[[i]]$chisq, digits = 2) 
    HW_MAF[i,4]<-round(HWC[[i]]$pval, digits = 2) 
    #remove snps that HWpval<0.05 or MAF>0.5 
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    if ((HW_MAF[i,2]>MAF) | (HW_MAF[i,4]<HWpval)) { 
      dataset<-dataset[,-c(i)] 
    } 
  } 
  HW_MAF<-as.data.frame(HW_MAF) 
  names(HW_MAF)[1] <- paste("SNP") 
  names(HW_MAF)[2] <- paste("MAF") 
  names(HW_MAF)[3] <- paste("HWchisq") 
  names(HW_MAF)[4] <- paste("HWpval") 
  n_ind<-dim(dataset)[1] 
  return(list(names(dataset),HW_MAF, x, n_ind)) 
} 

 

Outlier 

# convert ALL outliers to NA in each col 
remove_outliers <- function(x, na.rm = TRUE, ...) { 
  qnt <- quantile(x, probs=c(.25, .75), na.rm = na.rm, ...) 
  H <- 1.5 * IQR(x, na.rm = na.rm) 
  y <- x 
  y[x < (qnt[1] - H)] <- NA 
  y[x > (qnt[2] + H)] <- NA 
  y 
} 
remove_outliers_df=function(df){ 
  df2=df %>% 
    mutate(across(where(is.numeric), ~remove_outliers(.x))) 
  return(df2) 
} 
 

 

Imputation 

fun3_imp = function(dat, ncpMax = 5, col_names_numeric) { 

  dataset = dat %>%   ungroup()  %>% 

    mutate(across(everything(),  ~ as.factor(.x))) %>% 

    mutate(across(any_of(col_names_numeric),  ~ as.numeric(.x))) %>% 

select(where(~  n_distinct(.) > 1)) 

  res.ncp <- try(estim_ncpFAMD(dataset, ncp.max = ncpMax),silent=T) 

  if (!inherits(res.ncp, "try-error")) { 

    print("IMP1") 

    res.famd <-try( imputeFAMD(dataset, ncp = res.ncp$ncp),silent=T) 

    if (!inherits(res.famd, "try-error")) { 

      dataset_imp1 <- res.famd$completeObs 

      dataset_imp2 <- 
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        as.data.frame(lapply(dataset_imp1, function(x) 

          sub(".*_", "", x))) 

      dataset_imp = dataset_imp2 %>% 

        mutate(across(everything(),  ~ as.factor(.))) %>% 

        mutate(across(any_of(col_names_numeric),  ~                                  

as.numeric(.x))) 

    } else{ 

      print("ERR") 

      dataset_imp = dataset 

    } 

  }else{ 

    print("ERR") 

    dataset_imp = dataset 

  } 

    return(dataset_imp) 

      } 

 

Elastic Net formula 

fun4_EN_formula=function( dataset, resp= "status", id="id"){ 
  # exclude vars with only 1 value 
  dataset=dataset %>% select(where(~n_distinct(.) > 1)) 
  # identify genetic cols 
  # all combinations of A-T-C-G 
  xx=crossing(var1 = c("A","T","G","C","1 ","1 ","2 ", "0 ", "1 ", "2 " 
), var2 = c("A","T","G","C","1","1","2","0", "1", "2")) %>% unite("z", 
var1:var2, remove = T,sep="") %>% pull(z) 
  genetic=dataset %>%  
    select(where(~ any(. %in% xx, na.rm = TRUE))) %>% names() 
  # identify integers- > convert to factors 

  is_whole <- function(x) all(floor(x) == x, na.rm = T) 
  unixx=function(x) length(unique(x))<=8 
  integs = dataset %>% select_if(is.numeric) %>%  select_if( is_whole 
)%>%  select_if( unixx ) %>% names 
  # convert integers- characters to factor 

  dataset2=dataset %>% mutate_if(sapply(., class) %in% c("factor", 
"character","integer"), as.factor) %>% 
mutate(across(integs,~as.factor(.x))) 
  # factor col names 

  factors=dataset2 %>% select_if(is.factor) %>% names() 
  factor=factors[!factors %in% c(genetic,resp, id)] 
  # numeric col names 

  numeric=dataset2 %>% select_if(is.numeric) %>% names() 
  # formula 
  formula=as.formula(paste(resp,"~", paste(factor, collapse="+"), 
                           "+",paste(numeric, collapse="+"), 
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                           "+(",paste(genetic, collapse="+"),")^2")) 
  return(list(formula=formula, 
genetic=genetic,factor=factor,numeric=numeric)) 
} 
 

 

Elastic Net 

extractGlmnetInfo <- function(object) 
{ 
  # find lambdas 
  lambdaMin <- object$lambda.min 
  lambda1se <- object$lambda.1se 
  # figure out where those lambdas fall in the path 

  whichMin <- which(object$lambda == lambdaMin) 
  which1se <- which(object$lambda == lambda1se) 
  # build a one line data.frame with each of the selected lambdas and 
  # its corresponding error figures338 Chapter 22 Regularization and Shrinkage 
  data.frame(lambda.min=lambdaMin, error.min=object$cvm[whichMin], 
             lambda.1se=lambda1se, error.1se=object$cvm[which1se]) 
} 
nonzeroCoef = function (beta, bystep = FALSE)  
{ 
# bystep = FALSE means which variables were ever nonzero 

# bystep = TRUE means which variables are nonzero for each step 

  nr=nrow(beta) 
  if (nr == 1) {#degenerate case 

    if (bystep)  
      apply(beta, 2, function(x) if (abs(x) > 0)  
        1 
        else NULL) 
    else { 
      if (any(abs(beta) > 0))  
        1 
      else NULL 
    } 
  } 
  else { 
    beta=abs(beta)>0 # this is sparse 

    which=seq(nr) 
    ones=rep(1,ncol(beta)) 
    nz=as.vector((beta%*%ones)>0) 
    which=which[nz] 
    if (bystep) { 
      if(length(which)>0){ 
        beta=as.matrix(beta[which,,drop=FALSE]) 
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        nzel = function(x, which) if (any(x))  
          which[x] 
        else NULL 
        which=apply(beta, 2, nzel, which) 
        if(!is.list(which))which=data.frame(which)# apply can return a 
matrix!! 

        which 
      } 
      else{ 
        dn=dimnames(beta)[[2]] 
        which=vector("list",length(dn)) 
        names(which)=dn 
        which 
      } 
    } 
    else which 
  } 
} 
fun4_EN=function(dat, resp= "status", p=0.83, formula="formula"){ 
  set.seed(1564641)   
  dat= dat %>% mutate(across(where(is.character), as.factor)) 
  # exclude vars with only 1 value 
  dat=dat %>% select(where(~n_distinct(.) > 1)) 
  intrain<-createDataPartition(y=dat[[resp]],p=p,list=FALSE) 
  training<-dat[intrain,] 
  testing<-dat[-intrain,] 
  #build x for training  

  train_x<-build.x(formula ,training,contrasts = FALSE) 
  #build y for training set  

  train_y<-build.y(formula,training) 
  #apoeg     
  test_x <- build.x(formula,testing,contrasts = FALSE) 
  test_y <- build.y(formula,testing) 
  set.seed(1863561) 
  # run the cross-validated glmnet 

  fit1 <- cv.glmnet(x=train_x, y=train_y, family="binomial",weights = 
NULL, offset = NULL, standardize = TRUE, intercept = TRUE, nfold=5, alpha 
= 0)   
  # start point 

  set.seed(2834673) 
  theFolds <- sample(rep(x=1:5, length.out=nrow(train_x))) 
  alphas <- seq(from=0, to=1, by=.05) 
  #set the seed for repeatability of random results 

  set.seed(5127151) 
  # start a cluster with two workers 
  cl <- makeCluster(8) 
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  # register the workers 

  registerDoParallel(cl) 
  # keep track of timing 

  before <- Sys.time() 
  # build foreach loop to run in parallel 

 # several arguments 

  fit_all2 <- foreach(i=1:length(alphas), .errorhandling="remove", 
                      .inorder=FALSE, .multicombine=TRUE, 
                      .export=c("train_x", "train_y", "alphas", 
"theFolds"), 
                      .packages="glmnet") %dopar% 
    {print(alphas[i]) 
      cv.glmnet(x=train_x, y=train_y, family="binomial", standardize = 
TRUE, intercept = TRUE, nfolds=20, 
                foldid=theFolds, alpha=alphas[i]) 
    } 
  # stop timing 
  after <- Sys.time() 
    # make sure to stop the cluster when done 
  stopCluster(cl) 
    # time difference 
  # this will depend on speed, memory & number of cores of the machine 

  sapply(fit_all2, class) 
  alphaInfo <- Reduce(rbind, lapply(fit_all2, extractGlmnetInfo)) 
  # make a column listing the alphas 
  alphaInfo$Alpha <- alphas 
  # melt the data into long format 

  alphaMelt <- melt(alphaInfo, id.vars="Alpha", value.name="Value", 
                    variable.name="Measure") 
  alphaMelt$Type <- str_extract(string=alphaMelt$Measure, 
                                pattern="(min)|(1se)") 
  # some housekeeping 
  alphaMelt$Measure <- str_replace(string=alphaMelt$Measure, 
                                   pattern="\\.(min|1se)", 
                                   replacement="") 
  alphaCast <- dcast(alphaMelt, Alpha + Type ~ Measure, 
                     value.var="Value") 
  alpha1000=alphaInfo$Alpha[which.min(alphaInfo$error.min)] 
  set.seed(5127151) 
  acsCV3 <- cv.glmnet(x=train_x, y=train_y, family="binomial", 
standardize = TRUE, intercept = TRUE, nfold=20, 
                      alpha=alphaInfo$Alpha[which.min( 
                        alphaInfo$error.min 
                      )]) 
  x <- coef(acsCV3, s="lambda.min")   
  theCoef <- as.matrix(coef(acsCV3, s="lambda.min")) 
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  coefDF <- data.frame(Value=theCoef, Coefficient=rownames(theCoef)) 
  coefDF <- coefDF[nonzeroCoef(coef(acsCV3, s="lambda.min")), ] 
  pred1 <-   predict(acsCV3,s = "lambda.min", newx = test_x,  type = 
"response") 
  pred2 <-   predict(acsCV3,s = "lambda.min", newx = test_x,  type = 
"class") 
  #take test_y from first time 
  conf <- data.frame(pred2, test_y) 
  aa=confusionMatrix(as.factor(conf[,1]), as.factor(conf[,2])) 
  # c = confusionchart(yTest,pred2); 
  p <- predict(acsCV3,s = "lambda.min", newx = test_x) 
  pr <- prediction(p, as.data.frame(test_y)) 
  prf <- performance(pr, measure = "tpr", x.measure = "fpr") 
  # plot(prf) 
    auc <- performance(pr, measure = "auc") 
  auc <- auc@y.values[[1]] 
  #values to be presented 
  auc 
  plot<-  ggplot(coefDF, aes(x=s1, y=reorder(Coefficient, s1))) + 
    geom_vline(xintercept=0, color="grey", linetype=2) + 
    geom_point(color="blue") + 
    labs(x="Value", y="Coefficient", title="Coefficient Plot") 
  # coefDF[,c(1,2)] 
  rownames(coefDF) <- NULL 
  plot.new() 
   plot(prf) 
   pl2=recordPlot() 
return(list(coefs=coefDF[,c(2,1)],pl1=plot,  pl2=pl2,auc=auc,acc= 
aa[["overall"]][["Accuracy"]],confmat=aa,model=acsCV3)) 
} 
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PMI script 

 

Tables 

Table QueryDefinition 

TL 

let 

Source = Excel.Workbook(File.Contents(FolderPath & 

Filename), null, true), 

TL_Sheet = Source{[Item="TL",Kind="Sheet"]}[Data], 

#"Promoted Headers" = Table.PromoteHeaders(TL_Sheet, 

[PromoteAllScalars=true]), 

#"Changed Type" = Table.TransformColumnTypes(#"Promoted 

Headers",{{"NUMERO", type text}, {"Age", type number}, 

{"rs2736100", type text}, {"rs10936599", type text}, 

{"rs755017", type text}, {"rs9420907", type text}, 

{"rs7675998", type text}, {"rs11125529", type text}, 

{"rs8105767", type text}, {"rs2162440", type text}, 

{"rs12696304", type text}, {"rs7726159", type text}, 

{"rs2487999", type text}, {"rs74019828", type text}, 

{"rs7680468", type text}, {"rs6028466", type text}, 

{"rs621559", type text}, {"rs398652", type text}, 

{"rs1975174", type text}, {"rs4452212", type text}, 

{"rs654128", type text}, {"rs2736428", type text}, 

{"rs2098713", type text}, {"rs17653722", type text}, 

{"rs412658", type text}, {"rs6772228", type text}, 

{"rs3027234", type text}, {"rs4387287", type text}, 

{"rs9419958", type text}, {"rs10761741", type text}, 

{"rs10738760", type text}, {"rs6921438", type text}, 

{"rs7043199", type text}, {"rs6993770", type text}, 

{"rs4416670", type text}, {"rs114694170", type text}, 

{"rs34528081", type text}, {"rs4782371", type text}, 

{"rs2639990", type text}, {"LTL", type number}, {"MTL", type number}, 

{"BMI", type number}, {"PAS", type number}, {"PAD", type number}}), 

#"Removed Other Columns" = Table.SelectColumns(#"Changed 

Type",{"Country","NUMERO", "SEXE", "Age", "Statut 

Athérome", "BMI", "MTL", "LTL", "PAD", "PAS"}), 

#"Renamed Columns" = Table.RenameColumns(#"Removed Other 

Columns",{{"NUMERO", "MeasurementID"}, {"SEXE", "Sex"}, {"Statut 

Athérome", "isHealthy"}}), 

#"Filtered Rows" = Table.SelectRows(#"Renamed Columns", each ([Sex] 

<> null)), 

#"Renamed Columns1" = Table.RenameColumns(#"Filtered 

Rows",{{"MeasurementID", "ID"}}), 

#"Changed Type1" = Table.TransformColumnTypes(#"Renamed 

Columns1",{{"Sex", type text}}), 

#"Replaced Value" = Table.ReplaceValue(#"Changed 
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Type1","2","Female",Replacer.ReplaceText,{"Sex"}), 

#"Replaced Value1" = Table.ReplaceValue(#"Replaced 

Value","1","Male",Replacer.ReplaceText,{"Sex"}), 

#"Changed Type2" = Table.TransformColumnTypes(#"Replaced 

Value1",{{"isHealthy", type text}}), 

#"Replaced Value2" = Table.ReplaceValue(#"Changed 

Type2","1","Healthy",Replacer.ReplaceText,{"isHealthy"}), 

#"Replaced Value3" = Table.ReplaceValue(#"Replaced 

Value2","0","Patient",Replacer.ReplaceText,{"isHealthy"}), 

#"Renamed Columns2" = Table.RenameColumns(#"Replaced 

Value3",{{"ID", "Individuals"}, {"isHealthy", "Status"}}) 

in 

#"Renamed Columns2" 

SNPs 

let 

TL_Sheet = Source{[Item="TL",Kind="Sheet"]}[Data], 

#"Promoted Headers" = Table.PromoteHeaders(TL_Sheet, 

[PromoteAllScalars=true]), 

#"Changed Type" = Table.TransformColumnTypes(#"Promoted 

Headers",{{"NUMERO", type text}, {"SEXE", Int64.Type}, 

{"Age", type number}, {"Statut Athérome", Int64.Type}, 

{"rs2736100", type text}, {"rs10936599", type text}, 

{"rs755017", type text}, {"rs9420907", type text}, 

{"rs7675998", type text}, {"rs11125529", type text}, 

{"rs8105767", type text}, {"rs2162440", type text}, 

{"rs12696304", type text}, {"rs7726159", type text}, 

{"rs2487999", type text}, {"rs74019828", type text}, 

{"rs7680468", type text}, {"rs6028466", type text}, 

{"rs621559", type text}, {"rs398652", type text}, 

{"rs1975174", type text}, {"rs4452212", type text}, 

{"rs654128", type text}, {"rs2736428", type text}, 

{"rs2098713", type text}, {"rs17653722", type text}, 

{"rs412658", type text}, {"rs6772228", type text}, 

{"rs3027234", type text}, {"rs4387287", type text}, 

{"rs9419958", type text}, {"rs10761741", type text}, 

{"rs10738760", type text}, {"rs6921438", type text}, 

{"rs7043199", type text}, {"rs6993770", type text}, 

{"rs4416670", type text}, {"rs114694170", type text}, 

{"rs34528081", type text}, {"rs4782371", type text}, 

{"rs2639990", type text}, {"LTL", type number}, {"MTL", type number}, 

{"BMI", type number}, {"PAS", type number}, {"PAD", type number}}), 

#"Removed Columns" = Table.RemoveColumns(#"Changed 

Type",{"SEXE", "Age", "Statut 

Athérome", "LTL", "MTL", "BMI", "PAS", "PAD", "Country"}), 

#"Unpivoted Other Columns" = Table.UnpivotOtherColumns(#"Removed 

Columns", {"NUMERO"}, "Attribute", "Value"), 
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#"Renamed Columns" = Table.RenameColumns(#"Unpivoted Other 

Columns",{{"Attribute", "Gene"}, {"NUMERO", "Individuals"}}), 

#"Filtered Rows" = Table.SelectRows(#"Renamed Columns", each 

([Value] <> "Bad" and [Value] <> "Uncallable")), 

#"Replaced Value" = Table.ReplaceValue(#"Filtered 

Rows","?","NA",Replacer.ReplaceText,{"Value"}), 

#"Renamed Columns1" = Table.RenameColumns(#"Replaced 

Value",{{"Gene", "SNP"}}) 

 in 

#"Renamed Columns1" 

Measures 

let 

Source 

= Table.FromRows(Json.Document(Binary.Decompress(Binary.FromText

("i45WSklJUYqNBQA=", BinaryEncoding.Base64), Compression.Deflat

e)), let _t = ((type nullable text) meta [Serialized.Text = true]) in type table 

[Column1 = _t]), 

#"Changed 

Type" = Table.TransformColumnTypes(Source,{{"Column1", type text}}

) 

 in 

#"Changed Type" 

Selections 

let 

Source 

= Table.FromRows(Json.Document(Binary.Decompress(Binary.FromText

("i45WcvL1VIrViVbyCfEB075QOsDRBUoHK8XGAgA=", BinaryEnco

ding.Base64), Compression.Deflate)), let _t = ((type nullable text) meta 

[Serialized.Text = true]) in type table [Selection = _t]), 

#"Changed 

Type" = Table.TransformColumnTypes(Source,{{"Selection", type text}}

) 

 in 

#"Changed Type" 

Genes 

Descriptions 

let 

Source = Excel.Workbook(File.Contents(FolderPath & 

Filename), null, true), 

GeneDescriptions_Table = 

Source{[Item="GeneDescriptions",Kind="Table"]}[Data], 

#"Changed 

Type" = Table.TransformColumnTypes(GeneDescriptions_Table,{{"Gene

", type text}, {"Description", type text}}) 

 in 

#"Changed Type" 
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Metrics 

 

Column Name Expression 

Age group switch( true(), [Age] >= 0 && [Age]<=17,"0-17", [Age] >= 18 && 

[Age]<=63,"18-64", [Age] >= 64,">64", "N/A" ) 

BMI Group switch( true(), [BMI] <18.5,"Underweight", [BMI] >= 18.5 && 

[bmi]<25,"Normal", [BMI] >= 25 && [bmi]<30,"Overweight", 

[BMI] >= 30 && [bmi]<35,"Obese", [BMI] >35,"Extremely Obese" 

) 

BMI Group Sort switch( true(), [BMI] <18.5,"1", [BMI] >= 18.5 && [bmi]<25,"2", 

[BMI] >= 25 && [bmi]<30,"3", [BMI] >= 30 && [bmi]<35,"4", 

[BMI] >35,"5" ) 

Age (bins) IF( ISBLANK('TL'[Age]), BLANK(), IF('TL'[Age] >= 0, 

ROUNDDOWN('TL'[Age] / 5, 0) * 5, ROUNDUP('TL'[Age] / 5, 0) 

* 5) ) 

Description related(GeneDescriptions[Description]) 
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Meausres 
 

Measure Name Expression 

Average of Age average per 

Country 

AVERAGEX ( 

    KEEPFILTERS ( 

        VALUES ( 'TL'[Country] ) 

    ), 

    CALCULATE ( 

        AVERAGE ( 'TL'[Age] ) 

    ) 

) 
 

BMI Percentage to total 

VAR Total = 

    CALCULATE ( 

        COUNT ( TL[Individuals] ), 

        ALL ( tl ) 

    ) 

VAR ThisOne = 

    COUNT ( TL[Individuals] ) 

VAR pct = thisone / Total 

RETURN 

    pct 

  

Minimum of MTL LTL 

VAR choice = 

    IF ( 

        HASONEVALUE ( Selections[selection] ), 

        VALUES ( selections[selection] ), 

        "BMI" 

    ) 

VAR LTL_min = 

    MIN ( TL[LTL] ) 

VAR MTL_min = 

    MAX ( TL[MTL] ) 

VAR result = 

    SWITCH ( 

        choice, 

        "MTL", MTL_min, 

        "LTL", LTL_min, 

        "MTL" 

RETURN 
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    RESULT 

  

Count GA 

COUNTROWS ( 

    FILTER ( 

        Genes, 

        Genes[Value] = "GA" 

    ) 

) 

  

Count AA 

COUNTROWS ( 

    FILTER ( 

        Genes, 

        Genes[Value] = "AA" 

    ) 

) 

  

Count GG 

COUNTROWS ( 

    FILTER ( 

        Genes, 

        Genes[Value] = "GG" 

    ) 

) 

  

#Individuals COUNT ( TL[Individuals] ) 

#Healthy 

CALCULATE ( 

    DISTINCTCOUNT ( TL[Individuals] ), 

    FILTER ( 

        'TL', 

        TL[Status] = "1" 

    ) 

) 

  

# Individuals COUNT ( Genes[Individuals] ) 
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R code 

 

Normal distribution 

y<-dataset$PAD 

name<-names(dataset) 

st<-shapiro.test(y) 

stp<-round(st$p.value,3) 

hist(y, prob=TRUE, main = paste("Histogram of",names(dataset),", p-Value =" , stp)) 

curve(dnorm(x, mean(y), sd(y)), add=TRUE, col="darkblue", lwd=2) 

 

HW pval 

library(HardyWeinberg) 

data <- `dataset` 

HW.test <- HWChisq(table(data$Value),verbose=TRUE) 

x<-round(HW.test$pval,2) 

 

MAF 

library(HardyWeinberg) 

data <- `dataset` 

HW.test <- HWChisq(table(data$Value),verbose=TRUE) 

m<-as.matrix(table(data$Value)/(sum(table(data$Value)))) 

x<- round(maf(m[,1]),2) 

bb = barplot(x, width = 6) 

text(bb,x,labels=x,cex=4, adj = c(0.5, 1.5)) 

 

HW Genotype Plot 

library(HardyWeinberg) 

data <- `dataset` 

m<-as.matrix(table(data$Value)/(sum(table(data$Value)))) 

HWGenotypePlot(m[,],plottype=1) 

 

Correlations 

library(psych) 

pairs.panels(dataset) 
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Abstract 
Cardiovascular diseases (CVD) and Alzheimer’s disease (AD) are common chronic diseases multifactorial and polygenic and their management 

could significantly benefit from personalised medicine. The vascular endothelial growth factor A (VEGF-A) and the telomere length (TL) are 

optimal biomarkers for use in personalised risk prediction as they are involved in common diseases pathways and have an important heritable 

background.  

The aim of this thesis was to identify “-omics” determinants of VEGF-A and TL, to investigate their relationships with CVD and AD and to 

examine their usefulness in disease risk prediction. For valuably achieving the aim, an emphasis was given in the standardisation of the analytical 

process and the visualisation of the datasets used in the thesis projects.  

A review article presented the knowledge on telomere dynamics during childhood including the factors that affect TL in embryonic life and in 

newborns. We emphasise the role of TL as an index of health and we propose its regular measurement. In a next publication, we found significant 

associations between VEGF-A levels and its mRNA isoforms with IL-1α, IL-4, IL-6, EGF, and MCP1 in PBMCs of healthy individuals. Our 

results further support the important role of cytokines and growth factors in VEGF-A regulation at lymphocytes cellular extracts. Then, we 

demonstrated that two polymorphisms, the rs12696304 and rs10936599 near the TERC gene, do not affect TL at birth (estimated by muscle TL - 

MTL), but are associated with higher telomere attrition (estimated by leucocytes telomere length - LTL/MTL) during lifetime. Thus, 

polymorphisms located on genes coding for telomere maintenance proteins may contribute to higher TL attrition and could impact the development 

of chronic diseases like atherosclerotic CVD. A significant association between the VEGF-A related polymorphism rs6993770 and TL attrition 

has been found. The risk allele A could lead to increased haematopoiesis, thus higher cellular turnover and faster TL attrition. This polymorphism 

is a common determinant of VEGF-A and TL and could be an important marker in the development of prediction tools for chronic diseases where 

both biomarkers are involved, like CVD. We identified novel interactions between APOE, LSR and VEGF-A related polymorphisms that are 

predicting the risk of AD in a machine learning model with high accuracy. The interaction rs7043199*rs6993770 (VEGF-A related polymorphisms) 

was the strongest predictive factor, with a protective role higher even than that of the absence of ε4 APOE allele. This interaction was followed by 

the absence of the ε4 APOE allele and the interaction rs2375981*rs34528081(VEGF-A related polymorphisms). The results provide new insights 

about molecular mechanisms involved in AD development and could have an impact as biomarkers and/or treatment targets. We have also 

developed an automated pipeline of standardised procedures for statistical analyses and the development of prediction binary models by using the 

elastic net method and a related interactive interface (R Shiny Genetic Elastic Net, RSGEN). A desktop application was developed in Power BI 

software (Power Medical Intelligence, PMI) to allow visualisation of the data of the populations studied in the thesis as well as preliminary 

analytical steps. 

In conclusion, this thesis is proposing determinants of VEGF-A and TL that are linked through known and novel mechanisms with CVD and AD: 

IL-4, IL-6, MCP-1, EGF, IL-1α, TERG variants, VEGF-A-related variants (especially the rs6993770), APOE and LSR polymorphisms. A risk 

prediction model for AD with a satisfactory accuracy has also been developed, which includes mostly genetic variants and their interactions, thus 

it is a highly personalised tool. Furthermore, we have developed two informatic and statistical tools that can be used in other populations and 

contribute to the development of robust personalised models for chronic diseases prediction. 
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Résumé 
Les maladies cardiovasculaires (MCV) et la maladie d'Alzheimer (MA) sont des maladies chroniques, multifactorielles et polygéniques et leur 

gestion pourrait fortement bénéficier de la médecine personnalisée. Le facteur de croissance endothélial vasculaire A (VEGF-A) et la longueur des 

télomères (TL) sont deux biomarqueurs optimaux pour la prédiction du risque personnalisée car ils sont impliqués dans les voies métaboliques des 

maladies courantes et ont un contenu héréditaire important. 

Le but de cette thèse était d'identifier les déterminants « -omiques » du VEGF-A et de la TL, d'étudier leurs relations avec les MCV et la MA et 

d'étudier leurs utilisations dans la prédiction du risque pour ces maladies.  

Un article de revue présente la dynamique des télomères pendant l'enfance. Nous soulignons l'utilité du TL comme indice de santé et nous proposons 

sa quantification régulière. Nous avons trouvé des associations significatives entre les taux de VEGF-A et ses isoformes d'ARNm avec IL-1α, IL-

4, IL-6, EGF et MCP1 dans les PBMCs d'individus sains. Nos résultats soutiennent le rôle des cytokines et des facteurs de croissance dans la 

régulation du VEGF-A. Ensuite, nous avons démontré que les variants rs12696304 et rs10936599, proche du gène TERC, n'affectent pas la TL à 

la naissance (estimée par la TL des muscles squelettiques - MTL), mais sont associés à une plus grande attrition des télomères (estimée par la 

longueur des télomères des leucocytes - LTL/ MTL) au cours de la vie. Ainsi, ces variants pourraient avoir un impact sur le développement de 

maladies chroniques telles que les MCV.  Dans l’étude suivante, une association significative entre le variant lié au VEGF-A rs6993770 et l'attrition 

des télomères a été trouvée. L'allèle à risque A pourrait entraîner une augmentation de l'hématopoïèse, donc un renouvellement cellulaire plus élevé 

et une attrition plus rapide des télomères. Ce polymorphisme est un déterminant commun du VEGF-A et de la TL et pourrait être un marqueur 

important dans le développement d'outils de prédiction des maladies chroniques. De plus, nous avons identifié de nouvelles interactions entre les 

polymorphismes liés au VEGF-A et ceux des gènes d’APOE et LSR qui prédisent le risque de MA dans un modèle d’apprentissage automatique 

avec une grande précision. L’interaction rs7043199*rs6993770 (polymorphismes liés au VEGF-A) est le facteur prédictif le plus fort du modèle, 

avec un rôle protecteur contre la MA plus élevé même que celui de l’absence d’allèle ε4 APOE, suivie par l’absence de l’allèle APOE ε4 et de 

l’interaction rs2375981*rs34528081(polymorphismes liés au VEGF-A). Les résultats donnent de nouvelles informations sur les mécanismes 

moléculaires impliqués dans la MA et pourraient avoir un impact en tant que biomarqueurs et/ou cibles thérapeutiques. Nous avons également 

développé un pipeline automatisé de procédures standardisées pour les analyses statistiques et le développement de modèles binaires de prédiction 

avec la méthodologie Elastic Net et une interface interactive (R Shiny Genetic Elastic Net, RSGEN). Une application a été développée dans le 

logiciel Power BI (Power Medical Intelligence, PMI) pour permettre la visualisation des données des populations étudiées dans la thèse. 

En conclusion, cette thèse propose des déterminants de VEGF-A et TL liés par des mécanismes connus et nouveaux avec les MCV et la MA: IL-

4, IL-6, MCP-1, EGF, IL-1α, des variants du TERG, des polymorphismes liés au VEGF-A, en particulier le rs6993770, et des variants d’APOE et 

LSR. Un modèle de prédiction du risque de MA avec une précision satisfaisante a été développé, qui inclut en majorité des variants génétiques et 

leurs interactions, il s'agit donc d'un outil hautement personnalisé. De plus, nous avons développé deux outils informatiques et statistiques qui 

peuvent être utilisés dans d'autres populations et contribuer au développement de modèles personnalisés robustes pour la prédiction des maladies 

chroniques.  

Mots-clés: VEGF-A, longueur des télomères, MCV, maladie d'Alzheimer, prédiction du risque, médecine personnalisée 
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