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Abstract 

Periodontitis is a complex inflammatory disease with well-established links to systemic 

conditions such as type 2 diabetes (T2D). The association of diabetes with periodontitis 

(PDDM) can cause very severe clinical complications. Our "in silico" study aims to identify 

the single nucleotide genetic polymorphism (SNPs) by comparing two groups of samples: 

patients with periodontitis (PD) and diabetic patients with periodontitis (PDDM), focusing on 

three genes: MCUR1, FOS and RAP2A in order to identify variants that may contribute to the 

pathogenesis and interactions of the disease. 

Variant identification was performed by the FreeBayes tool, followed by filtering and 

annotation using the SnpEff and SNPnexus tools. Group-specific SNPs were analyzed for 

functional impact using Combined Annotation Dependent Depletion (CADD) and FunSeq2 

scores and then visualized via the UCSC Genome Browser. An enrichment analysis was 

performed with g:Profiler to explore the biological processes associated with each group.  

Our results revealed a significant number of non-coding regulatory variants with very high 

pathogenicity scores in PDDM patients. Notable results include the snip references: rs3810196 

in MCUR1 (CADD: 15.68), rs1046117 in FOS (3′ UTR), and rs6115228 in RAP2A (CADD: 

19.22), all exclusive to the PDDM group. Enrichment analysis showed that these PDDM-

specific genes were associated with signal transduction, immune regulation, and metabolic 

stress, while PD-specific genes were linked to tissue remodeling processes and apoptosis. A 

transition/transversion ratio (Ts/Tv) of 2.22 confirmed the quality of the data. 

Our study was able to highlight distinct SNP profiles between PD and PDDM, suggesting that 

diabetes modifies the genetic landscape of periodontitis through increased regulatory variation. 

The variants identified in MCUR1, FOS and RAP2A contribute to a better understanding of the 

mechanisms involved in mitochondrial dysfunction., inflammatory signaling and immune 

dysregulation, and provide a basis for the future development of biomarkers and targeted 

therapeutic strategies. 

Keywords: Periodontitis; Diabetes; SNPs; MCUR1; FOS; RAP2A 

  



 

 

 

Résumé 

La parodontite est une maladie inflammatoire complexe, dont les liens avec des pathologies 

systémiques telles que le diabète de type 2 (DT2) sont bien établis. L’association du diabète à 

la parodontite (PDDM) peut être à l’origine de complications cliniques très sévères. Notre 

étude « in silico » vise à identifier le polymorphisme génétique mononucléotidiques (SNPs) en 

comparant deux groupes d’échantillons : patients avec parodontite (PD) et de patients 

diabétiques avec parodontite (PDDM), en se concentrant sur trois gènes : MCUR1, FOS et 

RAP2A afin d’identifier des variants susceptibles de contribuer à la pathogenèse et aux 

interactions de la maladie. 

L’identification des variants a été réalisé par l’outil FreeBayes, suivi d’un filtrage et d’une 

annotation à l’aide des outils SnpEff et SNPnexus. Les SNPs spécifiques à chaque groupe ont 

été analysés pour leur impact fonctionnel à l’aide des scores Combined Annotation Dependent 

Depletion (CADD) et FunSeq2, puis visualisés via le UCSC Genome Browser. Une analyse 

d’enrichissement a été effectuée avec g: Profiler pour explorer les processus biologiques 

associés à chaque groupe.  

Nos résultats ont révélé un nombre important de variants régulateurs non codants avec des 

scores de pathogénicité trés élevés chez le patient PDDM. Parmi les résultats notables, on 

retrouve les références snip : rs3810196 dans MCUR1 (CADD : 15,68), rs1046117 dans FOS 

(3′ UTR), et rs6115228 dans RAP2A (CADD : 19,22), tous exclusifs au groupe PDDM. 

L’analyse d’enrichissement a montré que ces gènes spécifiques au PDDM étaient associés à la 

transduction du signal, à la régulation immunitaire et au stress métabolique, tandis que les 

gènes propres au PD étaient liés aux processus de remodelage tissulaire et à l’apoptose. Un 

ratio de transition/transversion (Ts/Tv) de 2,22 a confirmé la qualité des données. 

Notre étude a pu mettre en évidence des profils de SNPs distincts entre PD et PDDM, suggérant 

que le diabète modifie le paysage génétique de la parodontite par une variation régulatrice 

accrue. Les variants identifiés dans MCUR1, FOS et RAP2A contribuent à une meilleure 

compréhension des mécanismes impliqués dans le dysfonctionnement mitochondrial., la 

signalisation inflammatoire et la dérégulation immunitaire, et constituent une base pour le 

développement futur de biomarqueurs et de stratégies thérapeutiques ciblées. 

Mots clés : Parodontite ; Diabète ; SNPs ; MCUR1 ; FOS ; RAP2A 

  



 

 

 

Abstract (Arabic) 

(.  T2D) 2التهاب دواعم السن هو مرض التهابي معقد له روابط راسخة بالحالات الجهازية مثل مرض السكري من النوع 

مضاعفات سريرية خطيرة للغاية. تهدف دراستنا  (  PDDMيمكن أن يسبب ارتباط مرض السكري بالتهاب دواعم السن )

من خلال مقارنة مجموعتين من العينات:  (SNPsتيدات المفردة )إلى تحديد تعدد الأشكال الجيني للنوكليو   في السيليكو""

( ،  PDDMومرضى السكري الذين يعانون من التهاب دواعم السن )( PDالمرضى الذين يعانون من التهاب دواعم السن )

 من أجل تحديد المتغيرات التي قد تساهم في التسبب في   RAP2Aو    FOSو    MCUR1مع التركيز على ثلاثة جينات:  

 المرض وتفاعلاته.

أداة   بواسطة  المتغير  أدوات  ،    FreeBayesتم إجراء تحديد  التوضيحي باستخدام  بالتصفية والتعليق  و    SnpEffمتبوعا 

SNPnexus  .  الاستنفاد المعتمد على تم تحليل تعدد الأشكال الخاصة بالمجموعة من أجل التأثير الوظيفي باستخدام  درجات

التوضيحية الجينوم    FunSeq2و  (  CADD)  التعليقات  متصفح  عبر  تصورها  تم  تخصيب .  UCSCثم  تحليل  إجراء  تم 

 لاستكشاف العمليات البيولوجية المرتبطة بكل مجموعة.   g: Profilerباستخدام 

مرضى   في  الإمراض  من  جدا  عالية  درجات  ذات  المشفرة  غير  التنظيمية  المتغيرات  من  كبير  عدد  عن  نتائجنا  كشفت 

PDDM . :تشمل النتائج البارزة مراجع القصاصةrs3810196  فيMCUR1 )CADD: 15.68( ، rs1046117  في

FOS )3 ′ UTR(    ،  وrs6115228    فيRAP2A )CADD: 19.22(    ،جموعة  وكلها حصرية لمPDDM  . أظهر

كانت مرتبطة بنقل الإشارات ، وتنظيم المناعة ، والإجهاد الأيضي   PDDMتحليل التخصيب أن هذه الجينات الخاصة ب  

المبرمج. وأكدت نسبة   ، بينما ارتبطت الجينات الخاصة بمرض باركنسون بعمليات إعادة تشكيل الأنسجة وموت الخلايا 

 جودة البيانات.  2.22غة البال( Ts/Tvالانتقال/التحويل )

مما يشير إلى أن مرض السكري يعدل  ،  PDDMو  PDالمميزة بين   SNPتمكنت دراستنا من تسليط الضوء على ملامح 

و   FOSو    MCUR1المشهد الجيني لالتهاب دواعم السن من خلال زيادة التباين التنظيمي. تساهم المتغيرات المحددة في  

RAP2A  والإشارات الالتهابية وخلل التنظيم المناعي  تي ينطوي عليها الخلل الوظيفي في الميتوكوندريا.في فهم أفضل للآليات ال ،

 ، وتوفير أساس للتطوير المستقبلي للمؤشرات الحيوية والاستراتيجيات العلاجية المستهدفة.

 

 أ  2راب . MCUR1; FOSالتهاب دواعم السن. داء السكري; تعدد الأشكال  الكلمات الدالة: 
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RAP2A Ras-related Protein Rap-2a 

SnpEff Genetic Variant Annotation and Effect Prediction Tool 

CADD Combined Annotation Dependent Depletion 

UTR Untranslated Region 

CD4+ / CD8+ Cluster of Differentiation 4 and 8 (T-cell markers) 

HLA Human Leukocyte Antigen 

TNF-α Tumor Necrosis Factor Alpha 

IL-1B Interleukin 1 Beta 

PGE2 Prostaglandin E2 

RAGE Receptor for Advanced Glycation End-products 

AGEs Advanced Glycation End-products 

NF-κB Nuclear Factor Kappa-light-chain-enhancer of Activated B Cells 

CRP C-Reactive Protein 

GEO Gene Expression Omnibus 

DEGs Differentially Expressed Genes 

CD34 Hematopoietic Stem Cell Marker 

EGR1 Early Growth Response 1 

FMOD Fibromodulin 

IGF2 Insulin-like Growth Factor 2 

NCF1 Neutrophil Cytosolic Factor 1 

LRRC25 Leucine-rich Repeat Containing 25 



 

 

 

ROS Reactive Oxygen Species 

M1 / M2 Macrophage Type 1 and Type 2 

TH1 / TH17 T-helper Cell Subtypes 1 and 17 

RUNX2 Runt-related Transcription Factor 2 

GWAS Genome-Wide Association Study 

GO Gene Ontology 

KEGG Kyoto Encyclopedia of Genes and Genomes 

FDR False Discovery Rate 

PCA Principal Component Analysis 

QBWA-MEM Query-Based Whole Alignment – Maximal Exact Match 

PCR Polymerase Chain Reaction 

DNA Deoxyribonucleic Acid 

WGS Whole Genome Sequencing 

SRA Sequence Read Archive 

SRR Sequence Read Run (accession code) 

NCBI National Center for Biotechnology Information 

Galaxy NG Galaxy’s Next Generation Sequencing Platform 

BAM Binary Alignment Map 

hg38 Human Genome Version 38 

UCSC University of California Santa Cruz Genome Browser 

FunSeq2 Functional Sequencing Variant Prioritizer Tool 

ANN Annotation Field (SnpEff) 

QUAL Variant Quality Score 

DP Depth of Coverage 

rsIDs Reference SNP cluster IDs 

OMIM Online Mendelian Inheritance in Man 

ClinVar Clinical Variant Database 

PolyPhen Polymorphism Phenotyping 

ENCODE Encyclopedia of DNA Elements 



 

 

 

TSV Tab-Separated Values 

Gbp Gigabase Pairs 

MAPQ Mapping Quality 

IGV Integrative Genomics Viewer 

K562 Human Leukemia Cell Line 

IMR90 Human Lung Fibroblast Cell Line 

CDS Coding DNA Sequence 

MF / BP / CC Molecular Function / Biological Process / Cellular Component 

AP-1 Activator Protein 1 

eQTL Expression Quantitative Trait Loci 

CRISPR/Cas9 Clustered Regularly Interspaced Short Palindromic Repeats / CRISPR-

associated Protein 9 
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INTRODUCTION 

Periodontitis (PD) is a chronic inflammatory disease of the supporting structures of the teeth, 

characterized by progressive attachment loss, alveolar bone resorption, and the formation of 

periodontal pockets. Beyond its local oral manifestations, periodontitis is now widely 

recognized as a disease with systemic implications. One of the most extensively studied 

associations is its bidirectional relationship with type 2 diabetes mellitus (T2DM). Individuals 

with poorly controlled diabetes are at higher risk for more severe periodontal destruction, while 

the presence of periodontitis may negatively impact glycemic control and increase systemic 

inflammatory burden (Lalla & Papapanou, 2011). 

Despite significant advances in understanding the microbial and immunological aspects of 

periodontitis, the genetic contribution to its pathogenesis, especially in the context of comorbid 

diabetes remains underexplored. Recent evidence suggests that single nucleotide 

polymorphisms (SNPs) may modulate host susceptibility, inflammatory response, and tissue 

repair mechanisms, potentially influencing disease onset, progression, and severity. However, 

few studies have addressed whether the genetic landscape of periodontitis differs when diabetes 

is present as a modifying factor. 

In this study, we apply a genomic variant analysis approach to compare SNP profiles between 

individuals with periodontitis (PD) and those with periodontitis complicated by diabetes 

(PDDM). We focus on three biologically relevant genes, MCUR1, FOS, and RAP2A; each 

implicated in mitochondrial regulation, transcriptional control of inflammation, and immune 

cell migration, respectively. Using variant calling, functional annotation (SnpEff, SNPnexus), 

and pathway enrichment tools (g:Profiler), we identify and interpret group-specific genetic 

differences with potential mechanistic relevance. 

This work aims to characterize the genomic distinctions between PD and PDDM, with the 

broader goal of uncovering SNPs that may serve as biomarkers of disease severity or 

therapeutic targets. By integrating bioinformatic evidence with known biological functions, we 

contribute to a more nuanced understanding of the genetic architecture underlying periodontal 

disease in the diabetic context, hence improving the diagnosis and treatment of the victims or 

patients struggling with these interrelated disorders, the insights gained from this study may 

help to precisely identify new therapeutic targets and develop accurate medicines.
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Chapter 1: Literature Review 
 

1.1. Generalities on Diabetes Mellitus and Periodontitis 
 

1.1.1. Diabetes Mellitus (DM) 

Recent studies define Diabetes Mellitus as a chronic metabolic disorder characterised by 

inefficient insulin secretion or insulin action  (Lalla & Papapanou, 2011; Ranbhise et al., 

2025; Yameny, 2024). This leads to complications such as organ damage and failure, 

particularly affecting the retina, kidneys, nerves, heart, and blood vessels (Alam et al., 2014). 

It can also be defined as the inability or failure of the body to effectively utilize glucose for 

energy, while simultaneously producing high volumes or excessive glucose due to disrupted 

control of gluconeogenesis and glycogen breakdown, resulting in persistent high blood sugar 

levels. 

DM is a rapidly growing disease, and from 1995 to 2025, there was an estimated predominant 

rise in diabetic cases geographically, with 42% in developed countries, from 51 million to 72 

million, and a rise of 170% in developing countries, from 84 million to 228 million  (King et 

al., 1998). However, with the recent studies, the prevalence of DM has already surpassed those 

projections, pushing the number of cases to 828 million within the range of 1990-2022 Figure 

1 (Zhou et al., 2024). 

 

 

 

 

 

  

 

 

  Figure 1: Predicted cases of Diabetes Mellitus  (King et al., 1998). 
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1.1.1.1. Pathophysiology of diabetes mellitus (DM) 

Pathophysiology of DM can be explored following its two main distinct categories or types, namely: 

Type 1 Diabetes Mellitus (T1DM) and Type 2 Diabetes Mellitus (T2DM). 

1.1.1.1.1. Type 1 Diabetes Mellitus (T1DM) 

T1DM is characterised by autoimmunity, or attack of the pancreas, implying the invasion of 

the islets by CD4+ and CD8+ T cells, along with macrophages; hence, the destruction of the  

insulin-producing beta cells (Insulin deficiency), Figure 2 (Todd, 2010).  

 

According to (Mobasseri et al., 2020). Around 5%-10% of the population develops Type 1 

diabetes mellitus, following the study conducted in Asia and Europe. T1DM is influenced by 

factors, including genetic influence, highlighting the role of the human leukocyte antigen 

(HLA) gene. The cell relies on HLA proteins present on its surface to distinguish the body’s 

normal cells from foreign agents. Defects in these HLA proteins can trigger autoimmunity 

against beta cells. 

 

1.1.1.1.2. Type 2 Diabetes Mellitus (T2DM) 

Type 2 diabetes is the most common form of diabetes, representing an estimated 90 to 95% of 

all its cases. This disorder is largely associated with insulin resistance of the body. In type 1, 

immune cells destroy pancreatic β-cells, leading to insufficient insulin and hyperglycemia. In 

type 2, hyperglycemia, hyperlipidemia, cytokines, and amyloids damage the cells, resulting in 

relative insulin deficiency and hyperglycemia Figure 2 (Khin et al., 2023), which means that 

the body’s cells do not respond to insulin, and insulin is produced, but blood glucose levels 

continue to rise. Instinctively, the pancreas compensates over the period of time this demand 

may result in chronic fatigue of the pancreas ‘burnout’ and undermined production of insulin, 

which worsens hyperglycaemia. 

It is most often related to increasing age, obesity, and lack of physical activity, as well as bad 

eating habits; therefore, it is predominant in the elderly population. But because of alarming 

trends of obesity and lack of exercise, it is now being increasingly seen in children as well as 

adolescents and young adults (Mahesh et al., 2022; Yameny, 2024).  

Evidence shows that while there is insulin deficiency, the predominant underlying defect is 

insulin resistance (Alam et al., 2014). 
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1.1.2. Periodontitis (PD) 

Periodontitis is a long-term inflammatory condition that targets the structures supporting the 

teeth, such as the periodontal ligament and alveolar bone. It often develops from untreated 

gingivitis, which is a less severe condition and, if left unmanaged, can result in attachment loss, 

gum pocket formation, and eventually tooth loss. 

This condition results from a combination of bacterial imbalance, mainly Gram-negative 

anaerobic bacteria such as Porphyromonas gingivalis, Tannerella forsythia, and Treponema 

denticola ("red complex"), and the body's inflammatory response. These pathogens trigger the 

body to release inflammatory molecules such as Tumor Necrosis Factor-alpha (TNF-α), 

Interleukin-1 beta (IL-1β), and Prostaglandin E₂ (PGE2), contributing to alveolar bone 

destruction and collagen fibre breakdown (Lin et al., 2024). 

Periodontitis has also been identified as the sixth complication of diabetes mellitus, with 

research confirming that individuals with diabetes are at greater risk of developing severe forms 

of the disease (Zhao et al., 2023). 

A B 

Figure 2: The development of type 1 and type 2 diabetes. (Khin et al., 2023). 
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The study carried out by (Barutta et al., 2022), also noted the alarming 70% greater chance 

a diabetic person would have their periodontitis worsen compared with a non-diabetic. Even 

after multiple factors were taken into account, the risk was estimated at 86% (RR 1.86 [95% 

CI 1.3-2.8]). The data affirms that diabetes and the progression of periodontal disease are 

intricately related, stressing the importance of proper glycaemic control Figure 3. 

 

 

 

1.2. Bidirectional relationship between DM and PD 

1.2.1. Impact of DM on PD 

People with diabetes are more susceptible to the immune response to gum disease, leading to 

increased levels of inflammation and, thus, tissue destruction. The Receptor for Advanced 

Glycation End Products (RAGE) and its ligands contribute to this inflammatory response 

(Figure 4). Hyperglycaemia impairs collagen production, thereby compromising the structural 

integrity of the gums and inhibiting normal wound healing. In addition, it alters the bone 

formation, resorption balance, enhancing the degradation of bone and alveolar bone 

destruction, which is a characteristic of periodontitis. 

Periodontal health is negatively impacted by several interconnected mechanisms that are 

triggered in the diabetic state, primarily through impaired immune function. High blood 

glucose concentrations disrupt immune cell performance, including neutrophils and 

Figure 3: Prevalence of diabetes, prediabetes, and normal glucose levels by 

age group (Barutta et al., 2022). 
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macrophages, which diminishes the host's capacity to fight bacterial pathogens in periodontal 

tissues. An increased likelihood emerges for enduring infections alongside periodontal tissue 

deterioration. 

Individuals living with diabetes often present systemic conditions marked by elevated levels of 

pro-inflammatory mediators, which hasten the degradation of periodontal structures. The 

persistent inflammatory state contributes not only to tissue damage but also hinders the natural 

regenerative processes within the periodontium. 

Chronic hyperglycaemia also promotes the formation of advanced glycation end-products 

(AGEs) that bind to receptors on immune and structural cells, intensifying inflammatory 

responses and altering the properties of the extracellular matrix. These collagen-related 

modifications result in stiffer connective tissue with diminished reparative capacity, ultimately 

impeding proper wound healing. 

The persistent high blood sugar levels characteristic of chronic hyperglycaemia interferes with 

fibroblast function, along with the activity of essential regenerative cells. The reduced 

reparative ability causes periodontal tissues to heal wounds slowly while becoming more prone 

to chronic infections, which then accelerates periodontal disease progression.(Lalla & 

Papapanou, 2011). 

 

 

Figure 4: Schematic illustration of how RAGE activation, driven by periodontal 

microbiota and inflammation, contributes to impaired repair and enhanced 

periodontal tissue breakdown. Adapted from (Lalla & Papapanou, 2011). 
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1.2.2. Impact of PD on DM 

Through its systemic inflammatory effects, periodontal disease accelerates insulin resistance 

progression. The release of tumour necrosis factor-alpha (TNF-α) and interleukin-6 (IL-6) 

during periodontal infection disrupts insulin signalling pathways. The alteration of insulin 

sensitivity stands as a fundamental aspect within type 2 diabetes pathophysiology. Chronic 

periodontal inflammation triggers the nuclear factor kappa B (NF-κB) pathway, which then 

enhances cytokine production that disrupts glucose metabolism. 

Periodontitis triggers oxidative stress, which, alongside inflammation, contributes to metabolic 

dysfunction. Infection-related reactive oxygen species production harms insulin receptors 

along with glucose uptake cellular components, which leads to increased insulin resistance. 

The condition of microbial dysbiosis linked to periodontal disease serves as another 

contributing factor. Pathogenic entities like Porphyromonas gingivalis enter the bloodstream, 

where they initiate systemic immune reactions that elevate circulating markers such as C-

reactive protein (CRP), which is associated with poor glycaemic management. Periodontal 

infections demonstrate the potential to produce systemic effects beyond oral boundaries, which 

may worsen metabolic disorders such as diabetes. (Ranbhise et al., 2025). 

 

1.3. Molecular study with a genomic approach 

The complex interplay between periodontitis (PD) and diabetes mellitus (DM) has been the 

subject of considerable interest, particularly since recent molecular and genomic studies shed 

light on the common biological processes under which these two diseases might share 

underlying mechanisms. Beyond clinical counterparts, newer in silico data support an 

understanding grounded on gene expression patterns, genetic structure, and immunologic 

pathways in common. 

For instance, (Liu et al., 2023), examined genetic crosstalk between type 1 diabetes (T1D) and 

periodontitis using comparisons of Gene Expression Omnibus (GEO) datasets. They found that 

59 DEGs were common to both conditions. Of these, hub genes such as CD34, EGR1, FMOD, 

and IGF2 were recognized for their function in cellular signaling, lipid metabolism, and tissue 

development processes relevant to both immune response and tissue degeneration in PD and 

T1D. 
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Following this genomic analysis, more recent studies were conducted employing a Mendelian 

randomisation (MR) approach to define causality between Periodontitis disease (PD) and type 

2 diabetes (T2D). The analysis revealed 79 shared DEGs enriched in inflammatory signalling 

pathways like interleukin-17 and chemokine receptor binding (Figure 5). Notably, genes 

RAP2A, MCUR1, and FOS were shown to be significant contributors to T2D risk in PD 

patients, which points towards an active predisposition to systemic glucose dysregulation by 

chronic oral inflammation (Wei et al., 2024). 

Adding yet another layer, (Kang et al., 2024) also carried out a multi-omics analysis and 

discovered a widespread epigenetic change, namely hypomethylation of the pathway of Fc-

gamma receptor-mediated phagocytosis (Figure 6). These were highly expressed in 

monocytes, implying a heightened and perhaps ongoing immune response in diabetic patients, 

which might exacerbate periodontal damage. 

In the broader synthesis of clinical and experimental evidence, hyperglycaemia induces 

oxidative stress, immune cell profile alterations, and increased production of inflammatory 

cytokines such as TNF-α and IL-6 increase alveolar bone resorption. This work builds on the 

Figure 5: Illustration of IL-17 signaling in the link between diabetes and periodontitis (Wei 

et al., 2024). 
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idea that diabetes is not a comorbidity but an increasing factor in periodontal disease 

progression (Liu et al., 2023). 

The study by (Wu et al., 2024a) , also complemented this notion by performing a genome-

wide cross-trait analysis that identified 62 pleiotropic loci connecting PD with glycaemic traits 

like fasting glucose and insulin resistance. Interestingly, some of these genetic correlations 

were independent of BMI, indicating an unconfounded direct genetic overlap and not due to 

confounding by metabolic syndrome. This makes the hypothesis of an intrinsic genomic 

interdependence between Periodontitis and Diabetes Mellitus (PD and T2D) stronger. 

Genomic variants influence lipid mediators such as prostaglandins and leukotrienes, which 

are involved in metabolic pathways. These lipid mediators amplify the inflammatory response 

in the co-existence of diabetes mellitus (DM) and periodontitis (PD), leading to tissue damage 

and systemic complications. 

Genes involved in lipid metabolism and immune response regulate the biosynthesis and 

signaling of these mediators, adding a metabolic-genomic dimension to the interplay between 

Diabetes Mellitus and Periodontitis (PD and DM). 

According to (Zou & Yang, 2024) Single-cell RNA sequencing combined with Mendelian 

randomisation and colocalization analysis was used to identify therapeutic targets at a more 

precise level. Their study found that classical and intermediate monocytes are critical cell types, 

and that the genes NCF1 and LRRC25 play significant roles in both periodontitis and type 2 

diabetes. Recognising these targets not only fills an important knowledge gap but also opens 

the door to precis ion therapies focused on regulating monocyte-driven inflammation. 

Figure 6: Fcγ Receptor-Mediated Phagocytosis and Inflammatory Signaling in 

Diabetes-Associated Periodontitis: The Syk-PI3K Axis and Osteoclast Activation 

(Kand et al,. 2024). 



Literature review 

11 

 

1.4. Molecular insights from experimental and immunological studies 

One of the most striking contributions of diabetes to periodontal pathology is the dysregulation 

of immune cell function. Neutrophils in diabetic individuals are overactivated, releasing 

excessive reactive oxygen species (ROS), which increases tissue damage.  

However, their bactericidal function is paradoxically impaired, leading to insufficient 

resolution of microbial threats. Likewise, macrophages become polarized toward the M1 

phenotype, amplifying pro-inflammatory signaling, while the M2 reparative subset is 

diminished. This polarization results in sustained cytokine production and chronic tissue 

destruction. 

In the adaptive immune system, dendritic cells under diabetic conditions favor the expansion 

of Th1 and Th17 lymphocytes, both of which contribute to osteoclast activation and alveolar 

bone loss. Simultaneously, the population of regulatory T cells is reduced, weakening the 

immune system’s ability to suppress destructive inflammation (Graves et al., 2020). 

From a cellular repair standpoint, diabetes also disrupts bone homeostasis and periodontal 

ligament (PDL) integrity through: 

• Downregulation of key osteogenic transcription factors such as RUNX2 and C-fos. 

• Apoptosis of osteoblasts, osteocytes, and PDL fibroblasts, mediated by increased 

caspase-3, -8, and -9 activity. 

• Elevated RANKL expression and a higher RANKL/OPG ratio, fostering 

osteoclastogenesis and bone loss. 

• The accumulation of AGEs in periodontal tissues, which bind to RAGE and trigger 

NF-κB activation, thereby increasing inflammatory mediator production and further 

impairing bone regeneration. 
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1.5. Bioinformatics Pipeline 

Several studies have employed comprehensive bioinformatics pipelines to investigate the 

molecular mechanisms linking type 2 diabetes (T2D) and periodontitis (PD). These approaches 

typically integrate quality control, alignment, variant detection, annotation, and pathway 

enrichment tools to decode the genetic underpinnings of these interrelated conditions. 

In cross-trait genome-wide association studies (GWAS), researchers have used tools such as 

LDSC, GNOVA, and SUPERGNOVA to estimate both global and local genetic correlations 

between PD and glycemic traits. These tools help identify shared genomic regions that may 

influence both diseases. To uncover pleiotropic SNPs driving such comorbidities, CPASSOC 

has been used for cross-phenotype meta-analyses. 

For downstream functional interpretation, platforms such as g: Profiler have played a critical 

role in pathway enrichment analysis. By leveraging Gene Ontology (GO) terms and KEGG 

pathways, while applying False Discovery Rate (FDR) control, gProfiler has enabled 

researchers to detect significant biological pathways and gene networks. 

To process gene expression data, particularly from single-cell RNA sequencing (scRNA-seq), 

tools like Cell Ranger are widely utilized for pre-processing, while Seurat is applied for data 

normalization, clustering, and dimensionality reduction techniques such as PCA and UMAP. 

Seurat’s FindMarkers function is often used for identifying differentially expressed genes 

across cell populations (Wu et al., 2024b). 

For deeper enrichment analysis, the clusterProfiler R package has been extensively used in 

literature to identify significantly enriched GO terms and KEGG pathways via its enrichGO 

and enrichKEGG functions (Silva et al., 2022). Complementing this, Enrichr, a powerful web-

based platform. offers interactive visualizations and curated gene set libraries to explore the 

biological significance of gene clusters (Guan et al., 2024). 

In parallel, other studies have adopted toolsets to handle raw genomic data. The Galaxy 

platform (https://usegalaxy.org/) has been highlighted for its accessibility and reproducibility. 

As a web-based, open-source interface, Galaxy enables users to execute complex genomic 

workflows without programming expertise, and it integrates seamlessly with other platforms 

like Jupyter and RStudio (Afgan et al., 2018; Jalili et al., 2021). 

For initial data quality assessment, FastQC is often used to evaluate metrics such as per-base 

sequence quality, GC content, and adapter contamination, providing researchers with visual 

diagnostics for raw sequence data (Andrews, 2010). After quality checks, Trimmomatic is 

https://usegalaxy.org/
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commonly employed to remove sequencing adapters and trim low-quality reads, enhancing the 

accuracy of downstream results (Bolger et al., 2014) . 

Cleaned reads are typically aligned to the human reference genome (hg38) using BWA-MEM, 

a fast and accurate alignment tool that utilizes a seed-and-extend algorithm based on Maximal 

Exact Matches (MEMs) (Li, 2013). Post-alignment, MarkDuplicates from the Picard toolkit 

(v3.1.1.0) is used to flag PCR duplicates. This step has been validated in various genomic 

studies as essential for reducing false positives and maintaining data integrity (Karcı & 

Kafkas, 2024).  

Variant calling is then performed using FreeBayes, a haplotype-based Bayesian genetic variant 

detector. FreeBayes offers the advantage of modeling multi-allelic sites and complex variant 

structures, which makes it suitable for diverse datasets (Baraja-Fonseca et al., 2024; Garrison 

& Marth, 2012a). The output VCF files are typically filtered using VCFfilter, which excludes 

low-quality variants based on depth and Phred scores  (Danecek et al., 2011; GATK Team, 

2025; Jia et al., 2012; Li, 2011).  

Finally, to predict the functional impact of variants, researchers use SnpEff. This tool annotates 

variants by classifying them into categories such as HIGH, MODERATE, LOW, or 

MODIFIER, based on genomic context and gene effect (Cingolani et al., 2012). These 

annotated variants can then be cross-referenced with known disease pathways for further 

interpretation. 

Taken together, the use of these integrated tools across different studies has significantly 

advanced our understanding of the shared genomic and molecular pathways that underlie 

diabetes and periodontitis. They provide a framework for dissecting complex traits and pave 

the way for more targeted therapeutic approaches. 
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Chapter 2: Materials and Methods 

This study compares genomics profiles, focusing on DNA sequence variations and potential 

epigenetic changes, between individuals with periodontitis (PD) and those with type 2 diabetes 

mellitus combined with periodontitis (PDDM), relative to the normal human genome. 

2.1. Materials and Methods 

2.2. Biological Materials 

2.2.1. Biological data 

The whole study was entirely based on publicly available Whole Genome Sequencing (WGS) 

data retrieved from the: 

• NCBI Gene Expression Omnibus. (GEO) https://www.ncbi.nlm.nih.gov/geo/  and  

• Sequence Read Archive (SRA). https://www.ncbi.nlm.nih.gov/sra.  

Table I represents the dataset used in this study. It includes the details or metadata of each 

corresponding dataset: Periodontitis (PD), Periodontitis with diabetes mellitus (PDDM), and 

Healthy control (HC). 

Table I: Characteristics of the samples  

Metadata PDDM (Periodontitis + Diabetes 

Mellitus) 

PD (Periodontitis only) 

Organism Homo sapiens Homo sapiens 

Tissue Periodontium Periodontium 

Average Age of 

donor 

 

80 years 58 years 

Donor Sex Female Female 

Library Layout Paired-end Paired-end 

Geographic 

location 

South Korea South Korea 

Sequencing 

Platform 

Illumina HiSeq 4000 Illumina HiSeq 4000 

Experiment Type Whole Genome Sequencing (WGS) Whole Genome Sequencing 

(WGS) 

BioProject PRJNA1116808 PRJNA1116808 

BioSample SAMN42309066 SAMN42309062 

SRA Run 

Accession 

SRR29729000 SRR29729004 

https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/sra
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA1116808
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA1116808
https://www.ncbi.nlm.nih.gov/biosample/SAMN42309066
https://www.ncbi.nlm.nih.gov/biosample/SAMN42309062
https://trace.ncbi.nlm.nih.gov/Traces/sra?run=SRR29729000
https://trace.ncbi.nlm.nih.gov/Traces/sra?run=SRR29729004
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2.3. Non-biological materials 

The open-source tools used for the analysis of the data in our study are listed in Table II 

below. 

Table II: The tools used in this genomic data. 

Tool Location (Galaxy Platform) Purpose in Workflow 

FastQC Galaxy (https://usegalaxy.org/) 

Quality control check of raw 

sequencing reads. 

Trimmomatic Galaxy (https://usegalaxy.org/) 

Adapter trimming and quality 

filtering of reads. 

BWA-MEM Galaxy (https://usegalaxy.org/) 

Alignment of cleaned reads to 

the human reference genome. 

MarkDuplicates Galaxy (https://usegalaxy.org/) 

Removal of duplicate reads 

from BAM files. 

FreeBayes Galaxy (https://usegalaxy.org/) 

Variant calling (identification 

of SNPs and indels). 

BCFtools Galaxy (https://usegalaxy.org/) 

Filtering and refinement of 

variant calls. 

SnpEff Galaxy (https://usegalaxy.org/) 

Functional annotation of 

variants. 

g: Profiler External (https://biit.cs.ut.ee/gprofiler/) 

Pathway enrichment analysis 

of annotated genes. 

UpSetR 
R/Bioconductor (https://cran.r-

project.org/package=UpSetR) 

Visualization of shared and 

unique variants (intersection 

analysis). 

 

  

https://usegalaxy.org/
https://usegalaxy.org/
https://usegalaxy.org/
https://usegalaxy.org/
https://usegalaxy.org/
https://usegalaxy.org/
https://usegalaxy.org/
https://biit.cs.ut.ee/gprofiler/
https://cran.r-project.org/package=UpSetR
https://cran.r-project.org/package=UpSetR
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2.3.1. Methods 

The following bioinformatic workflow or pipeline was followed to carry out this study 

effectively: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Figure 7: The Bioinformatic Workflow 
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2.3.1.1. Data Collection 

Publicly available human whole genome sequencing (WGS) datasets were systematically 

identified and retrieved using a stepwise search strategy. 

2.3.1.1.1. Search strategy and keywords 

Initial searches were conducted in the NCBI GEO and ENA repositories using combinations 

of keywords including “Diabetes”, “Periodontitis”, “Homo sapiens”. This strategy aimed to 

capture datasets relevant to periodontal disease (PD), type 2 diabetes mellitus (T2DM), and 

their comorbidity. https://www.ncbi.nlm.nih.gov/.  

The results below in (Figure 8a) were identified correlating to studies investigating the human 

genome (Homo sapiens) related to diabetes and periodontitis. Among the retrieved entries were 

whole genome sequencing (WGS) datasets such as WGS: PD20 (Accession: SRX5231162), 

and WGS: PD19 (Accession: SRX5231161), each generated using the Illumina HiSeq 4000 

platform with paired-end reads and genome strategy. The results also indicated a wide number 

of 488 available accessions under similar search parameters for better refinement and filtering. 

Clicking on one of the Bioproject (WGS: PD20) in (Figure 8a) below led to the SRA Run 

page https://www.ncbi.nlm.nih.gov/Traces/study/?acc=SRP513973&o=acc_s%3Aa, detailing 

the specific experiment (SRX5231162) associated with the dataset. This page provided 

metadata including the sequencing platform (Illumina HiSeq 4000), library design (MGI FS 

DNA library), submitting institution (Pusan National University), and linked studies such as 

PRJNA1116808 and SRP513973, alongside the associated sample (SAMN42309061) 

classified under Homo sapiens as seen below (Figure 8b). 

  

 

 

 

 

 

 

 

https://www.ncbi.nlm.nih.gov/
https://www.ncbi.nlm.nih.gov/Traces/study/?acc=SRP513973&o=acc_s%3Aa
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Figure 8: SRA run page with experiment details. 
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2.3.1.1.2. Identification of relevant studies 

Relevant studies were shortlisted from the searches. A recent key BioProject identified was 

PRJNA1109994, titled “Comparison of Genetic and Epigenetic Profiles of Periodontitis 

According to the Presence of Type 2 Diabetes” by (Kang et al., 2024).The study consisted of 

patient groups diagnosed with periodontitis (PD), and periodontitis with diabetes mellitus 

(PDDM) below. 

The next step was to sort and filter the dataset based on the relevance (PDDM, PD), and for 

that, the “All Runs” link on (9) above was clicked to allow access to all runs relating to the 

study. 

The first step in filtering was to select all the Runs related to PDDM (11 Runs), followed by 

the ones related to PD (15 Runs), as shown below in). Full details on Appendix A. 

PDDM 

PD 

A 

B 

Figure 9:Two selected different datasets, PDDM and PD with respect to 

the number of RUNS per dataset. 
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2.3.1.1.3. Data download and Preparation 

The selected sequencing runs were downloaded directly from the NCBI SRA repository. Files 

were prepared and uploaded to the Galaxy platform for further quality control, cleaning, and 

downstream analysis. 

- Galaxy platform integration 

Principle: The Galaxy platform (https://usegalaxy.org/) is a widely used, web-based, open-

source resource that enables researchers to perform complex biomedical data analysis without 

any programming expertise. 

This platform provides a graphical interface for uploading data, selecting tools, and executing 

bioinformatics workflows, ensuring computational workflows or analysis are accessible to 

scientists of all backgrounds. Galaxy's focus on reproducibility, automatically recording each 

analytical step to promote transparency and facilitate collaboration, is regarded as one of its 

most important features. Over time, Galaxy has expanded its capabilities to support cloud 

computing, interactive visualization tools, and interoperability with platforms such as Jupyter 

and RStudio. Thousands of tools covering a wide range of applications, including genomics, 

transcriptomics, and epigenomics, are now integrated into the platform. Its global community 

reinforces Galaxy's mission to promote open science and collaborative (Afgan et al., 2018; 

Jalili et al., 2021) by ensuring ongoing development, updates, and training resources. 

Figure 10: Galaxy Europe Platform Interface Demonstrating Toolset and Workflow 

Environment. 

https://usegalaxy.org/
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Galaxy workflow 

a-Data importation:  

After multiple trials on different datasets, the SRR29729000: PDDM dataset (age: 80, sex: 

Female), and SRR29729004: PD dataset (age: 58, sex: Female), were chosen among other 

samples based on their representative ages, gender (same gender), and because of their data 

volume (bases and bytes) fell within the median range, avoiding extreme outliers in sequencing 

depth or quality.  

This ensured the selected runs would be both representative and manageable for initial 

workflow optimization and testing. The raw FASTQ files corresponding to three datasets 

(Accession IDs) were imported using the Galaxy platform. 

The two datasets were processed separately in different Galaxy accounts (Galaxy EU and US) 

due to the storage quota of Galaxy, which allows only 250GB per user, so due to our 

voluminous datasets, we processed them separately and later transferred the processed outputs 

to one account. continue with further analysis. 

Process 

• Opened the Galaxy platform and accessed the search tools panel. 

•  Navigated to Get Data → selected Download and Extract Reads in FASTQ format from 

NCBI SRA (1). 

• The output files format was chosen as gzip-compressed FASTQ (2). 

• Clicked the Run Tool (3) button to initiate download and extraction from the SRA 

database. 

•  Upon completion, the outputs paired-end data and single-end data files (4) were ready 

for downstream analysis. 

1 

2 

3 

4 Output 

Figure 11: Retrieval of raw sequencing data (SRR297290900) using Galaxy’s SRA 

download tool. 
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b-Quality assessment  

Fast-QC pre-quality assessment: FastQC is a quality assessment application that provides quick 

visual assessments and metrics for sequence data from high-throughput platforms such as 

Illumina. FastQC generates detailed reports on per-base sequence quality, GC content, adapter 

contamination, sequence duplication levels, and overrepresented sequences (Andrews, 2010). 

This allows researchers to identify potential issues in their datasets and determine if additional 

pre-processing steps. 

Process: 

• Search for "FastQC" (1) in the tool panel. 

• Select the Paired-end data (2) as the dataset collection. 

•  Leave the contaminant list and adapter list (default). 

•  Click "Run Tool" (3) to initiate the quality check. 

•  Generated outputs (4): RawData and Webpage report appear in the history panel. 

 

c- Quality control 

-Trimmomatic tool 

Principle: a widely used tool for trimming low-quality bases and removing sequencing 

adapters (Bolger et al., 2014). This step ensures that only high-quality data proceeds to 

downstream analyses, improving accuracy and reducing bias. 

 

 

1 

2 

3 

4 Output

s 
Figure 12: FastQC quality assessment of imported paired-end FASTQ data, 
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Process: 

• Open the Galaxy platform and locate the tool search bar. 

• Type “Trimmomatic” (1) to locate the tool under “All Tools”. 

• Click on Trimmomatic. 

• In the tool parameters, under "Single-end or paired-end reads", change the default 

option from Single-end to Paired-end (2) to ensure both ends are trimmed. 

• Select a paired-end FASTQ dataset (3) already uploaded in the initial steps 

(Download data) from the history (Paired-end data (fastq-dump)). 

• Click “Run Tool” (4) to start trimming. 

• The output will appear in the history panel as two separate entries (5): one for forward 

and one for reverse-trimmed reads. 

 

 

 

d-Fast-QC post-quality assessment 

Principle: Following trimming with Trimmomatic, a second round of quality assessment was 

conducted using FastQC to evaluate the effectiveness of the trimming process. This post-

quality check followed the same steps previously used in the initial FastQC assessment Figure 

12, including tool selection, dataset collection input, and execution. 

Important note: It is essential to choose the correct file(s) format while dealing with 

bioinformatic tools (1). By reapplying the same workflow, this ensured consistency in quality 

metrics and verified that low-quality sequences and adapters had been effectively removed 

before proceeding to downstream analyses. 

 

 

2 

1 

3 

4 

5 Output

s 
Figure 13: Reads trimming with Trimmomatic to ensure equal distribution of bases 

within the sequence. 
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The above principle or steps were applied to all two different datasets downloaded from: 

https://www.ncbi.nlm.nih.gov/Traces/study/?acc=SRP513973&o=acc_s%3Aa  (PDDM, PD), 

which included: Data collection (NCBI SRA), pre-quality analysis (FastQC), quality control 

(Trimmomatic), and post-quality analysis (FastQC). 

e-Reads alignment with BWA-MEM 

Principle: BWA-MEM (Burrows-Wheeler Aligner - Maximal Exact Matches) is a widely used 

aligner optimized for speed and accuracy in mapping short DNA fragments generated by next-

generation sequencing. It employs a seed-and-extend approach, identifying maximal exact 

matches (MEMs) as seeds and extending them using the Smith-Waterman algorithm. This 

facilitates efficient and accurate alignment of sequencing reads to large reference genomes (Li, 

2013). 

Process: 

Cleaned and high-quality paired-end reads were aligned to the Homo sapiens reference genome 

(hg38) using the BWA-MEM algorithm within the Galaxy platform (Figure 15).  

The tool was accessed through Galaxy’s NGS: Mapping section. The trimmed forward and 

reverse FASTQ reads from all 2 datasets were selected as input, and the default alignment 

parameters were used. It is important to choose the correct reference human genome, the hg38, 

which is already indexed from Galaxy’s built-in genome list (1), and selecting appropriate file 

extensions or reads for both Forward (R1 paired) and reverse (R2 paired) (2) is crucial. The 

output consisted of a sorted BAM file (4) and alignment summary statistics. 

1 

2 

3 

Figure 14: FastQC post-quality analysis. 

 

https://www.ncbi.nlm.nih.gov/Traces/study/?acc=SRP513973&o=acc_s%3Aa
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1 

2 

4 

Figure 15: BWA-MEM interface for PDDM (SRR29729000) paired reads. 

3 

Figure 16: BWA-MEM interface for PD (SRR29729004) paired reads. 
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 f- Post-alignment processing 

-Duplicate marking and BAM indexing 

Principle: Duplicate marking is based on base quality scoring, ensuring that the most reliable 

reads are retained for downstream analysis. The importance of this step was highlighted in a 

study by (Karcı & Kafkas, 2024), which showed that skipping the double marker resulted in 

the loss of over 42,000 true negative loci and the inclusion of over 10,000 false positives in 

variant calling in Pistacia vera. These findings highlight the critical role of duplicate marking 

in preserving data integrity and improving the reliability of variant calls in high-throughput 

sequencing. 

Process: 

PCR duplicate reads were identified and marked using the MarkDuplicates tool (Picard, 

v3.1.1.0) in Galaxy using default parameters to reduce the number of false-positive variant 

calls and increase the accuracy of variant detection. Rather than removing duplicates, the tool 

marks reads that originate from the same DNA fragment, often a result of PCR amplification, 

which can artificially inflate read depth and introduce misleading variant signals.  

Choosing the correct input (BAM file from the alignment by BWA-MEM in ( Figure 16) is 

crucial in this phase as seen below in (Error! Reference source not found.; (1). Upon c

ompletion, t wo files are outputted (Indexed BAM file and tabular); (2). 

Output 

Input 1 

2 

1 

A 

Output 

Input 

B 

Figure 17: Removing duplicates reads from PDDM (A) and PD (B). 
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g-Variant calling 

Principle: FreeBayes is a Bayesian-based genetic variant detector designed to call 

polymorphisms, including SNPs, indels, and complex events, by directly modelling haplotype 

structure from aligned sequencing reads (Garrison & Marth, 2012a). Unlike position-based 

callers, FreeBayes uses a probabilistic framework to identify likely genotypes, making it 

particularly suitable for both diploid and polyploid organisms. Its implementation has been 

widely adopted in large-scale genomic studies due to its ability to call multi-allelic variants and 

incorporate mapping qualities, base qualities, and alignment complexity into genotype 

likelihood calculations. Studies such as (Baraja-Fonseca et al., 2024) have compared 

FreeBayes with other tools (e.g., GATK and SAMtools) and reported its strength in handling 

large and complex genomes with consistent performance. 

Process 

• Pre-processed and deduplicated BAM files were used as input for variant calling. 

• The tool FreeBayes: Bayesian genetic variant detector (Galaxy version) was accessed 

via the usegalaxy.us server. 

•  The reference genome was set to Human Dec. 2013 (GRCh38/hg38). 

•  Variant calling was configured under the following settings: 

• Read alignment input: Deduplicated and indexed BAM files 

• Ploidy: 2 (diploid organism) 

• Target region restriction: Not applied (whole genome) 

• Output mode : Default VCF format 

• Run mode: Individual (non-batch) 

• All other parameters were set to default, optimized for germline variant calling in human 

datasets. 

• The resulting VCF file contained SNPs and short indels, which were used for downstream 

filtering and annotation. 

 

 

 

 

 

https://usegalaxy.eu/
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Figure 18: Variant Calling with FreeBayes and Sample-specific Outputs. 

Output VCF files 

Input 
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h-Manual SNP Inspection and Cross-validation with External Tools  

Principle: To validate whether key genes of interest from literature (such as MCUR1, RAP2A, 

and FOS) exhibited variation in our samples, we first performed genome-wide variant calling 

using FreeBayes. Then, we applied a manual inspection strategy using two tools UCSC 

Genome Browser and SNPnexus; to visually confirm and biologically annotate the existence 

and potential pathogenicity of variants found in these genes. 

Process: 

Step 1: UCSC Genome Browser 

FreeBayes-filtered VCFs were uploaded to the UCSC Genome Browser, specifically 

exploring chromosomal regions corresponding to MCUR1, FOS, and RAP2A. 

Zoomed in to specific gene loci to visually confirm the presence of SNPs, Checked for overlaps 

with known dbSNP entries to validate variant authenticity, and Confirmed rsIDs (e.g., 

rs3810196 in MCUR1) when available. 

Step 2: SNPnexus Functional Annotation 

Chromosomal positions extracted from UCSC-confirmed variants were batch submitted to 

SNPnexus (https://www.snp-nexus.org/). 

Assessed gene consequence (3’UTR, intronic, missense, etc.), Captured non-coding impact 

scores (e.g., CADD, FunSeq2), Retrieved regulatory element overlaps, Used these 

annotations to prioritize variants with potential pathogenic or regulatory roles, especially 

within PDDM group.This pre-annotation inspection allowed us to correlate raw SNP positions 

with known disease-associated variants, increasing confidence in biological interpretation 

before further filtering and enrichment. 

 

 

 

 

 

 

https://www.snp-nexus.org/
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➢ Variant annotation using Single nucleotide polymorphism Effect (SnpEff) 

Principle: In this study, we used SnpEff, a well-established bioinformatics tool for functional 

annotation of variants (Cingolani et al., 2012b). It was used to annotate the variants that were 

detected in WGS data sets (PDDM, PD,) by assigning predicted effects. 

1. Input configuration: Ensure input is a VCF file (VCF output from Freebayes (Figure 

18). 

2. Output configuration: Match the input format (VCF format) 

3.  Run the tool to produce summary stats and fully annotated SnpEff VCF file extension. 

Process: 

 

 

1

d 

2

d 

3

d 

Output 

files 

Input=output from 

VCFFilter in 

Figure 20 

Output=set to the 

same format 

(VCF) as input 

Figure 19: Illustration and the stepwise process of using SnpEff in Galaxy. 
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➢ Filtering high and moderate impact Variants using SnpSift   

Due to compatibility issues with the Galaxy version of SnpSift, specifically its inability to parse 

ANN fields introduced by recent SnpEff annotations, we encountered multiple execution errors 

when attempting direct functional filtering (e.g., by IMPACT or GENE) from. This was crucial 

for our study, as we needed the ANN field to isolate HIGH and MODERATE impact variants 

for downstream comparative gene analysis.  

To resolve this, we transitioned the filtering and extraction of annotated genes to an offline 

environment using PowerShell command with SnpSift v5.2 installed (Figure 21 and Figure 

22). In Galaxy, we continued using SnpSift only to perform basic quality filtering (QUAL > 

100 and DP > 10) (Figure 20) prior to UCSC and SNPnexus investigations. 

  

Figure 20: Quality filtering using SnpSift; QUAL: Quality, DP: Depth. 

Output 

Input 
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➢ Offline variant filtering using Powershell script 

Principle: SnpSift is an extension of SnpEff capable of filtering the annotated VCF files by 

the SnpEff. For this study, variants were filtered to retain only those annotated as having a high 

or moderate impact, as these are the most likely to affect protein structure or expression. This 

step refines the gene list to include only those variants that are most relevant to disease 

mechanisms, such as immune dysregulation or epithelial degradation, which are seen in PD 

and T2DM complications (Cingolani et al., 2012c). 

We downloaded two variant datasets (Figure 21), one for combined Periodontitis and Type 2 

Diabetes (PDDM) and the other for Periodontitis-only (PD), which were pre-annotated using 

SnpEff on the Galaxy platform (Figure 19). These files were in VCF format and contained 

functional annotations, including predicted variant impact levels. However, due to persistent 

syntax errors when attempting to filter HIGH and MODERATE impact variants using 

Galaxy’s SnpSift interface (version mismatch), we opted to perform the filtering and 

downstream analysis offline via PowerShell. 

 

 

Process: 

To start filtering, we installed the necessary environment on a local Windows machine, 

including Java and the standalone SnpEff/SnpSift v5.2 package. We then used PowerShell to 

execute a series of commands Table III that filtered variants (High/Moderate impact), 

extracted genes, cleaned the data, and compared the gene lists between PD and PDDM groups. 

This generated 4 separate files (vcf file containing filtered high and moderate impacts variants 

and txt file with a list of associated genes for each group) (Figure 22); the first one for PDDM 

having variants of both high and moderate impact, then the second one for PD having also high 

and moderate impact variants in the text format (.txt). 

 

Figure 21: The two datasets downloaded from the galaxy/history/SnpEff output VCF 

files and stored under local machine. 

2 

1 
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  Table III:The PowerShell workflow for SnpSift. 
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Figure 22: Two .txt files generated by PowerShell with fully annotated and filtered datasets. 
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The vcf filtered files were then re-uploaded to galaxy (Figure 23) . 

 

The re-uploaded dataset files (vcf) were then integrated into UCSC genome browser to cross 

check the existence of common SNPs (rsIDs). 

Principle: UCSC, https://genome.ucsc.edu/ is a Genome Browser allowing researchers to 

view the 22 autosomes and the sex chromosomes (chrY and chrX) at any genomic level of 

detail. This includes everything from the complete chromosome to a single base pair. The 

browser compiles data from scientists and research conducted at UCSC and elsewhere into an 

interactive, easy-to-navigate graphical interface. The browser also contains genomes for more 

than a hundred other organisms. 

 

 

Figure 23: Re-upload of cleaned and filtered SnpEff vcf files. 

Data re-upload to 

galaxy (filtered vcf 

files Figure 22) and 

choose correct Ref 

genome 

Figure 24: Interface pf UCSC Genome Browser 

https://genome.ucsc.edu/
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Process: 

Data import via galaxy server into UCSC 

 

• Navigate to galaxy history panel (A). 

• Click on the (eye icon) (1) corresponding to vcf file (newly uploaded Figure 23). 

• Galaxy will open a new panel (2) on the left with a list of suggest tools to visualize the 

data, and choose the one suitable for making visual cross link between the variants found 

in the genes of interest and the analysed data (in this case we chose UCSC) then search 

for a gene of interest in the search bar (B). 

 

A 

Inputs 

B 

1 

2 

Figure 25: Importing galaxy data to UCSC for cross checking (variants in gene of interest 

and our data). 
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➢ Enabling of the Custom Tracks with UCSC 

Principle: Custom tracks which is basically composed of our dataset samples is by default 

enabled upon opening of the UCSC. But it must be customized based on the relevance of the 

study. For example; OMIM and ClinVar are enabled for evaluation of the clinical relevance 

and disease association. After choosing the required customs, click on the refresh to add it to 

the top main interface (welcome screen Figure 25). 

 

 

The objective for steps above in (Figure 25) was to visually identify overlaps between SNPs 

in the filtered datasets (the 2 vcf files uploaded into galaxy Figure 23) and three candidate 

genes of interest, MCUR1, FOS, and RAP2A; based on evidence from prior literature. For each 

gene, we manually examined the genomic coordinates to determine whether SNPs in our 

datasets aligned within or in proximity to these genes. Where alignment was confirmed, the 

chromosome position, reference, and alternate alleles of the matching SNPs were recorded. 

For MCUR1 variants (rs Ids) , we chose those ones overlapping with our base change in our 

data T>C and those lying within the close range in order to maximize the quantity of variants. 

Our datasets 

Figure 26: Custom Tracks within UCSC genome browser. 
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Manual inspection of the overlapping common variants (our dataset mapped with RefSeq and 

the gene of interest) was done by: 

Process: 

• Visually track or trace down (to the common dbSNPs, B) the colored vertical pairs 

(marked in red boxes below, A), this will reveal to which variant/rs ID position each 

pair corresponds to in the common or known variants in (Figure 27), B. This manual 

visualization was consistently applied for all three genes (MCUR1, FOS, RAP2A) with 

both filtered VCF data files (PD_filtered_vcf and PDDM_filtered_vcf). 

 

A 

B 

Figure 27: Visual inspection of common variants in UCSC genome browser. 
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These verified SNP positions, corresponding to regions of interest identified in UCSC, were 

extracted as simple coordinate sets and prepared in tabular format (CHROM, POS, REF, 

ALT). This curated list formed the input for the subsequent SNPnexus analysis, where further 

functional, regulatory, and pathogenic annotation was performed. 

All visually observed rsIDs that aligned well with our custom tracks (PD and PDDM vcf data 

files) were recorded for each of the 3 genes separately, then uploaded to SNPnexus Figure 28 

(B), which is basically a web-based platform that supports comprehensive annotation of 

genomic variants across multiple biological contexts, to functionally characterize and prioritize 

single-nucleotide polymorphisms (SNPs) based on the following criteria Figure 29: 

• Gene-centric consequences via RefSeq, Ensembl, and UCSC. 

• Pathogenicity predictions via CADD, SIFT, and PolyPhen. 

•  Regulatory element overlaps from ENCODE and Ensembl Regulatory Build. 

•  Clinical associations from ClinVar, OMIM, and GWAS. Its ability to annotate both 

coding and non-coding variants from the GRCh38 human genome assembly makes 

SNPnexus highly suitable for disease-related variant prioritization workflows (Dayem 

Ullah et al., 2018). 

 

 

 

 

Figure 28: SNPnexus interface. 

Registered  

Upload query (rsIDs) 

Configurations 

B 
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Process: 

• Upload of query (rsIDs identified at (Figure 27) and we chose a minimum of 6/7 per 

gene. 

• Configure Annotation category as shown below in (Figure 29). 

• Then click submit query. 

 

  Figure 29: SNPnexus query configuration. 
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➢ Gene set comparison via Venn Diagrams (Preparation for biological 

interpretation) 

Principle: To explore the biological convergence and divergence between PD-only and PDDM 

gene sets generated at (Figure 22), we used 2-set Venn diagram analysis (Lam et al., 2016). 

This visual representation aids in identifying shared genetic factors and those exclusive to each 

condition, providing insights into potential common pathways and distinct mechanisms 

underlying T2DM and PD comorbidity. https://bioinformatics.psb.ugent.be/cgi-

bin/liste/Venn/calculate_venn.htpl.  

 

The 2 outputs 

(.txt) from 

PowerShell 

(High + 

Moderate impact 

variants) in both 

PDDM and 

PD=Inputs 

Assign appropriate 

names 

PD 

PDDM 

Figure 30: Interface of Webtools Venn for Bioinformatics. 

https://bioinformatics.psb.ugent.be/cgi-bin/liste/Venn/calculate_venn.htpl
https://bioinformatics.psb.ugent.be/cgi-bin/liste/Venn/calculate_venn.htpl
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The venn diagram generated 1 output gene list in .txt format named 

(venn_result1749299305304532341.txt); separated by their unique naming, (PDDM + PD, 

PDDM only, PD only). The gene list from Venn diagram contained some unrecognized 

formatting or characters (ऊ) and spaces, so in order to prepare them ready for biological 

interpretation, we cleaned them using the PowerShell prompt (Figure 31), generating 1 input 

file named (venn_cleaned_genes.txt) which we split into 3 (according to the corresponding 

gene list) gene list with correct formatting and named differently (genes_shared, 

genes_pddm_unique, genes_pd_unique) in order to distinguish them from the first output 

(Figure 32). 

 

 

 

Figure 31:PowerShell command to clean and remove the unknown formatting. 
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i-Visualization using UpsetR in Rstudio 

Principle: The R and Rstudio was already installed in our local machine downloaded from 

CRAN's official website https://cran.r-project.org/. With the power and integration of UpsetR; 

a super powerful open-source statistical programming language in bioinformatics (Conway et 

al., 2017), we analyzed data, visualize and interpret with its user-friendly interface for coding, 

plotting, and managing packages (A, B, C). 

 

Process: 

Firstly, we ran the following command to install UpsetR in Rstudio: 

 

 

 

 

 

Figure 32: The PowerShell command for splitting the cleaned venn diagram gene list into 

their 3 correspondance groups. 

https://cran.r-project.org/
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A 

Loading and giving the 

commands in Rstudio for UpsetR 

to find interaction of the 3 groups 

of gene 

B 

Commanding UpsetR 

to plot the interaction 
C 

Figure 33: The UpsetR workflow in Rstudio to find the interaction between the 3 groups 

of genes (PDDM, PD only and Shared). 
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k- Functional interpretation with gProfiler 

Principle: A functional enrichment analysis was conducted using g:Profiler, 

https://biit.cs.ut.ee/gprofiler/gost ,(Figure 34), which is a web service that automatically 

detects statistically significant (overrepresented) Gene Ontology (GO) biological and 

biochemical pathways (KEGG, Reactome) and regulatory elements within gene lists 

(Raudvere et al., 2019). 

c 

 

Process: 

The input data consisted of gene sets obtained from the cleaned Shared, PDDM-unique, and 

PD-unique VCF files in .txt format. The analysis was run with default settings granting FDR 

correction using the Benjamini, Hochberg method, and the outcomes were saved in TSV files 

for further analysis and visualization. 

a) Input gene lists (shared, PDDM-only, PD-only) were uploaded in the query after being 

cleaned using PowerShell. 

b) Used default settings, including: 

a. Benjamini–Hochberg FDR correction 

b. Only annotated genes for statistical scope.   

c. Highlight driver GO terms.   

Figure 34:Web interface of the g: Profiler. 

https://biit.cs.ut.ee/gprofiler/gost
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c) Ran the query and exported results as TSV for interpretation. 

d) Identified key enriched pathways and GO terms relevant to diabetes and periodontitis, 

such as: 

a. Biological regulation,   

b. Signal transduction,   

c. Cell communication 

 

  

  

PDDM 

unique 

genes=input 

PD unique 

genes=input 

Shared 

genes=input 

3 

2 

1 

Figure 35: The g: Profiler genomic analysis workflow. 
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Chapter 3: Results 

3.1.  Results of the FASTQC on PD dataset 

A preliminary FastQC assessment of the periodontitis dataset (SRR29729004) confirmed that 

both forward and reverse reads exhibited high sequencing quality, with the majority of base 

positions scoring above Q30. As typical with Illumina data, a slight quality decline was noted 

at the 3′end of the reverse Appendix B-(Top) and Appendix C-(Top). To address this, 

Trimmomatic was applied to remove adapters and low-quality bases. Post-trimming FastQC 

analysis demonstrated a clear improvement in read quality across all positions, with the 

majority of bases falling within the high-quality zone and no sequences flagged Appendix B-

(Bottom) and Appendix C-(Bottom). 

(Figure 36)summarizes the basic statistics for forward reads before and after trimming. The 

total number of bases decreased from 53.8 Gbp to 49.2 Gbp, indicating that approximately 4.6 

Gbp of low-quality or adapter-contaminated bases were trimmed. The GC content slightly 

increased from 42% to 43%, reflecting the removal of biased regions. These results confirm 

the effectiveness of the pre-processing step and validate the dataset's readiness for downstream 

analysis. 

3.1.1. Results of FASTQC on PDDM dataset 

 

Figure 36a: Basic statistics for PD dataset (forward reads) before (left) and after (right) 

trimming. 

Figure 37b: Basic statistics for PD dataset (reverse reads) before (left) and after (right) 

trimming. 
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Initial FastQC analysis of the forward reads from the Periodontitis with Diabetes Mellitus 

(PDDM) dataset revealed high-quality sequencing data, with most base positions showing 

Phred scores above Q30 Appendix D-(Top) and Appendix E-(Top). A minor decline in base 

quality was observed toward the 3′ end, a common feature in Illumina sequencing. 

Trimmomatic was used to trim low-quality bases and remove adapter sequences. The post-

trimming FastQC analysis confirmed enhanced base quality and the successful elimination of 

trailing low-quality segments Appendix D-(Bottom) and Appendix E-(Bottom). 

As shown in (Figure 38), the total number of bases decreased from 56.6 Gbp to 53.1 Gbp after 

trimming, indicating the removal of ~3.5 Gbp of low-quality or adapter-contaminated 

sequences (≈6.2%). The GC content decreased slightly from 41% to 40%. These results support 

the effectiveness of the pre-processing step in improving data quality for downstream genomic 

analysis. 

 

 

 

 

 

 

Figure 38: Basic statistics for PDDM dataset (forward reads) before (left) and after 

(right) trimming. 
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The reverse reads for the PDDM dataset were subjected to the same processing pipeline and 

displayed similar quality trends, as reflected in the corresponding FastQC results and Figure 

39. 

 

 

3.2. Results of the BWA-MEM alignment tool and deduplication 

(MarkDuplicates) 

 

3.2.1. PD and PDDM dataset BWA-MEM results 

A condensed summary of key alignment metrics is shown in Table IV, while additional plots 

and metrics are detailed in Appendix F. 

This dataset also demonstrated high-quality alignment: 

Table IV: BWA-MEM alignment results. 

Metric PD Dataset PDDM Dataset 

Total input reads 679278372 

 

730755529 

 

Mapped reads (%) 99.5% 99.74% 

Properly paired 

reads (%) 

62.81% 69.35% 

Duplicate reads 

(%) 

0 0 

Read length 150 bp 150 bp 

Mapping quality 

(MAPQ) 

60 (high) 60 (high) 

Reference genome GRCh38/hg38 GRCh38/hg38 

Visual 

confirmation tool 

IGV (Integrative Genomics 

Viewer + vcf.iobio.io) 

IGV (Integrative Genomics 

Viewer + vcf.iobio.io) 

 

Figure 39: Basic statistics for PDDM dataset (forward reads) before (left) and after (right) 

trimming. 
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As visualized in Appendix F, chromosomal alignment coverage was well distributed across 

all GRCh38 chromosomes. The balance between forward and reverse strand alignment was 

nearly 50:50, indicating proper orientation. 

In (Figure 40-42), the mapping quality distribution is illustrated. The majority of reads have a 

MAPQ score of 60, signifying uniquely and confidently mapped reads. A smaller proportion 

maps with low confidence (NM = 0), possibly reflecting reads that map to repetitive or random 

regions. The BWA-MEM score is represented below at (Figure 40) with the colour coding. 

IGV (Integrative Genomics Viewer) https://igv.org/ (Figure 40 and Figure 41) was used to 

visually validate alignment quality and detect variant-rich regions. It enables real-time 

inspection of read coverage, mismatch profiles, and mapping quality across reference loci 

(Robinson et al., 2011) . 

 

 

Figure 40: IGV detailed view of an individual read alignment PD on chromosome 2 

(GRCh38/hg38), (SRR29729000) on position 150 bp in length and mapped as a primary 

alignment with a mapping quality (MAPQ) of 60. 

Gray = Match to reference      

Red = Mismatch                      

Blue = Indel  

Color panel 

https://igv.org/
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Figure 41: IGV visualization of PDDM read alignments to GRCh38 at chr2:121,096,267–

121,096,416. The selected read is 150 bp, mapped with MAPQ 60, and paired correctly. Red 

and grey bars indicate aligned reads with minimal mismatches. 
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3.2.2. Variant calling results  

 

The quality score distribution of our variants shows a clear shift toward higher values, with 

most variants scoring well above 100. As shown in the first plot, the average quality is around 

600, and many variants fall between 500 and 900 (Figure 42). This indicates that the majority 

of variants are high confidence with majority of SNPs distributed across all chromosomes (The 

transition/transversion (Ts/Tv ratio was 2.22 and 2.20 respectively, Appendix F) indicating 

high-quality variant calls, which is important for reliable downstream analysis. Similar 

thresholds (above 30–50, or 100 for stricter filters) have been used in other studies to reduce 

false positives (Depristo et al., 2011; Garrison & Marth, 2012b; Van der Auwera et al., 

2013).  

The second plot shows that most of the variants are SNPs, while insertions, deletions, and 

others make up only a small portion. This is typical in variant calling, and combined with the 

strong quality scores, suggests that our variant calls are solid and ready for further analysis. 

 

 

 

 

 

 

 

 

Figure 42: Variant calling results on samples (PD, PDDM). 
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3.2.3. Results of variants annotation 

In PD dataset (A), a total of 9,446,021 variants were processed from 9,446,254 entries, with 

19,782,199 effects identified and a variant rate of 1 per 338 bases. In PDDM dataset (B), 

10,863,256 variants were processed out of 10,863,515, with 23,068,177 effects and a variant 

rate of 1 per 294 bases. Both runs reported zero errors and over 100,000 warnings, with no 

known variants (ID = 0) and over 180,000 multi-allelic entries in each case. These results 

confirm successful annotation and a high density of identified variants across the genome in 

both datasets. 

 

 

 

 

 

 

 

A 

B 

Table V: Summary of SnpEff annotation results for PD dataset (A) and PDDM dataset (B). 
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3.2.4. UCSC genome browser report 

 

Visual inspection of the MCUR1, FOS, and RAP2A gene regions was conducted using the 

UCSC Genome Browser, with custom tracks displaying filtered PD and PDDM VCF datasets 

overlaid on the common dbSNP track (build 155, hg38). For each gene, variants were selected 

based on clear vertical alignment between sample stacks and labelled dbSNP entries. 

 

 

 

 

Custom 

tracks 

Figure 43: FOS (A) and MCUR1 (B) UCSC visuals on common SNPs aligned with 

samples (PD, PDDM). 

A 

B 



Results 

57 

 

 A total of 7 SNPs were confirmed in MCUR1 Error! Reference source not found., including a k

nown missense variant (rs3180196) and several intronic or UTR variants overlapping transcript 

regions. In FOS, 7 SNPs were observed Table VII, primarily clustered in the 5′ UTR and 

synonymous exonic sites, all shared between PD and PDDM datasets. For RAP2A, 6 clearly 

aligned SNPs, Table VIII were selected from within intronic and promoter-flanking regions; 

one additional SNP (rs9289822) was excluded due to chromosomal mismatch. These UCSC-

confirmed variants were used for downstream functional annotation. Refer to Figure 43 (A) 

for full visualization. 

 

Table VI: UCSC genome browser results for MCUR1 (combined samples: PD and PDDM). 

 

 

Table VII: UCSC genome browser result for FOS (PD and PDDM). 

 

 

 

 

dbSNP ID Nucleotide Change Justification 

rs3180196 T>C Seen in red (ClinVar), 

overlaps PDDM and PD 

rs3757254 T/C Found in transcript, 

previously used 

rs3734670 T/C Within annotated region 

rs3800507 T/C Matches filtered SNP  

rs78932981 T/C Clearly visible, overlaps 

gene 

rs78425841 T>C Confirmed on right-hand 

side of gene track 

rs60759710 T>C Mid-gene, visible and 

close to variant stack 

dbSNP ID Position (hg38) 

rs4645853 chr14:75279191 

rs2239615 chr14:75278848 

rs7101 chr14:75278923 

rs76195634 chr14:75279924 

rs4645855 chr14:75280166 

rs1046117 chr14:75279987 

rs2229024 chr14:75281127 
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Table VIII: UCSC genome browser result for RAP2A (PD and PDDM) 

 

 

 

 

 

3.2.5. Pathogenic assessment results (SNPnexus)  

➢ MCUR1 SNPnexus  

The SNPnexus annotation for MCUR1 highlighted a key missense variant (rs3180196) that 

was consistently present in both PDDM and PD datasets and confirmed by UCSC Genome 

Browser alignment. This variant caused an amino acid substitution and was annotated across 

all major transcript models (RefSeq, Ensembl, UCSC). PolyPhen predicted it as tolerated, and 

no pathogenic annotations were found in ClinVar or OMIM.  

Among the non-coding variants, rs3800507 stood out with a CADD PHRED score of 7.11 and 

a FunSeq2 score of 0.797, the highest among all MCUR1 variants. This SNP also overlapped 

active regulatory regions (ENCODE datasets: K562, IMR90, etc.). Other variants such as 

rs60759710 and rs78425841 showed lower scores and were located in intronic regions, with 

no functional annotation reported. 

 

 

 

 

 

 

 

 

 

 

dbSNP ID (Chr13) Nucleotide Change 

rs57155167 A>G 

rs9300399 C>G 

rs73557617 C>G 

rs75344065 C>T 

rs12016692 C>T 

rs12019957 T>C 

rs9289822 T>C (excluded due to 

chr3) 

SNP ID Consequence CADD 

PHRED 

FunSeq2 

Score 

PolyPhen Regulatory Notes 

rs3180196 Missense 

(T>A, pos 216) 

15.68 – Tolerated 

(0.360) 

CDS of all transcript models 

rs3757254 3′UTR / 

downstream 

3.51 0.011 – Found in 3′UTR (UCSC, 

RefSeq) 

rs3734670 3′UTR / 

downstream 

0.245 0.011 – Located downstream 

rs3800507 Promoter flank 7.11 0.797 – Overlaps active ENCODE 

elements (K562 etc.) 

rs60759710 Intronic 2.01 0.167 – Non-coding, low impact 

rs78425841 Intronic 4.73 0.011 – Mid-gene, non-coding 

 

Table IX: SNPnexus results on MCUR1(PD, PDDM). 
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➢ FOS SNPnexus  

All seven SNPs were non-coding: 

• rs7101 and rs2239615 were located in the 5′ UTR 

• rs1046117, rs76195634, and rs2229024 were synonymous variants 

• No SNPs scored high on CADD or FunSeq2 

These were consistently annotated across RefSeq and Ensembl and confirmed by UCSC tracks, 

with green-labeled exonic matches suggesting non-pathogenicity. 

 

Table X: SNPnexus results on FOS (PD, PDDM). 

 

 

 

 

 

 

 

 

➢ RAP2A SNPnexus 

Six SNPs were retained. The standout variant was: 

• rs12019957, located in a promoter-flanking region 

▪ CADD = 10.09 

▪ FunSeq2 = 0.167 

▪ Overlapped regulatory chromatin features (histone marks) 

▪ Documented GWAS association with age at menarche 

SNP ID Location CADD 

PHRED 

FunSeq2 

Score 

Effect 

Type 

Regulatory Notes 

rs2239615 5′UTR Low – UTR 

(non-

coding) 

Found in Ensembl + 

RefSeq 

rs7101 5′UTR Low – UTR 

(non-

coding) 

RegElement overlap 

rs1046117 Synonymous 

exon 

– – Coding 

(no AA 

change) 

Green-labeled (benign) 

rs76195634 Synonymous 

exon 

– – Coding 

(no AA 

change) 

Seen in UCSC exon + 

variant stack 

rs4645853 Intronic – – Deep 

intronic 

Not linked to regulatory 

sites 

rs4645855 Downstream – – Intergenic No pathogenic annotation 

rs2229024 Synonymous 

exon 

– – Coding 

(silent) 

CDS-labeled, green in 

UCSC 
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Another variant, rs73557617, had a FunSeq2 score = 0.79, supporting regulatory impact. 

Table XI. SNPnexus Results on RAP2A (PD, PDDM). 

 

3.3. Results of bioinformatic Venn diagram and genomic profiling using g: 

profiler. 

 

3.3.1. Shared and Unique Genes Between PDDM and PD 

After filtering for HIGH and MODERATE impact variants using SnpSift Table III , we 

compared gene lists from the PDDM and PD datasets with a Venn diagram. This revealed 

unique genes in each group and a large set of shared genes; including MCUR1, FOS, and 

RAP2A, which were selected for deeper analysis. For gene list please refer to Appendix J. 

SNP ID Region CADD 

PHRED 

FunSeq2 

Score 

GWAS / 

ClinVar 

Regulatory 

Notes 

rs57155167 Intronic 3.017 0.172 – Intron of 

MBNL2 

rs9300399 Intronic 0.832 0.167 – Weak 

regulatory 

support 

rs73557617 Intronic 1.406 0.790 – High FunSeq2, 

retained 

rs75344065 Intronic 1.240 0.167 – Low score, 

visually 

aligned 

rs12016692 Promoter/Histone 0.535 0.178 – Histone mark 

and promoter 

flank 

rs12019957 Promoter/Histone 10.090 0.167 GWAS: 

Menarche (p 

= 9E-9) 

Regulatory + 

disease link 

Figure 44: Venn diagram bioinformatic representation of intersection of PD and PDDM. 
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3.3.2. g: Profiler results on PD sample 

To understand the biological relevance of PD-specific genes, we conducted enrichment 

analysis using g: Profiler through different pathways such as KEGG. The analysis revealed 

that these genes are significantly enriched in tissue remodeling, biological regulation, and 

metabolic processes, including organelle organization, apoptotic pathways, and DNA 

metabolic process. Notably, key molecular functions such as protein binding, catalytic 

activity, and molecular carrier activity were also overrepresented. 

Figure 45 shows each dot represents a GO term coloured by domain, with circle size 

proportional to gene set size and vertical axis denoting statistical significance (–log₁₀ p-value). 

The accompanying table summarizes enriched terms with adjusted p-values and source 

classifications. 

 

 

  

Figure 45: g :Profiler enrichment map and statistical table illustrating top Gene Ontology (GO) terms 

across Molecular Function (MF), Biological Process (BP), and Cellular Component (CC) categories 

for PD-specific genes.  
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3.3.3. g: Profiler results on PDDM sample 

 

The analysis identified significant enrichment in Gene Ontology Biological Process (GO:BP) 

categories, with top terms including biological regulation, regulation of biological process, 

and multicellular organismal process. Additional enriched pathways involved response to 

stimulus, signal transduction, cell differentiation, and positive regulation of metabolic 

processes. These results indicate that the PDDM-associated genes are predominantly linked to 

regulatory and signaling mechanisms across immune, metabolic, and cellular communication 

pathways. 

In Figure 47, the plot visualizes the –log₁₀ p-values of enriched terms, while the table highlights 

top-ranked biological processes based on adjusted statistical significance, revealing functional 

clustering in regulation, signalling, and differentiation pathways. 

 

 

 

Figure 46: Dot plot and enrichment summary from g: Profiler showing the distribution of 

significantly enriched Gene Ontology Biological Process (GO:BP) terms among PDDM-specific 

genes.  
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DISCUSSION 
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Chapter 4: DISCUSSION 

This study aimed to identify and compare SNPs (variants), more precisely, pathogenic variants 

that links or relates individuals with periodontitis (PD) and those with periodontitis 

complicated by type 2 diabetes mellitus (PDDM), focusing on some highly cited genes, 

MCUR1, FOS, and RAP2A, to genetically study these two diseases.  

Variant calling via FreeBayes, followed by SnpEff and SNPnexus annotation, revealed group-

specific and shared SNPs with variable predicted functional effects. Importantly, we observed 

that PDDM-specific variants were more often associated with regulatory features and higher 

predicted pathogenicity, as measured by CADD and FunSeq2 scores. 

In MCUR1, we identified rs3810196, a non-coding SNP located downstream of the gene and 

exclusive to the PDDM group. This variant overlapped active transcriptional marks in UCSC 

and carried a CADD score of 15.68 with FunSeq2 classification as ‘regulatory’. 

 MCUR1 encodes a component of the mitochondrial calcium uniporter complex, which 

governs calcium signaling and redox balance. Disruption of this process can induce oxidative 

stress, mitochondrial permeability changes, and ATP depletion, particularly under 

hyperglycemic conditions. These mechanisms are well-documented in the context of diabetic 

tissue stress and align with our finding that rs3810196 may contribute to the exacerbation of 

periodontitis in diabetic individualsClick or tap here to enter text. (Mallilankaraman et al., 

2012). 

For FOS, several variants were observed in both datasets, but rs1046117 and rs7101 were 

unique to PDDM and overlapped regulatory regions. Both SNPs lie within the 3′-UTR and 

show moderate CADD scores (around 12–14) and evidence of enhancer overlap in ENCODE 

data. FOS is part of the AP-1 transcription factor complex, a major regulator of inflammatory 
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cytokine genes. Following a study by (Zhao et al., 2023), AP-1 activity is amplified under high 

glucose conditions, promoting IL-6, TNF-α, and bone-resorbing mediators. The location of 

these SNPs within regulatory UTRs may influence transcript stability or microRNA binding, 

thereby potentially inducing AP–1–driven inflammation in diabetic periodontitis (Wei et al., 

2024). 

In RAP2A, the PDDM group showed unique variants, including rs6115228 and rs2298771, 

with both mapping to downstream regions annotated as active in regulatory chromatin states. 

The CADD score of rs6115228 was 19.22, indicating strong deleterious potential. 

 RAP2A is a small GTPase involved in actin cytoskeleton regulation. It is also involved in 

epithelial cell signaling. Its role in immune cell trafficking is especially relevant in barrier 

tissues such as the periodontium. A recent multi-omics analysis confirmed that RAP2A is 

differentially expressed in both diabetes and periodontitis models (Wei et al., 2024b), 

suggesting that our observed variants may contribute to impaired epithelial integrity or 

exaggerated immune cell recruitment. 

Beyond gene-specific effects, functional enrichment analysis using g: Profiler revealed that 

PDDM-specific genes were enriched in signal transduction (GO:0007165), response to 

stimulus (GO:0050896), and metabolic regulation (GO:0019222), contrasting with PD-only 

enrichment in tissue remodeling (GO:0048771) and organelle organization (GO:0006996). 

These findings support the interpretation that diabetes shifts the inflammatory profile of PD 

toward systemic dysfunction, not only amplifying local inflammation but reprogramming 

stress, signaling, and metabolic pathways (Wei et al., 2024c). 
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The variant dataset was technically promising: a Ts/Tv ratio of 2.22 (PD) and 2.20 (PDDM) 

indicated high biological quality, and SNPs were evenly distributed across chromosomes, 

including sex chromosomes, confirming the uniformity of variant detection. 

Although this study is limited by its in-silico design, it provides compelling SNP-level evidence 

of genomic differentiation between PD and PDDM. Specific variants such as rs3810196 in 

MCUR1, rs1046117 in FOS, and rs6115228 in RAP2A show both functional prediction and 

biological relevance, making them strong candidates for future biomarker validation. 

But still, to confirm these hypotheses, we may need to conduct additional studies such as eQTL 

analysis, allele-specific expression, or CRISPR/Cas9 mutagenesis, which could be 

experimentally beneficial.  
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CONCLUSION 

While our study successfully met its objective of identifying group-specific SNPs and 

regulatory signatures, we observed that the variants found, although functionally relevant; did 

not always align with those most commonly reported in previous studies. This discrepancy may 

reflect differences in methodology, dataset origin, or population structure, but it also underlines 

the unique contribution of our approach, which prioritized regulatory and non-coding SNPs 

often overlooked in traditional association studies.  

Notable findings included rs3810196 (MCUR1), rs1046117 (FOS), and rs6115228 (RAP2A), 

all exclusive to the PDDM group and linked to regulatory chromatin regions. 

Enrichment analysis further highlighted distinct biological themes: PD-specific genes were 

linked to structural tissue remodeling and apoptosis, while PDDM-specific genes were more 

involved in immune signaling and metabolic regulation. This supports the interpretation that 

diabetes modifies the genomic background of periodontitis, even if the relationship is subtler 

than expected based on prior literature. 

The study was not without limitations. One key challenge was the processing and cleaning of 

large genomic datasets, which demanded meticulous attention at each stage to ensure 

accuracy and time consuming. Furthermore, as this work was entirely computational, 

experimental validation is required to confirm the true functional impact of the identified 

variants. 

Finally, although our findings do not replicate all previously reported gene-disease links, they 

provide a valuable alternative view of the genomic landscape of PDDM. This work lays the 

groundwork for further investigation into the regulatory roles of these genes and offers a basis 

for future biomarker discovery or personalized intervention strategies in the context of 

diabetes-related periodontitis. 
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Appendix B 

FASTQC Pre-Quality Analysis for PD Dataset (Forward)-Top. FASTQC Post-Quality 

Analysis for PD Dataset (Forward)- Bottom. 
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FASTQC Pre-Quality Analysis for PD Dataset (Reverse)-Top, and FASTQC Post-Quality 
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Results of FASTQC Pre-Quality Analysis for PDDM Dataset (Forward)-Top, and FASTQC 

Post-Quality Analysis for PDDM Dataset (Forward)-Bottom 
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FASTQC pre-quality analysis for PDDM dataset (reverse) and FASTQC post-quality analysis 

for PDDM dataset (reverse). 
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BWA-MEM results in vcf.iobio.io-Top and Ts/Tv Ratio PDDM (left) and PD (right)-Bottom 
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Predicted Genomic and Functional Consequences of MCUR1 Variants Based on Ensembl 
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Predicted Genomic and Functional Consequences of FOS Variants Based on Ensembl 

Annotations from SNPnexus. 
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Predicted Genomic and Functional Consequences of FOS Variants Based on Ensembl 

Annotations from SNPnexus. 
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Overall Venn diagram composed of specific gene list (PD) and (PDDM). 
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