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SUMMARY 

 

 
Alzheimer's disease is a long-term, progressive neurodegenerative disease that 

affects societies socially and economically, and there is no accurate treatment. The 

molecular mechanism of the disease, which is characterized by amyloid plaques and 

neurofibrillary tangles, has not yet been fully elucidated. The vast majority of research 

studies on the disease evaluate the data collectively, which obscures the molecular 

differences among patients due to the heterogeneous nature of the disease. In this study, 

a personalized approach was adopted and the transcriptome data of 403 Alzheimer’s 

disease patients was analyzed by mapping it on the human protein interactome 

individually. To this end, protein interaction subnetworks for each patient were 

discovered by using two different algorithms, KeyPathwayMiner and DOMINO, and it 

was found that DOMINO is more effective in capturing genes and functional 

GO/pathway terms associated with the disease. It was observed that the disease mostly 

affects the pathways related to mitochondria, immune response, cell death and 

endoplasmic reticulum. Additionally, it was demonstrated that the personalized approach 

is significantly more efficient than bulk analysis and provides a more in-depth 

understanding of the molecular effects of Alzheimer’s disease. Moreover, the patients 

were analyzed in five groups, in line with recently reported molecular subtypes of the 

disease based on the same transcriptomic dataset, and it was found that each subtype has 

its own characteristic profile. 

 

 

 

 

 

 

 

Keywords: Alzheimer’s disease, Subnetwork discovery, Personalized analysis, 

Transcriptome data, Disease subtypes  
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ÖZET 

 

 
Alzheimer hastalığı, toplumları sosyal ve ekonomik olarak etkileyen, uzun süreli, 

ilerleyici bir nörodejeneratif hastalıktır ve kesin bir tedavisi yoktur. Amiloid plaklar ve 

nörofibriler yumaklarla karakterize olan hastalığın moleküler mekanizması henüz tam 

olarak aydınlatılamamıştır. Hastalıkla ilgili araştırmaların büyük çoğunluğu verileri 

toplu olarak değerlendirmekte, bu da hastalığın heterojen doğası nedeniyle hastalar 

arasında oluşan moleküler farklılıkları gizlemektedir. Bu çalışmada, kişiselleştirilmiş bir 

yaklaşım benimsenmiş ve 403 Alzheimer hastasının transkriptom verileri, insan protein 

interaktomu üzerinde ayrı ayrı haritalanarak analiz edilmiştir. Bu amaçla, 

KeyPathwayMiner ve DOMINO olmak üzere iki farklı algoritma kullanılarak her hasta 

için protein etkileşim alt ağları keşfedilmiş ve DOMINO'nun hastalıkla ilişkili genleri ve 

fonksiyonel GO/yolak terimlerini yakalamada daha etkili olduğu görülmüştür. Hastalığın 

en çok mitokondri, bağışıklık yanıtı, hücre ölümü ve endoplazmik retikulum ile ilgili 

yolakları etkilediği gözlemlenmiştir. Ayrıca, kişiselleştirilmiş yaklaşımın toplu analizden 

önemli ölçüde daha verimli olduğu ve Alzheimer hastalığının moleküler etkilerinin daha 

derinlemesine anlaşılmasını sağladığı gösterilmiştir. Buna ek olarak, hastalar aynı 

transkriptomik veri setine dayalı olarak hastalığın yakın zamanda bildirilen moleküler alt 

tipleri doğrultusunda beş grupta analiz edilmiş ve her bir alt tipin kendine özgü 

karakteristik bir profile sahip olduğu tespit edilmiştir. 
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1. INTRODUCTION 

 

Brain is the most intricate organ in the human body, and it is essential for carrying 

out both vital and cognitive functions. With the effect of ageing and various risk factors, 

different neurodegenerative diseases can occur. Alzheimer’s disease (AD) is one of 

them. It is a long term, progressive neurodegenerative disease, and it is the most 

common type of dementia. It causes the death of brain cells and shrinkage (atrophy) of 

brain tissues, which can cause memory loss, cognitive decline, disorientation, behavioral 

disorders, and in more severe cases, death. It was first described by German 

neuropathologist and clinical psychiatrist Alois Alzheimer in 1906 [Hippius and 

Neundörfer, 2003]. According to the reports, the number of Alzheimer's patients is 

expected to exceed 100 million by 2050, with the effect of increasing life expectancy 

[Qiu et al., 2022]. Lifelong care and therapy requirements for these patients place a 

significant financial burden on the family and society. Therefore, uncovering the disease 

associated molecular mechanisms that were not yet fully elucidated would have a 

significant contribution to developing novel treatment options. 

In order to understand the complex molecular mechanisms and reveal the 

heterogeneous nature of the diseases, various methods and data sources are employed. 

Omics approaches are commonly used for this purpose. Transcriptomics, one of the 

omics technologies, is widely used in disease diagnosis and for the elucidation of 

molecular mechanisms by enabling the extraction of important genes and pathways in 

complex systems[Lowe et al., 2017 a].  

Although many studies have been conducted to understand the molecular 

mechanism of AD, its causes and complex mechanism still remain unclear. Due to the 

heterogeneous nature of the disease, putting all the data in the same pool and evaluating 

them as a whole will hinder the elucidation of missing key points. In this study, a 

personalized approach was adopted, and all 403 AD transcriptomic samples were 

evaluated individually to explore important genes and unknown mechanisms of disease 

pathology. To this end, each patient data was mapped separately on a human protein-

protein interaction network to identify patient-specific subnetworks, which were 
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separately investigated by functional enrichment analysis. In further stages, Chapter 2 

provides information about the disease pathology, as well as short information about the 

components that constitute the main elements of this study. In Chapter 3, the used 

methods and algorithms are covered, and in Chapter 4, the computational parts and the 

analysis of the findings are discussed. And the last chapter, Chapter 5, contains 

concluding remarks and recommendations for future studies.  
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2. BACKGROUND INFORMATION 

 

2.1. Alzheimer’s disease 

 

Alzheimer's disease is a very complex and long-term disease. It is known that the 

pathological basis of the disease begins long before the clinical findings. In this silent 

phase of the disease, called the preclinical stage, abnormalities start at the cellular level 

and continue in a process that varies from patient to patient [Dubois et al., 2016]. 

Although disease process of each patient differs, there are some pathological hallmarks 

that characterize the disease in most of the cases.  

 

2.1.1. Amyloid-beta plaques 

 

In the pathophysiology of AD, there are several known physiological 

abnormalities in the brain tissues especially at hippocampus, entorhinal cortex, and 

neocortex. Extracellular amyloid-beta (Aβ) plaques are one of the hallmarks of AD. Aβ 

peptides are products of proteolytic process of amyloid precursor protein (APP). APP is 

an integral membrane protein, which is expressed in many tissues but is particularly 

abundant in the synapses of neurons. It is crucial for different biological activities like 

intracellular transport, signaling, neuronal developments and homeostasis  [Chen et al., 

2017]. There are two pathways by which the APP can be processed through proteolysis: 

the amyloidogenic pathway and the non-amyloidogenic pathway. These processes are 

carried out by three different enzymes α-, β-, and -secretase. In the non-amyloidogenic 

pathway, which does not allow Aβ accumulation, APP is first cleaved by α-secretase and 

forms larger soluble APPα peptide and smaller carboxy-terminal fragment (C83). The 

C83 part remaining in the membrane is then cleaved by -secretase and forms the short 

fragment P3. In the amyloidogenic pathway, APP is first cleaved by the β-secretase into 

99 amino acids (C99) fragment that stays in the membrane and soluble APPβ. The -

secretase complex then cleaves the C99 fragment and generates predominantly Aβ40 and 

more amyloidogenic Aβ42 [LaFerla et al., 2007]. In AD cases it is cleaved by β-secratase 
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and -secratase dominantly and produces several types of Aβ peptides. Plaque formation 

occurs when clearance of Aβ is disrupted in several ways. In AD, accumulation of Aβ 

plaques causes serious metabolic disorders, neurotoxicity and eventually leads to 

neuronal cell death [Guo et al., 2020]. Figure 2.1 [Heppner et al., 2015] illustrates the 

amyloidogenic pathway, non-amyloidogenic pathway and formation of Aβ plaques. 

 

 
 

Figure 2.1: Proteolytic process of APP and Aβ plaque formation. 

 

2.1.2. Neurofibrillary Tangles 

 

Another hallmark of AD is intracellular neuro fibrillary tangles (NFTs), which are 

formed by the aggregation of hyperphosphorylated tau proteins. Tau is a highly soluble, 

unfolded microtubule-associated protein that is encoded by the MAPT gene. It is 

essential for maintaining microtubule stability by tubulin assembly, and thus regulates 

normal functioning of neurons [Chong et al., 2018]. In the central nervous system, there 

are 6 different isoforms of tau as a consequence of alternative splicing of 8 exon regions. 

Mainly it has four domains, and alternative splicing occurs mostly in the N-terminal 

region and microtubule- binding domain.  As a result, 3-repeat (3R) or 4-repeat (4R) 

isoforms of tau protein are produced and the 4R form has a stronger activation in 

microtubule assembly [Naseri et al., 2019]. The healthy adult brain contains almost 

equal amounts of the 3R and 4R isoforms. However, the 4R/3R ratio rises because of the 

alteration of this balance in tauopathy-associated neurodegenerative diseases [Chen et 

al., 2010].  

 Post-translational modifications (PTMs) in tau proteins lead to NFTs, and 

pathogenic tau aggregates promote synaptic and neuronal dysfunction by damaging 
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dendritic spines and impairing axonal functions [Tracy and Gan, 2018]. PTMs occur 

when an enzyme adds a chemical group, a protein, or a sugar to a specific residue of a 

target protein. This can happen either right away after the ribosome creates the protein or 

after protein folding and localization. Phosphorylation is the most commonly 

encountered form of PTM for tau, but tau also undergoes acetylation, ubiquitination, 

glycation, glycosylation, SUMOylation, methylation, oxidation, and nitration [Alquezar 

et al., 2021]. In AD brain, kinase and phosphatase activities are disrupted and tau protein 

is phosphorylated up to 2-3 times more than normal condition. This makes tau more 

likely to self-assemble, resulting in the formation of paired helical filaments and, as they 

build up, NFTs [Alonso et al., 2018]. As shown in Figure 2.2 [van Oostveen and de 

Lange, 2021], self-assembled tau cannot function properly and the stability of the 

microtubules is impaired. Consequently, the microtubules become dysfunctional and this 

negatively affects many neuronal functions.  

 

 
 

Figure 2.2: Formation of paired helical filaments and NFTs.  

 

2.1.3. Neuroinflammation 
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The other major characteristic of disease is neuroinflammatory response. 

Neuroinflammatory response is a secondary response that occurs in the event of any 

injury or damage to the central nervous system (CNS). Glial cells, particularly microglia 

and astrocytes, concentrate in the area when cellular and molecular elements, such as 

cytokines and pattern recognition receptors, are activated in such a situation. The 

majority of the glial cells of the nervous system are astrocytes and they make up about 

25% of the cerebral volume. They perform a wide range of tasks, such as promoting the 

development of neuronal synapses, blood-brain barrier formation and maintenance, 

neurotransmission, metabolic regulation, maintaining ion balance, and serving as a 

component of the "triple synapse" model of neurotransmission. On the other hand, 

microglial cells make up roughly 5-20% of the total population of glial cells in the CNS 

and can be found in the hippocampus and substantia nigra, as well as the brain, spinal 

cord, retina, and optic nerve. These cells are regarded as immune system representatives 

in the CNS because they can perform phagocytosis, release cytotoxic factors, and act as 

antigen-presenting cells [Morales et al., 2014]. Pathological alterations in AD state are 

detected by microglia and perivascular macrophages. They produce cytokines and 

chemokines that exacerbate inflammation and eventually result in neurodegeneration 

and neuronal loss [Heppner et al., 2015].  Like microglia, astrocytes also release 

cytokines after exposure to Aβ and misfolded proteins, hence they aggravate the 

neuroinflammatory response. In addition, astroglial atrophy, which occurs in AD state, 

leads to the destruction of synaptic transmission, which contributes to cognitive 

impairment [Heneka et al., 2015]. 

 

2.2. Omics and Transcriptomics 

 

Omics technologies provide the opportunity to analyze the structure and function 

of a particular biological system at different levels. It consists of many fields such as 

genomics, transcriptomics, proteomics, metabolomics, and so on. The amount of high-

throughput data produced in these fields is increasing exponentially with the 

advancement in technology. The first omics field to emerge is genomics, which allows 

for a comprehensive analysis by taking into account the entire genome rather than just 
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concentrating on specific variants or genes. Proteomics focuses on the quantity, 

modifications and interactions of peptides in biological systems, while metabolomics 

quantifies the products of cellular metabolic processes. Epigenomics, on the other hand, 

focuses on the genome-wide decoding of the reversible alterations of DNA or DNA 

associated proteins, such as histone acetylation or DNA methylation [Hasin et al., 2017].  

Transcriptomics is another omics type that is most frequently used to investigate 

diseases. It is most frequently utilized alone or in combination with other omics data 

types [Athieniti and Spyrou, 2023]. All RNAs produced as a result of transcription 

constitute the source of the transcriptomic data. With the help of transcriptome analysis, 

we can comprehend how the genome expresses itself at the transcriptional level, learning 

about the structure of the genes, how they are regulated, how their products work, and 

how the genome changes over time [Dong and Chen, 2013]. There are two main 

techniques to produce transcriptomic data; microarrays and RNA-Seq. In microarray, the 

first emerging technique in mid 1990s, transcripts that are fluorescently marked bind to 

complementary probes arrayed on a chip through hybridization. Following this 

procedure, the fluorescence intensity in each probe region is measured to determine the 

abundance of the transcripts. In RNA-Seq, the isolated RNAs are fragmented and copied 

into double-stranded complementary DNA before being sequenced using high-

throughput sequencing technology. Then, sequenced parts are aligned to the reference 

genome to reveal which parts of the genome are expressed [Lowe et al., 2017 b].  
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Figure 2.3: Comparison of microarray and RNA-Seq technologies. 

 

Figure 2.3 [Manzoni et al., 2018] illustrates both methods roughly and gives some 

information on differences between them. Although it is still a developing technique, 

RNA-seq has become the dominant transcriptome technology because of the advantages 

that it offers. A large amount of transcriptome data created for different purposes is 

stored in private servers or public repositories and shared for common use. Some of the 

commonly used databases where transcriptome data can be accessed include Gene 

Expression Omnibus and ArrayExpress [Manzoni et al., 2018].  
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There are many studies in literature that employ transcriptome data to illuminate 

AD mechanisms. Williams and colleagues conducted a study with transcriptome data 

from prefrontal cortex. They revealed that synaptic function associated genes were 

downregulated while genes connected to immune response were upregulated.  

Genes that encode postsynaptic receptors, transporters, enzymes mediating 

glutamatergic and GABAergic transmission are also downregulated [Williams et al., 

2021] . In another study, Li et al. performed a meta-analysis by combining six 

transcriptome datasets and found candidate biomarker genes for AD. These genes were 

substantially downregulated and strongly linked with neuropathology. Also, their 

pathway analysis showed that the most affected pathways were related to nitric oxide 

and reactive oxygen species, NFkB and mitochondrial dysfunction [Li et al., 2015 b].  

Long term cohort studies Religious Orders Study (ROS) and Rush Memory and 

Aging Project (MAP) were initiated specifically to study aging and Alzheimer's disease 

in large cohorts. ROS was started in 1994 and its participants are catholic nuns, priests 

and brothers from all over the US, while MAP started in 1997 and enrolls older lay 

persons from Chicago area. Transcriptome data of the participants is also available. In 

AD studies, both cohorts are often used together and referred to as ROSMAP [Bennett et 

al., 2018]. The ROSMAP transcriptome dataset contains 165 controls and 404 AD 

patients, making it the most comprehensive AD-specific transcriptomic dataset. 

Therefore, it is commonly used in literature. In a study using three different datasets, 

including the ROSMAP, a significant downregulation of the neurosecretory protein VGF 

was observed in both frontal and temporal lobes of AD patients [Marques-Coelho et al., 

2021]. Similarly, in a meta-analysis of three transcriptome datasets including ROSMAP, 

Wan and colleagues presented molecular models of the transcriptional state of the AD 

brain and identified five different consensus gene set clusters by examining 30 AD-

associated coexpression modules [Wan et al., 2020]. In another study conducted using 

the ROSMAP dataset, it was determined that the development of AD in APOE4 allele 

carriers was significantly associated with vascular dysfunction. Also, they demonstrated 

that alterations in immune response have a significant impact on the development of AD 

in APOE4 carriers [McCorkindale et al., 2022]. 
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2.3. Protein-Protein Interaction Network 

 

It is known that there are approximately 20.000 protein-coding genes in the human 

genome. Each of these genes does not encode a single type of protein. As a result of 

different combinations of exon regions of the same gene with alternative splicing 

process, many protein isoforms are formed from one gene. Thus, this number rises to 

around 70.000 [Aebersold et al., 2018]. In order to sustain life and carry out cellular 

processes, these proteins have to interact with each other for different functionality, and 

this creates a gigantic network of interactions. Protein-protein Interaction (PPI) networks 

include all known protein interactions of an organism. Each organism has its own unique 

interaction network, and the size of these networks varies among them.  

In a PPI network, the proteins are represented by nodes, their interactions between 

them are shown as edges and the total number of interactions a node has determines its 

degree. Like all biological networks, PPIs show a scale-free network feature. In scale 

free networks, a small fraction of nodes have high degrees, while the rest of the nodes 

have low degrees and the nodes with high interaction numbers are called as hub nodes. 

Figure 2.4 [Barabasi and Oltvai, 2004] illustrates a scale-free network example; the blue 

nodes have a higher degree than the other nodes, and they are the hub nodes.  

 

 
 

Figure 2.4: Illustration of scale free network. 
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There are several databases containing PPI network information that are important 

for bioinformatics studies. DIP [Xenarios et al., 2000], HPRD [Keshava Prasad et al., 

2009], MINT [Licata et al., 2012], STRING [Szklarczyk et al., 2021], BIND [Bader et 

al., 2001] and BioGRID [Stark et al., 2006] are the most commonly used ones. The most 

recent version of BioGRID, 4.4.217 (release January 2023), has a total of 2,009,467 

interactions and 87,157 proteins from various organisms that were assembled by 

curating 81,599 publications. 

 

2.4. Integrating Transcriptomic Data with PPI Network 

 

With advances in technology, the production of and access to omics data has 

become easier. However, analyzing what these data characterize constitutes the most 

important part of the scientific process. Transcriptomic data provide the information on 

gene activity at the transcript level, and the amount of RNA that is transcribed from a 

gene reflects the activity level of that gene. Transcriptomic profile of a biological system 

is determined on a gene basis using various statistical methods and the genes that exhibit 

differential expression from the normal condition are examined in further stages. 

Differentially expressed genes (DEGs) alone are often insufficient to identify 

complicated molecular interactions. At this point, subnetwork discovery tools, or, in 

other words, active module identifiers, are frequently employed in systems medicine to 

reveal potential molecular mechanisms of diseases. They mainly integrate the molecular 

profiles and the knowledge of biological networks with different strategies and 

algorithms. Figure 2.5 shows the integration of the PPI network and gene expression 

profiles. Thus, genes that are involved in the activated modules in case of diseases are 

revealed. This approach enables identification of DEGs that show physical interaction 

with each other. 
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Figure 2.5: Schematic representation of subnetwork discovery process. 

 

There are many different tools in the literature for subnetwork discovery, and they 

adopt different algorithms and strategies to find active modules that differ under 

changing conditions. Recently Lazareva et al. [Lazareva et al., 2021] conducted a study 

based on the randomization of networks using five different PPI networks. This study 

was conducted by using widely used eight different algorithms in the literature to 

measure whether active module identification methods actually benefit from PPI 

knowledge in real terms. Among ClustEx2 [Ding et al., 2018], COSINE [Ma et al., 

2011], DIAMonD [Ghiassian et al., 2015], DOMINO [Levi et al., 2021], GiGA 

[Breitling et al., 2004], GXNA [Nacu et al., 2007], KeyPathwayMiner [Alcaraz et al., 

2014] and GrandForest [Larsen et al., 2020] algorithms, DOMINO produced more 

meaningful modules and its performance was better than the others. When compared to 

other algorithms, it truly benefits from the PPI interaction information because it 

produces the best results. In another study, Batra et al. [Batra et al., 2017] compared the 

performance of seven algorithms, including KeyPathwayMiner (KPM), BioNet [Beisser 

et al., 2010], GiGA, GXNA, COSINE, DEGAS [Ulitsky et al., 2008], and PinnacleZ 

[Chuang et al., 2007], and discovered that KeyPathwayMiner and BioNet performed 

better than others. Based on these results, DOMINO and KeyPathwayMiner are used as 

two different subnetwork discovery tools in this study. 
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2.4.1. KeyPathwayMiner 

 

KPM was first introduced in 2011, and over time, versions were updated till 

version 5.0. It works with both RNA-Seq and microarray data types and permits direct 

combination of various types of omics data. It offers different types of usage: web 

application module (KeyPathwayMinerWeb [List et al., 2016]) for easy use, standalone 

module for higher computational power, Cytoscape app module for advanced 

visualization and ease of use and KeyPathwayMineR [Mechteridis et al., 2022] for use 

in the R ecosystem. It offers two different strategies for subnetwork discovery; 

Individual Node ExceptionS (INES) allows the setting of the parameter K, which is the 

number of unchanged genes allowed in the discovered subnetwork and GLONE. It also 

allows to choose algorithm with 3 different options, GREEDY which is a faster option, 

Ant Colony Optimization (ACO), which is used in large networks and datasets and 

explores maximal subnetworks with a heuristic approach, and exact fixed-parameter 

tractability algorithm OPTIMAL. In addition, it also enables the usage of prior 

knowledge with the positive genes that are desired to be found in any case in the 

discovered subnetwork or negative lists that are not desired to be found at all. KPM 

mainly takes the PPI network and an indicator matrix where DEGs are represented as 1 

and others as 0 as input. The run time varies depending on the size of the inputs, but the 

standalone version has the fastest processing power among the different types of usage.  

Yurduseven et al. [Yurduseven et al., 2022] conducted a study using cell-type-

specific transcriptome data to uncover biomarker candidates for multiple sclerosis and 

they used KPM as a subnetwork discovery tool. In another study, Emanetci and Çakır 

also used KPM for subnetwork discovery to elucidate the molecular mechanism 

underlying cognitive impairment and memory deficits [Emanetci and Çakır, 2021]. In 

another study aiming to illuminate the cancer dormancy mechanism, transcriptomic data 

was mapped to the PPI network using KPM, thus creating a dormancy-interaction 

network first time in the literature [Uzuner et al., 2021]. 
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2.4.2. DOMINO 

 

DOMINO is an active module identifier (AMI) algorithm that aims to eliminate 

non-specific over-represented GO terms. It was developed in response to the argument 

that existing AMI algorithms are not successful in finding content-specific functional 

terms and are not resistant to permutation of the dataset. As first step in finding active 

modules, DOMINO partitions the PPI network, which is given in SIF format, into slices 

using the Louvain modularity algorithm. This step is done only once for a PPI and this 

information can be used in all analyses if the same PPI is used. The slices that pass the 

hypergeometric test based on the number of DEGs on these slides are then identified as 

relevant slices. At this stage, the default FDR value is 0.3 and it can be changed if 

desired. Each determined relevant slice is divided into sub-slices by solving the prize 

collecting Steiner tree problem, and then these sub-slices are divided into putative active 

modules using the Newman-Girvan modularity algorithm. Finally, each putative active 

module is subjected to hypergeometric test for over-representation of DEGs to determine 

the final active modules. As a result, it generates multiple modules, which are 

biologically rich and functionally distinct. Figure 2.6 [Levi et al., 2021] shows each step 

that DOMINO performs in the AMI process. 
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Figure 2.6: Schematic illustration of steps of DOMINO. 

 

DOMINO accepts the DEGs list given as input only in Ensembl gene ID format 

and this is a disadvantage that prevents the use of other types of omics data. It works 

very fast regardless of the size of the PPI network or the number of DEGs, which is 

advantageous when multiple analyses are required. Different analyses with the exact 

same input can produce modules of different numbers and sizes, and this is due to the 

stochastic nature of the algorithms used in its design. It runs on Ubuntu and this can 

create limitations for some users. At this point, the recently developed DOMINO web 

[Levi et al., 2022] shows more user-friendly profile and offers advantages such as GO 

enrichment analysis, module visualization and output in different formats.  
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3. METHODS 

 

3.1. Transcriptome Datasets 

 

Religious Orders Study and Rush Memory and Aging Project (ROSMAP) 

[Bennett et al., 2018] RNA-seq data was used in this study. The samples are from 

dorsolateral prefrontal cortex of 569 participants, with 404 Alzheimer’s disease patients 

(CERAD score 1 and 2, corresponding to definite and probable AD) and 165 controls 

(CERAD score 4, corresponding to no AD). Raw read counts were normalized by 

DESeq2 package [Love et al., 2014] in R. Principal component analysis was performed 

with the normalized data to detect outlier samples. Two samples were excluded from the 

cohort; one was from AD and the other was from the control group (sample IDs; 

500_120515 and 380_120503). To eliminate confounding effects of age, sex, and PMI 

(postmortem interval), a mixed linear model was applied to log2-transformed 

normalized data.  

 

3.2. Statistical Analysis 

 

In this study, a personalized approach was adopted where each sample from the 

AD group was compared to the control group to detect differentially expressed genes 

(DEGs) in each patient. To this end, a ranking based approach was used where the 

patient value and all the values in the control group were combined and ranked for each 

gene. The patient gene was considered to be downregulated if it is within the top 5th 

percentile in the rank list while it was considered to be upregulated if it is within the 

bottom 5th percentile. Although it did not eliminate the selected genes most of the time, 

Benjamini-Hochberg corrected p-values were also calculated with one-sample t-test for 

each gene in each AD sample, and used this as additional cut-off (p-value<0.01) in 

identifying DEGs for each sample. In the bulk analysis where all AD samples were 

compared with all control samples, limma [Ritchie et al., 2015] package was used, and 

the cut-off value was chosen as 0.05 for Benjamini-Hochberg corrected p values. 
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3.3. Subnetwork Discovery from Protein-Protein Interaction 

Data 

 

Human protein-protein interaction (PPI) network was downloaded from BioGRID 

[Stark et al., 2006] (version 4.4.207). Only human-human physical interactions were 

retained, self-loops and duplicated edges were removed from the network. In its final 

form, the PPI network included 19,634 proteins and 678,802 interactions. The final form 

of the PPI network used in this study is illustrated in Figure 3.1. 

 

 

 

Figure 3.1: Human PPI network used in this study. 

 

Subnetwork discovery was performed by two different algorithms: 

KeyPathwayMiner [Alcaraz et al., 2016] (KPM) and DOMINO [Levi et al., 2021]. For 

each patient, subnetworks were created for the upregulated and downregulated DEGs 

separately with both algorithms. For the KPM analysis, standalone version 5.0 was used 

with greedy algorithm and INES model. The maximum number of unchanged genes 

allowed in a discovered subnetwork was set to 8 through the parameter K. The 
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DOMINO analysis was performed with version 0.1.1 without changing the default 

parameters. 

 

3.4. Enrichment Analysis  

 

Functional enrichment analyses are performed to find out in which pathways the 

genes in the discovered subnetworks are functionally located. In the literature, there are 

many tools based on different strategies such as DAVID [Sherman et al., 2022], 

FunRich [Pathan et al., 2015], EasyGO [Zhou and Su, 2007], Enrichr [Chen et al., 

2013], g:Profiler [Raudvere et al., 2019] to perform functional enrichment analysis. 

While doing this, they use different databases such as GeneOntology, Reactome, 

Panther, KEGG, WikiPathways, CORUM, Human Protein Atlas and many others 

created for different purposes [Reimand et al., 2019].  

In this study, g:Profiler, a widely used enrichment analysis tool in the literature, 

was used as a functional enrichment analysis tool. Since a large number of analyses were 

required, the R package version of g:Profiler [Kolberg et al., 2020], which is more 

suitable for automation, was used. It can be easily integrated with the pipeline and 

provides fast results, which shortens the time of analysis and provides convenience. The 

genes in each discovered subnetwork were analyzed with default correction type 

(g:SCS) and 0.05 p-value cut-off. Since DOMINO produces multiple modules with 

differing size, enrichment analysis was applied to the modules with the size greater than 

or equal to 10, ignoring the smaller modules. Significantly enriched terms coming from 

the multiple modules of a given sample were combined for final analysis.  
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4. SAMPLE BASED SUBNETWORK ANALYSIS 

 

4.1. Comparison of KPM and DOMINO results 

 

In this study, it was aimed to elucidate the molecular mechanism of AD by 

adopting a personalized approach. RNA-seq data of 403 AD patients from ROSMAP 

cohort were used for this purpose. To reveal the affected mechanisms, subnetwork 

discoveries were performed through the KPM and DOMINO algorithms by using 

upregulated and downregulated DEGs separately for each patient. Functional enrichment 

analysis was applied to each subnetwork, and AD associated functional terms were used 

to assess the performance of KPM and DOMINO.  

KPM discovered two separate subnetworks for each sample, one with upregulated 

DEGs and the other with downregulated DEGs, leading to a total of 806 subnetworks for 

403 AD patients. DOMINO, on the other hand, did not discover any modules for the 

down-regulated DEGs of 23 patients and the up-regulated DEGs of 9 patients. There 

was only one patient with no modules. As a result of its design, DOMINO produces 

multiple distinct modules, each of which having a different number of genes. Genes 

from these discrete modules were combined when reporting the total number of genes in 

the subnetworks. Figure 4.1 shows boxplots of the number of genes in upregulated and 

downregulated subnetworks discovered by both DOMINO and KPM. It is observed that 

the number of nodes of subnetworks produced by KPM is considerably high compared 

to DOMINO, despite the same number of DEGs being used as input. The upregulated 

and downregulated DEG numbers for each AD patient are represented by the boxplot in 

Figure 4.2. The distribution of the number of genes included in the DOMINO 

subnetworks shows a more balanced profile closer to the normal distribution compared 

to KPM. The gene content of the KPM subnetworks, on the other hand, shows a more 

dispersed distribution.  
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Figure 4.1: Boxplots of number of genes in the downregulated and upregulated 

subnetworks discovered by DOMINO and KPM. 
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Figure 4.2: Boxplots showing the range of the number of downregulated and 

upregulated DEGs for each AD patient from ROSMAP cohort. 

 

Next, comparison of the enrichment results was made for the two algorithms. To 

determine which pathways are associated with the subnetworks, an enrichment analysis 

was carried out using the genes of each subnetwork. Since KPM already produces a 

single subnetwork as an output, the genes of subnetworks were directly used in 

enrichment analysis. However, as DOMINO generates modules of varying numbers and 

sizes, its enrichment analyses were performed as described in Methods section. 

Combining the enrichment results of downregulated KPM subnetworks gives 6,332 

unique terms while 7,560 unique terms were obtained from combination of the enriched 
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terms of upregulated subnetworks. These numbers were 15,451 and 16,286 respectively 

for DOMINO. A comparison was made through the enrichment results to find out which 

algorithm captures disease-related terms better. To this end, majority voting was applied 

to the enrichment results for each algorithm to identify the number of patients found to 

be significantly associated with a given term. To compare the algorithms, 20 terms that 

have been shown to be connected to AD were identified and represent the 

pathophysiology of the disease. While selecting these terms, a recent study by Morgan et 

al. [Morgan et al., 2022] was also used. Figure 4.3 and Figure 4.4 show these terms and 

the number of patients with these terms according to the enrichment results in 

downregulated and upregulated subnetworks. DOMINO captured the disease-related 

terms considerably better than KPM in almost all selected terms except the ‘apoptotic 

process’. Compared to KPM, DOMINO captured these terms in more patients, but it 

does so with subnetworks that are much smaller in size than KPM (Figure 4.1).  
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Figure 4.3: Comparison of the number of occurrences of selected AD-related terms in 

the enrichment results of the downregulated subnetworks discovered with DOMINO and 

KPM. 
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Figure 4.4: Comparison of the number of occurrences of selected AD-related terms in 

the enrichment results of the upregulated subnetworks discovered with DOMINO and 

KPM. 

 

Another comparison was made to compare the performance of the two algorithms 

by identifying the number of known AD related genes in the discovered subnetworks. 

For this purpose, four different gene lists containing AD-associated genes were used: (i) 

A list compiled from three different GWAS studies that were conducted to identify AD 

risk genes [Andrews et al., 2020; Wightman et al., 2021; Bellenguez et al., 

2022][Andrews et al., 2020; Wightman et al., 2021; Bellenguez et al., 2022], (ii) A list 

including the genes linked with the term "KEGG:05010 Alzheimer's disease", obtained 

via g:Profiler,  (iii) A list created from the genes obtained by searching for the term 
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"Alzheimer's disease" in the GeneCards database. (iv) a manually curated list of AD 

associated genes, termed Alzgset, compiled by extensive scanning of 823 published   

genetic association studies in PubMed [Hu et al., 2017] . There are 117 genes in GWAS, 

353 genes in KEGG, 191 genes in GeneCards and 430 genes in Alzgset. For both 

algorithms, the top 500 genes that were encountered in the discovered subnetworks were 

identified separately for upregulated and downregulated subnetworks, and their 

intersections with four different gene lists were determined (Figure 4.5). Genes with the 

same score as the 500th gene were also taken into account when calculating 

intersections. While the intersections with GWAS and GeneCards lists were very low in 

general, the highest intersections were observed with KEGG list. DOMINO generally 

has more intersections than KPM across all gene lists, and this is particularly evident in 

KEGG. 

 

 
 

Figure 4.5: For both algorithms, the number of intersections of the top 500 genes 

in the upregulated and downregulated networks with the AD-related gene lists. 

 

Based on these findings, it was decided to proceed with the results of DOMINO in 

further evaluations.  
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4.2. Evaluation of sample based results  

  

The prevalence rate of enrichment terms and genes were calculated among patients 

in order to assess and draw conclusions from the large number of produced results. 

While doing this, the number of occurrences of a term or gene was divided by the total 

number of patient subnetworks and then multiplied by 100. In addition, terms associated 

with AD and reflecting different parts and functions of the neuronal cell were 

determined and the results were evaluated based on these terms. Based on the prevalence 

rates of each identified term in the upregulated and downregulated results, a heatmap 

was produced (Figure 4.6). The terms considered were grouped into seven categories as 

follows: mitochondria, immune response, cell death, calcium ion balance, synaptic 

activities, endoplasmic reticulum and fatty acid metabolism. 

The first obvious difference is seen in the mitochondria-associated terms. 

Mitochondria is an essential component of neurons because they both produce ATP and 

buffer calcium ion concentration at the synaptic region [Cenini and Voos, 2019]. 

Impaired energy metabolism observed in AD state is an indication of disrupted 

mitochondrial activities. Moreover, damaged mitochondria have a higher potential of 

producing reactive oxygen species (ROS), and less efficient in ATP production. This 

increases oxidative stress, which further impairs mitochondrial functions [Wang et al., 

2020].  Figure 4.6 shows that altered ATP related functions are primarily associated with 

the downregulated subnetworks. In the remainder part of the results, which cannot be 

shown in Figure 4.6 enrichment results of downregulated subnetworks contain more 

mitochondria-related terms than upregulated ones, and their prevalence rates are higher. 

This indicates that there is a suppression of genes that control the mitochondrial activity 

in AD. The two genes mostly encountered in the downregulated subnetworks are 

TBRG4 and COX4I1. Mitochondrial localized protein TBRG4 (transforming growth 

factor beta-regulator 4) is a member of FASTK family. They are involved in 

mitochondrial RNA processing, regulation of the mitochondrial mRNA stability and  
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Figure 4.6: Comparison of the prevalence rates of AD related terms in enrichment 

results of upregulated and downregulated subnetworks. 

 

modulation of mitochondrial respiration. TBRG4 deficiency promotes apoptosis and 

elevates the generation of ROS [Zhang et al., 2022]. Mitochondrial cytochrome c 

oxidase (COX, complex IV) is involved in the mitochondrial respiratory chain as the 

final electron acceptor. It has 13 subunits, one of them COX4 and most common isoform 
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of COX4 is COX4I1. Its deficiency elevates ROS levels and impairs ATP production 

[Abu-Libdeh et al., 2017] .  

Immune response is another notable issue. Its related terms seem to be more 

prevalent in upregulated subnetworks than downregulated ones. In AD case, 

accumulated or misfolded proteins in the extracellular matrix like Aβ bind to pattern 

recognition receptors on microglia and astrocyte and activate them. This activation is 

predominantly initiated by toll-like receptors (TLRs) [Kumar, 2019]. Activation of 

different types of TLRs trigger cytokine signaling networks, causing the release of 

various cytokines like TNF-α, IL6, TGF-β, which have proinflammatory effect 

[Momtazmanesh et al., 2020]. The predominance of pathways related to these 

mechanisms in upregulated subnetworks is consistent with disease pathology. Another 

striking difference is seen in the terms related to cell death. It is a highly controlled 

process required for healthy growth and tissue homeostasis. In AD, a high rate of 

neuronal death is seen in various parts of the brain, especially in the entorhinal cortex, 

hippocampus, amygdala and cerebral cortex [Goel et al., 2022]. When the terms of 

upregulated and downregulated networks are compared, it is observed that the terms 

related to cell death take more place in upregulated networks. Endoplasmic reticulum 

(ER) and Golgi apparatus associated pathways are also among the pathways where the 

differences were observed. ER is a membranous organelle with very basic functions 

such as folding of protein molecules, transport of synthesized proteins to the Golgi with 

vesicles, regulation of calcium homeostasis in the cell and so on [Li et al., 2015 a]. In the 

ER, a subpopulation of cytosolic proteins, integral membrane proteins, and secretory 

proteins are all synthesized. Ribosomes on the cytosolic face of the ER produce proteins 

that are taken up into the ER lumen for processing [Schwarz and Blower, 2016]. Before 

being exported from the ER, proteins are folded, assembled, and undergo 

posttranslational modifications. Misfolded proteins are either corrected in the ER or, if 

not corrected, are discovered by the ER and sent to the cytosol for degradation [Almanza 

et al., 2019]. Buildup of misfolded proteins and disruption of intracellular Ca2+ 

homeostasis cause ER stress, resulting in neuronal dysfunction eventually cell death 

[Hashimoto and Saido, 2018]. Our results show that the terms “ER lumen”, “protein 

processing in the ER”, “response to ER stress”, “protein folding in the ER” are 



 

29 
 

dominantly take place in down-regulated subnetworks and are consistent with AD 

pathology. 

The alterations that occurred in the disease state were examined with the 

comparison of the enrichment results. However, identifying candidate genes that can be 

shown as targets is quite important in terms of revealing mechanism of the disease and 

drug development. To this end, the genes in the 4 lists of AD associated genes 

mentioned in the previous section were ranked according to their prevalence in the 

networks obtained by combining the up and downregulated subnetworks, and the 

interaction map was created by selecting the first 50 genes (Figure 4.7). Here, it is seen 

that HSPA5 and HSP90AA1 from the heat shock protein family in the first row. In third 

place is the COX4I1 gene, the most common isoform of one of the subunits of the Cox 

involved in the mitochondrial respiratory chain. 
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Figure 4.7: Interaction of the first 50 AD related genes most frequently involved in 

subnetworks. Color and size of genes is changing according to degree of nodes. 

 

4.3. Comparison of sample based and bulk analysis results 

 

To understand whether the sample-based approach has an advantage over the bulk 

analysis, which is often used in the literature, a bulk analysis was performed by 

comparing all control samples with all AD samples and obtained 2073 DEGs. Then, as 

in the sample based analysis, subnetwork discovery was performed with these DEGs by 

using DOMINO, and enrichment analysis was applied to the genes in the discovered 

subnetwork. DOMINO and g:Profiler analyses were performed using the same 

parameters as in the sample based analysis.  
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The enriched terms for the bulk subnetwork included many terms related to 

mitochondrial functions, respiration, ATP synthesis, which are very important for AD. 

Likewise, these terms are frequently encountered in the sample-based analysis results 

too. Looking at the terms related to synaptic functions, which are also important for AD 

pathology, there are only few terms in bulk result and these are related with 

“presynapse”, “synapse”, “postsynapse” and “synaptic vesicle”. On the other hand, 

terms that allow us to learn more and in-depth information about synapses are found 

only in the sample-based results.  Another striking difference is that inflammation or 

immune system related terms, which has a central place in AD pathology, is not 

identified in the bulk analysis enrichment results. In the sample-based enrichment 

results, there are many terms related to inflammation and immune response. The terms 

related to the endoplasmic reticulum (ER) also differ between the two approaches. The 

bulk analysis results have only a few terms from Reactome Database reflecting ER - 

golgi transmission, on the other hand sample based results contains many terms related 

to endoplasmic reticulum and its functional processes. In addition, there are a limited 

number of terms in the bulk analysis enrichment results that reflect the mechanism of 

cell death, and these are only terms related to the autophagy mechanism. However, as it 

is known, the predominant cell death mechanisms in AD are apoptosis and necrosis. 

These mechanisms are triggered by the activation of caspase cascade, TNF and TLR 

pathways [Chi et al., 2018]. But in the findings of the bulk analysis, there is no term 

referring to these mechanisms. Another issue where differences are captured is the terms 

related to the SMAD protein. These proteins are activated by TGF-β binding to cell wall 

receptors and then move from the cytoplasm to the nucleus to activate or suppress 

transcription [Attisano and Tuen Lee-Hoeflich, 2001] . Abnormal localization of 

phosphorylated SMAD proteins in AD affects TGF-β signaling pathway, impairing the 

neuroprotective functions of this mechanism [Yang and Xu, 2022] . While the terms 

related to SMAD were observed in the sample based results, no terms were found in the 

bulk analysis results.  

Protein homeostasis is essential for normal functioning of the cells. Ubiquitin-

proteasome system (UPS) and the ubiquitin-like protein (UBL) conjugation pathways 

are crucial for maintaining this homeostasis [Bedford et al., 2011] . Ubiquitin is a 
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member of UBL family and it is an important component of the UPS, which degrades 

more than 80% of normal or misfolded cellular proteins [Gadhave et al., 2016] . In the 

AD brain, abnormal UPS activity, ubiquitin accumulated plaques and tangles are seen. 

Also proteasomal activity decreases especially in hippocampus [Oddo, 2008] . Although 

there are many terms related to these mechanisms and proteins in sample based results, 

there is no term in bulk analysis.  Another UBL where the difference is observed 

between two approaches is small ubiquitin-like modifier (SUMO), and its related terms. 

SUMO is a group of proteins that are attached to or detached from proteins during post 

translational modifications, and this phenomenon is called SUMOylation. It plays 

important roles in many cellular processes and regulation of biological functions of 

proteins [Chen et al., 2021] . In AD, dysregulations occur in SUMOylation [Lee et al., 

2013], but no terms reflecting these alterations are found in the bulk analysis result, 

while SUMO and related terms are found in the sample based enrichment results. The 

same observation holds also for NEDD8, another UBL member whose activity is 

deregulated in AD [Chen et al., 2012] . 

The phosphatidylinositol 3-kinase (PI3K)/AKT signaling pathway is another 

pathway where the differences are noticeable between bulk and sample-based results. 

The PI3K/AKT signaling pathway regulates a wide range of processes in the brain, 

including motility, intracellular trafficking, cell proliferation, growth, differentiation, 

and more complex procedures like dendrite and axon extension. It also has essential role 

in maintaining synaptic plasticity and memory process [Razani et al., 2021] . An 

abnormality in PI3K/AKT signaling can increase the activity of GSK-3β, which is a 

crucial molecule in the downstream of the pathway, and cause hyperphosphorylation of 

Tau, which causes the formation of NFTs [Kitagishi et al., 2014] . Neurons can be 

protected against Aβ induced toxicity by activating PI3K/AKT signaling pathway [Long 

et al., 2021] . The terms reflecting these pathways and the proteins that are central for a 

thorough understanding of the molecular mechanism underlying AD are present in the 

sample-based results, but they are absent in the results of the bulk analysis. These 

altogether show that the sample based approach can reveal different aspects of each 

patient, and the unobtrusive points in the bulk analysis are made visible with the sample-

based analysis. 
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4.4 Evaluation of results according to AD subtypes  

 

It is known fact that AD is a heterogeneous disease and has subtypes. Therefore, 

not all patients show the same pathological findings, and the disease progresses by 

different mechanisms [Jellinger, 2022]. Evaluation of the results by ignoring the 

subtypes of the disease will be an obstacle to revealing the molecular differences 

between the subtypes. Therefore, patient-centered personalized results were also 

evaluated by referring to the subtyping suggested in a recent study by Neff et al. [Neff et 

al., 2022] In that study, they used the Mount Sinai Brain Bank dataset to subgroup AD 

patients and validate these results with the ROSMAP dataset, which also used in this 

study. They identified 5 molecular subtypes which called blue, green, red, turquoise and 

yellow under three major classes. There are 123 patients in the blue group, 96 patients in 

green, 80 in red, 56 in turquoise, and 35 in yellow group. In this section, the 390 

ROSMAP samples used by Neff et al. in their study were evaluated to exploit subtype 

information. In order to show differences between groups, prevalence rates of terms and 

genes for each group were calculated separately for upregulated and downregulated 

subnetworks. 

Figure 4.8 illustrates how the prevalence rates of the terms differ in the subgroups. 

This shows that the results are consistent with the fact that there are subtypes of the 

disease. Looking at downregulated side of Figure 4.8, it is seen that the patients in the 

blue group have a low prevalence rate in terms related to immune response and cell 

death. However, the prevalence rates of the terms related with mitochondria, synapse 

and calcium are high compared to the other groups. In upregulated side of Figure 4.8, 

blue group shows very high prevalence rates in terms related to cell death and immune 

system. There is also a slight upregulation of fatty acid metabolism. High levels of 

oxidative stress and ongoing bioenergetic disruption activate the apoptotic pathway, 

impair mitophagy, and ultimately cause the death of neuronal cells [Lanzillotta et al., 

2019], which explains why there is an increase in immune response and cell death while  
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Figure 4.8: Comparison of prevalence rates of selected AD related terms in 

subtypes for downregulated and upregulated subnetworks 

 

there is a decrease in mitochondrial activity. In the green group, it was seen that cell 

death and immune response, which do not have high prevalence rates in other groups, 

are downregulated. Moreover, unlike the other groups, the rates of synapse related terms 

in the green group are higher in the upregulated subnetwork results. At the same time, 

the prevalence rate of terms related to mitochondria is high. In red group while 

endoplasmic reticulum and fatty acid metabolism related terms are downregulated, cell 
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death related terms are upregulated. Poly unsaturated fatty acids play critical roles in 

brain development and maintenance, and their deficiency or abnormality is associated 

with neurological problems such as AD, bipolar disorders and major depression [Zhu et 

al., 2019]. Linoleic acid, docosahexaenoic acid and eicosapentaenoic acid levels are 

decreased in AD brain. On the other hand, proinflammatory eicosanoid pathways are 

upregulated and arachidonic acid levels are increased. At the same time, 

endocannabinoids and their receptors, which are crucial for the proper functioning of the 

central nervous system (CNS) and synaptic plasticity, are also decreased [Chew et al., 

2020]. Although fatty acid metabolism does not affected in each group, these results 

show that it plays an active role in some subtypes of the disease. 

In the turquoise group, endoplasmic reticulum, mitochondria and synapse related 

terms were downregulated, while cell death and immune response related terms were 

upregulated, similar to the majority of the groups. Close physical contact exists between 

mitochondria and ER subcompartments. These contact sides called as mitochondria 

associated ER membranes (MAMs) play very critical role in calcium homeostasis, lipid 

synthesis, apoptotic signaling and autophagy. This region is affected by AD 

pathogenesis. In the study with the APPSWE/LON mouse model, upregulation of MAM-

associated proteins was observed, and changes were detected in this region before 

plaque formation [Hedskog et al., 2013; Yang et al., 2020]. In the yellow group, it was 

observed that the terms associated with fatty acids and mitochondria are downregulated 

whereas the terms associated with immune response and cell death are upregulated. 

As shown in the Figure 4.9, the cell death mechanism was up-regulated in 4 of 5 

subtypes, while it was down-regulated only in the green group. In some AD cases, while 

no apoptotic morphology was observed in any part of the brain, it was observed that the 

cells were swollen and DNA fragmentation increased[Chi et al., 2018]. With the 

exception of the red group, cell death and immune response appear to act in together. 

This is evidence that both mechanisms trigger or activate each other. 
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Figure 4.9: Diagram that shows the alterations in AD subtypes in different cellular 

mechanism. 

 

The evaluation of the enrichment results revealed differences between the disease 

subtypes on the basis of biological processes and cellular functions. However, in order to 

contribute to the elucidation of the molecular mechanism of the disease, the genetic 

alterations that cause these differences should also be revealed. For this purpose, first the 

prevalence rates of the genes in the subnetworks of each subtype were determined 

separately, just as it was done for the enrichment results. Next, previously used AD 

associated genes were determined in each subtype, and the genes that had the highest 

prevalence rate were selected when compared to the other groups. For blue group, the 

SLC6A3 gene which is present in 23% of the subnetworks, is the most prominent gene. 

Dopamine transporter (DAT) protein is encoded by SLC6A3, and it has often been 

associated with neuropsychiatric diseases. It is one of the main regulators of synaptic 

transmission of dopamine, which plays a very essential role in many brain functions 

[Reith et al., 2022] . Abnormality in regulations of dopamine levels is associated with 

depression, bipolar disorder, Parkinson’s disease. DAT is mainly localized in the 

presynaptic region of dopaminergic neurons as a membrane protein [Aykaç and Sehirli, 

2020] . Since low levels of dopaminergic neurotransmitters are linked to AD [Pan et al., 

2019], the function and significance of this gene can be further eximined in terms of AD. 

Another gene is SNCA, which is found in 21% of subnetworks in the blue group. 
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Although the function of α-synuclein encoded by SNCA is not exactly known, it is 

considered to be involved in the regulation of dopamine release and transport, the 

fibrillation of tau, neuroprotection by decreasing caspase activity [Siddiqui et al., 2016] . 

Despite extensive research linking the SNCA gene to Parkinson's disease, it has also 

been found that AD patients have significantly higher levels of SNCA in their 

cerebrospinal fluid than healthy controls, suggesting that SNCA may be a risk factor for 

AD [Wang et al., 2016] . For the green group, PSMC5 and PSMB6 genes, which encode 

subunits of the proteasome complex, draw attention with 13% prevalence rate in 

subnetworks. As mentioned earlier, the proteasome is a large, highly complex protein 

that is responsible for protein degradation. It has two main subcomplexes; 20S catalytic 

core particle, and 19S regulatory particle at one or both end. While PSMC55 encodes the 

Rpt6 protein in the ATPase subunit of the 19S subcomplex, PSMB6 encodes the β1 

protein in the β type subunit of the 20S subcomplex [Tanaka, 2009] . In a study by 

Drummond et al., it was observed that phosphorylated tau has a significant interaction 

with PSMC5 and some other 19S subcomplex proteins [Drummond et al., 2020] . In 

another study, it was observed that the PSMC5 gene was significantly overexpressed in 

AD patients with the APOE4 allele compared to wild type [Conejero-Goldberg et al., 

2011] . The first AD related gene identified in the red group, with a prevalence rate of 

38%, is HSPA5. It encodes the binding immunoglobulin protein (BiP), which is a 

member of the HSP70 chaperon family. BiP is a protein that is localized in the ER 

lumen and can initiate the unfolded protein response when the amount of 

unfolded/misfolded protein in the ER exceeds the capacity of the protein folding 

machinery [Wang et al., 2017] . In a study by Montibeller and de Belleroche, it was 

observed that the HSPA5 gene  expressin is elevated in the temporal cortex of AD 

patients [Montibeller and de Belleroche, 2018] . In another study, it was reported that the 

accumulation of Aβ oligomers upregulates HSPA5 and may lead to ER stress [Soejima 

et al., 2013] . The other notable gene is TP73, which has a 29% prevalence rate in the 

red group and encodes the p73 protein. It is a transcription factor that is essential for 

neuronal development, stem cell renewal, differentiation, cell death, and proliferation 

[Killick et al., 2011] . In their study with p73 transgenic mice, Wetzel et al. found 

decreased motor and cognitive functions, brain atrophy and neuronal degeneration. They 
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also determined tahat p73 haploinsuffuciency causes neuronal degeneration and tangles 

containing phosphorylated tau [Wetzel et al., 2008] . However, there are studies that 

disprove this argument [Vardarajan et al., 2013] . MYH8 is the first AD associated gene 

with a prevalence of 20% in the turquoise group. Actin-based motor protein MYH8 is 

involved in the contraction of skeletal muscles as well as cell adhesion and migration 

mediated by integrins [Park et al., 2020] . In some studies, it was observed that the 

MYH8 gene was downregulated in AD cases and was associated with AD [Taguchi et 

al., 2005; Cacabelos et al., 2014] . Another gene that stands out in terms of prevalence 

rate is the famous AD related gene PSEN1 that has been studied extensively. The 

presenilin-1 protein encoded by the PSEN1 gene is a member of the -secretase complex 

and plays an important role in the cleavage of the APP protein, which has a central place 

in Aβ plaque formation [Bagaria et al., 2022] . It is well known that this gene's 

mutations contribute to autosomal dominant early onset Alzheimer's disease [Lanoiselée 

et al., 2017] . However, it is not predominant in all disease subtypes, suggesting that it 

may not be the defining feature in all AD cases. HSP90AA1 and HSP90AB1 genes draw 

attention in the turquoise group with a 29% prevalence rate, unlike the other groups. 

Stressful situations like heat shock, ischemia, heavy metals, and hypoxia trigger the 

synthesis of heat shock proteins (HSPs). They are divided into several families, and the 

molecular chaperone HSP90s is one of them. They are able to target specific proteins for 

degradation, suppress protein aggregation, and solubilize protein aggregates. HSP90 has 

two types, α and β, and HSP90α, including HSP90AA1 and HSP90AB1, is sensitive to 

stressful situations [Ou et al., 2014] . In a study with peripheral blood and brain 

transcriptomic data, it was determined that HSP90AA1 was differentially expressed and 

showed a negative corelation with α and β-secratase activity [Qian et al., 2022] . HSP 

family genes are also present in the first rows of the rank, which motivates further study 

of these genes in an effort to uncover previously unknown aspects of the disease.  
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5. CONCLUSION 

 

The disease, described by Alois Alzheimer in 1906, has been the subject of many 

research since then. Despite these studies conducted from different perspectives, the 

cause of the disease and the underlying molecular mechanisms are not yet fully 

understood. Although there are many studies in the literature with transcriptomic data, 

the majority of these studies handled the data of the patients collectively and thus could 

not reveal the differences caused by the heterogeneous nature of the disease. 

In this study, a personalized approach was adopted, and each patient was 

compared with the whole control group, leading to patient specific profiles in terms of 

genes and pathways. Instead of considering only DEGs in the evaluations, subnetwork 

discoveries were performed, and KPM and DOMINO algorithms were employed for this 

purpose. From these two algorithms, DOMINO was found to perform significantly 

better than KPM in capturing disease related genes and terms. As a result of the 

evaluation of sample based results, it was observed that there was a significant 

differentiation in terms related to mitochondrial activities, immune response, cell death 

mechanism and endoplasmic reticulum in AD state. Additionally, it was demonstrated 

that the sample-based approach produced significantly more detailed results than the 

bulk analysis, indicating that a personalized approach is a much more effective way to 

decipher previously undiscovered features of the disease. It was shown that the disease 

does not progress with the same process in every case and there are differences between 

subtypes. In addition, several AD-related genes that are common in the subnetworks of 

the identified disease subtypes were highlighted. 
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