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Summary 
 

 As the proportions of the elderly are going up rapidly, the need to investigate factors that impact the 

cognitive impairment process is of particular importance. With recent advancements in available genomic 

resources and data, the popularity of genomic association analysis, including the genome-wide association 

study (GWAS), epigenome-wide association study (EWAS), transcriptome-wide association study (TWAS), is 

expected to pave the way to understand the genetic and molecular mechanism underlying the cognitive 

aging. However, current statistical methods for genome-wide and omics association studies are dominated 

by analytical models based on multiple assumptions such as normal distribution for omics data and cognitive 

measurements, linear relationship between molecular profiles, and cognitive measurements. Additionally, 

dealing with correlation structure in twin data imposes more assumptions. The multiple assumptions from 

identified markers could be responsible for the low replication and limited description in the phenotype 

variation. This thesis introduces an assumption-free generalized correlation coefficient (GCC) and compares 

the performance of the GCC model association analysis of omics data to the currently popular regression 

models on cognitive scores on twin samples.  

The first study introduces a GWAS on cognitive function in related samples of Danish twins, where it 

compares the performance of GCC with conventional linear models and replicates results in Chinese twin 

samples. The heritability estimates for cognitive function from twin studies are generally higher than 44%, 

suggesting an essential role of GWAS for identifying the phenotype-associated genetic variants. The results 

indicate that GCC is able to capture different patterns of genotype-phenotype associations, not limited to 

additive genetic effects. More genes and meaningful biological pathways were replicated by GCC than linear 

models.  

The second study introduces an EWAS on cognitive function using DNA methylation data measured in blood 

samples of Danish twins to compare the performance of GCC and popular linear models. DNA methylation is 

an important epigenetic modification, highly involved in many age-associated phenotypes. The results show 
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that the combination of methylation CpGs from both GCC and linear models identified more important genes, 

pathways, and differentially methylated regions that might implicate the cognitive performance and 

cognitive decline compared to limiting to the linear models. Notably, the top findings were replicated 

successfully in an independent Danish twin data.  

The third and fourth studies introduce a TWAS focusing on the expression of long non-coding RNA (lncRNA) 

and messenger RNA (mRNA) associated with cognitive function in Danish twin data by performing both GCC 

and linear models. LncRNA is a crucial epigenetic regulator with a role in cis or trans modulators to express 

protein-coding genes. Further, the third study linked the top identified lncRNAs to the lncRNA-mRNA 

interaction network to investigate their functional implication in cognition. And, the fourth study further 

determines the importance of previously identified cognitive function-related transcription factors (TFs). The 

combination of GCC and linear models could identify interesting lncRNA and genes and functional clusters. 

By mapping the top lncRNAs to the lncRNA-mRNA interaction network, we could detect significantly enriched 

biological pathways involving cognitive impairment and neurological disorders. Furthermore, by using both 

GCC and linear models, we identified more interesting differentially expressed genes and biological pathways 

implicated in cognitive function. In addition, significant regulons link to cognition verified the previously TFs 

associated with cognitive function. 

In conclusion, our comparison study through the analysis of different omics data types in twin samples 

reveals that the assumption-free GCC could serve as a robust method along with popular linear models to 

identify important markers missing by traditional linear models. Overall, our results promote using the 

generalized association method in omics studies for biomarker discovery and improved functional 

annotations. 
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Dansk Resumé 
 

Da andelen af ældre stiger hurtigt, stiger behovet for at undersøge de faktorer, der påvirker den kognitive 

svækkelsesproces betragteligt. Med de seneste fremskridt inden for tilgængelige genomiske ressourcer og 

data forventes populariteten af genomisk associeringsanalyse, herunder genome-wide association study 

(GWAS), epigenome-wide association study (EWAS), transcriptome-wide association study (TWAS), at bane 

vejen til at forstå den genetiske og molekylære mekanisme, der ligger til grund for den kognitive aldring. 

Derudover pålægger håndtering af korrelationsstrukturen i tvillingedata flere antagelser. De mange 

antagelser fra identificerede markører kunne være ansvarlige for den lave replikation og den begrænsede 

beskrivelse i fænotypevariationen. Denne afhandling introducerer en antagelsesfri generaliseret 

korrelationskoefficient (GCC) og sammenligner præstationen af GCC-models analysen af omics-data med de 

populære regressionsmodeller på tvillingeprøver, for kognitive scores. 

Den første undersøgelse introducerer en GWAS om kognitiv funktion i prøver af danske tvillinger, hvor den 

sammenligner GCC's ydeevne med konventionelle lineære modeller og replikerer resultater i kinesiske 

tvillingeprøver. Arvelighedsestimaterne for kognitiv funktion fra tvillingestudier er generelt højere end 44%, 

hvilket tyder på en væsentlig rolle for GWAS til identifikation af de fænotype-associerede genetiske varianter. 

Resultaterne antyder, at GCC er i stand til at indfange forskellige mønstre af genotype-fænotype-

associeringer, ikke begrænset til additive genetiske effekter. Flere gener og meningsfulde biologiske 

pathways blev replikeret af GCC sammenlignet med de lineære modeller. 

Den anden undersøgelse introducerer en EWAS for kognitiv funktion ved hjælp af DNA-methyleringsdata 

målt i blodprøver fra danske tvillinger for at sammenligne ydeevnen af GCC og de lineære modeller. DNA-

methylering er en vigtig epigenetisk modifikation, stærkt involveret i mange ældningsassocierede fænotyper. 

Resultaterne viser, at kombinationen af methylerings-CpG'er fra både GCC og lineære modeller 

identificerede vigtigere gener, pathways og differentierede methylerede regioner, der kan implicere den 
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kognitive ydeevne og den kognitive tilbagegang sammenlignet med kun de lineære modeller. Især blev de 

øverste fund replikeret med succes i uafhængige danske tvillingdata. 

Den tredje og fjerde undersøgelse introducerer en TWAS med fokus på ekspression af langt ikke-kodende 

RNA (lncRNA) og messenger RNA (mRNA) associeret med kognitiv funktion i danske tvillingedata, ved at 

udføre både GCC og lineære modeller. LncRNA er en vigtig epigenetisk regulator med en rolle i cis eller trans 

modulatorer til at udtrykke proteinkodende gener. Endvidere forbandt den tredje undersøgelse de 

topidentificerede lncRNA'er til lncRNA-mRNA-interaktionsnetværket, for at undersøge deres funktionelle 

implikation i kognition. Og den fjerde undersøgelse bestemmer yderligere vigtigheden af tidligere 

identificerede kognitive funktionsrelaterede transkriptionsfaktorer (TF'er). Kombinationen af GCC og lineære 

modeller kunne identificere interessante lncRNA, gener og funktionelle klynger. Ved at kortlægge de øverste 

lncRNA'er til lncRNA-mRNA-interaktionsnetværket, kunne vi detektere signifikant berigede biologiske veje, 

der involverer kognitiv svækkelse og neurologiske lidelser. Ved at bruge både GCC og lineære modeller 

identificerede vi desuden mere interessante differentielt udtrykte gener og biologiske veje involveret i 

kognitiv funktion. Derudover linker signifikante reguloner til kognition, de tidligere TF'er forbundet med 

kognitiv funktion. 

Afslutningsvis afslører vores sammenligningsundersøgelse gennem analysen af tre forskellige omics-

datatyper i tvillingeprøver, at den antagelsesfri GCC kunne fungere som en robust metode kombineret med 

de populære lineære modeller til at identificere de vigtige markører, der ikke bliver fanget af traditionelle 

lineære modeller. Samlet set fremmer vores resultater anvendelse af den generaliserede associeringsmetode 

i omics-undersøgelser til opdagelse af biomarkører og forbedrede funktionelle kommentarer. 
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1.  Introduction 
 

1.1 Cognitive function and Aging 
 

According to the United Nations results in 2019, the world population aged 65 or over is 9% and is estimated 

to increase 19% by 2050 [1]. As the proportions of the elderly in populations grow, a need for a better 

understanding of factors that impact cognitive decline will be important for consideration in public health.  

Cognitive function is a mental process involving multiple abilities such as learning, thinking, remembering, 

reasoning, problem-solving, decision-making, and attention [2][3]. Cognitive function mainly for an individual 

improves until early adulthood. Some measures like speed, memory, reasoning, and spatial visualization start 

to decrease after adulthood, while vocabulary knowledge as a measure acquired earlier in people’s life 

increases at least until the sixth decade of life [4][5] (Figure 1.1). 

 

 

Figure 1.1. Showing means and standard errors of composite scores in vocabulary knowledge, reasoning, 

spatial visualization, memory, and speed data from Salthouse, 2009 study (Adapted from [4]). The X-axis is 

chronological age, and the Y-axis is Z-score calculated by (score-mean)/(standard deviation (SD)). 
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Two important domains of aging phenotypes are physical ability and cognitive function. As people get older, 

their cognitive performance decline. Cognitive abilities are heterogeneous among individuals, and this 

difference is typically even higher in the elderly than in middle-aged adults [6]. This difference can be due to 

genetic or environmental factors, so how to promote healthy aging is an essential topic in public health.  

1.2 Molecular epidemiology of cognitive aging 
 

1.2.1 The central dogma of molecular biology  
 

The central dogma of molecular biology, in general, explains the process in which genetic information 

transfers from DNA to RNA and into a functional product known as protein (Figure 1.2). This idea was first 

stated by Francis Crick in 1957 [7], then published in 1958 [8], and re-stated in a Nature book later in 1970 

[9]. 

When genetic information passes to proteins, it cannot be passed back to the DNA. DNA can be replicated in 

the process called replication, which is done by a group of proteins named replisome to copy the information 

from the parent strand to the complementary daughter strand [10]. Genetic information in RNA can be 

transferred to make new DNA in the process called reverse transcription, which happens in retroviruses like 

HIV [11].  

During transcription, the information in the DNA is converted into messenger RNA (mRNA). This process is 

initiated by enzymes called RNA polymerase and TFs. The RNA polymerase moves along the template strand 

of DNA and reads the bases to make an mRNA strand. 

In translation, the mRNA is used as a basis to synthesize polypeptides (proteins). The mRNA strand and 

ribosome bind together, ribosome moves along the mRNA strand, reads the three bases called codon, and 

translates them into amino acids. 
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Figure 1.2. The central dogma of molecular biology depicting the process of passing the information from 

genes into proteins by which DNA is transcribed into RNA and RNA is translated to create proteins. Adapted 

from [12]. 

1.2.2 Human genome, genetics and genetic polymorphism 
 

The Human genome is consisting of roughly 3 billion base pairs (bp) of DNA, which make up 46 chromosomes, 

i.e., 22 paired autosomal chromosomes and two chromosomes that determine the sex, X and Y. Sex 

chromosomes are described as (XX) for female and (XY) for male. DNA is a double helix consisting of sugar, a 

phosphate group, and one of the four chemical bases Adenine (A), Thymine (T), Guanine (G), and Cytosine 

(C). The two strands in the DNA are attached together by hydrogen bonds, which pair A with T and C with G.  

A large part of the genome, about 98%, is non-coding, and only around 2% encodes proteins [13].  
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Genetics is a branch of biology that focuses on genes, sequence variations and hereditary in organisms [14]. 

There are three modes of inheritance in genetic studies, dominant, recessive, and additive modes. In 

autosomal dominant inheritance, either one or two copies of the allele (“A” or “a”) is required to express the 

disease. In autosomal recessive inheritance, two copies of the allele should be presented in order to express 

the disease. In an additive mode, each additional allele increases the risk of disease incrementally, so 

genotypes ”aa”, ”Aa”, and ”AA” are considered as 0, 1 and 2, respectively. In other words, the disease risk 

increases by k-fold for the ”Aa” genotype and 2k-fold for the ”AA” genotype where k is the disease risk [15]. 

Single-nucleotide polymorphism (SNP) is a change in a single base pair of the DNA sequence in the human 

genome. For example, in Figure 1.3 a single base-pair difference exists between the upper and lower DNA 

molecules (a C/A polymorphism). SNPs are the most abundant (i.e., allele frequency greater than 1%) form 

of genetic variants in the human genome and can make changes in amino acid, mRNA and TFs bindings 

depending on their location; hence their application in genetic association studies is of particular importance 

[16]. There are at least 10 million SNPs within the genome as they occur almost every 100–300 base pairs 

along the genome [17]. Application of SNPs analysis in human diseases can make a profound contribution in 

investigating the genetic variants associated with disease susceptibility, drug intolerance or resistance, and, 

eventually, health care [18].  

 

 

Figure 1.3. Single nucleotide polymorphism. The DNA molecules 1 and 2 are different in the specific position 

in the genome as the “C” nucleotide is changed to nucleotide “A”. Adapted from [19]. 
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1.2.3 Genome-wide association study and cognitive function 
 

An important aim of genetic studies is to identify genetic risk factors related to different common complex 

diseases. Genome-wide association study (GWAS) is a popular approach for investigating this. GWAS is an 

observational study that looks for genetic variants associated in the whole genome with a phenotype through 

associating genetic variants (SNPs) with the phenotype of interest. To assess the significance of genetic 

variants in GWAS, P-value threshold of 5 x 10 P

-8
P is used which is a widely accepted criterion based on 

Bonferroni adjustment of around one million independent tests. The identified associated variants from 

GWAS may not directly cause the disease, but merely be a marker for an adjacent variant; hence researchers 

need to consider additional steps like DNA sequencing to detect the exact regions of genetic variants involved 

with the disease.  

The first successful GWAS was conducted on myocardial infarction in 2002 [20]. Then in 2005, this study 

design was implemented to compare 96 patients with age-related macular degeneration with 50 healthy 

controls, and two significant SNPs were identified [21]. Apolipoprotein E (APOE) ε4 allele has known to be 

the strongest genetic factor for sporadic Alzheimer's disease (AD) and related dementias, and it has also been 

related to increased risk for cognitive decline [22]. Although the risky effect of the APOE ε4 allele decreases 

with age, increasing the number of ε4 increases the risk of AD [23]. According to data from the Swedish 

Kungsholmen Project, the APOE ε4 allele was linked to global cognitive decline and dementia progression, 

but there was less evidence of cognitive decline without dementia progression [24][25]. 

Many GWAS studies on cognitive function and similar phenotypes, such as intelligence, have been conducted 

in recent years. For instance, Hill et al., 2019 performed a combined meta-analysis GWAS on intelligence and 

education (N = 248,482) and they identified 187 significant SNPs and 538 genes involved in intelligence [26]. 

Savage et al., 2018 reported GWAS on intelligence (N = 269,867), identifying 205 significantly associated 

genomic loci and heritability of h P

2
PRSNPR = 0.22 as well as 1,016 significant associated genes [27]. Davies et al., 

2018 combined cognitive and genetic data from the CHARGE, COGENT consortia, and UK Biobank 
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(N = 300,486), and they found 148 genome-wide significant SNPs and 709 significant genes associated with 

general cognitive function [28]. Sniekers et al., 2017 studied a meta-analysis for the intelligence of (N = 78,308 

) individuals, and they identified 336 significantly associated SNPs and 30 genes that are predominantly 

expressed in the brain tissue [29].  

The estimated heritability of cognitive functioning from twin studies is reported to be in the range of 50-80% 

[30][31]. However, despite a strong genetic background in cognitive function limited number of SNPs have 

been identified in GWASs even from meta-analysis with relatively large samples. In fact, the statistical 

methods used for the analysis of the GWASs are based on the additive model, which is widely used and is in 

line with the linearity assumption in linear models. However, the relationship between genotype and the 

phenotype is complex and is not limited to linear relations. Additionally, the non-normal distribution of 

phenotype, which is usually the case for cognitive function phenotype, violates the assumption of linear 

models. Lack of linear models to capture the non-linear (non-additive) relations lead to missing important 

variants in GWAS.   

1.2.4 Epigenetics and functional regulation 
 

Until the 1950s, the term epigenetics was initially used to understand the process of developing fertilized 

zygotic into a complex organism. With increasing knowledge that an organism carries the same DNA, the 

definition was evolved to the procedure in which heritable traits are associated with the environment 

without genetic alteration. The prefix “epi” in “epigenetics” in Greek means “on top of” or “above”, so 

epigenetic literally means on top of genetics or in addition to genetics, which is a further description that has 

an impact on the function of genetic information. 

Epigenetics alters phenotype without any modification in the genotype of a cell. Epigenetic regulation of gene 

expression is mediated by a variety of molecular mechanisms [32]. Epigenetic mechanisms include histone 

modifications, DNA methylation, and small non-coding RNA which all influence gene expression [33]. Figure 

1.4 shows some of the well-known epigenetic mechanisms through all the biological processes.  
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DNA methylation is the phenomenon in which methyl groups are added to C5 position of the cytosine to 

form 5-methylcytosine (Figure 1.5). It typically acts as a repressor of gene transcription when it locates in 

gene promoter. It plays a vital role in many biological mechanisms such as genomic imprinting (i.e., genes are 

differentially expressed depending on whether they came from father or mother) [34], X-chromosome 

inactivation (i.e., one of the copies of the X chromosome is not active) [35], aging [36], and cognitive aging 

[37].   

CpG (5'—C—phosphate—G—3') sites are regions in the DNA sequence where cytosine follows the guanine 

nucleotide in the 5' to 3' direction. There are 28 million CpG sites occurring with the low frequency of 1% on 

average across the genome and they are predominantly methylated [38][39][40]. CpG islands (CGI) are 

regions of DNA with a high frequency of the CpG sites which are usually in the promoter region. There are 

28,890 CpG islands in the human genome and they often happen at the transcriptional start of genes [41].  

The promoter region contains TSS1500 (200 bp upstream of the transcription start site (TSS)) and TSS200 

(200 and 1500 bp upstream of the TSS). The 5’ UTR (untranslated region), 3’ UTR, first exon, and gene body 

are independently targeted [42] (Figure 1.6A). Figure 1.6B shows the coverage of CpG island regions. Gene 

body methylation is shown to be positively correlated with gene expression [43][44], while methylation in 

the promoter region is negatively correlated with gene expression, leading to gene silencing or repressing 

transcription of the target genes [45][46](Figure 1.7).  

DNA methylation is a major epigenetic factor that has an impact on the activity of gene. DNA methylation 

occurs all over the genome. Based on the underlying genetic sequence, DNA methylation in different genomic 

regions may have different effects on gene activities. For instance, methylation in intergenic or repetitive 

regions may affect for instance the genome's stability. DNA methylation of CpG islands controls gene 

expression during development and differentiation. Methylation or demethylation of CpG islands regulates 

gene expression. This means that the methylation at CpG islands results in stable silencing of gene expression 

[32] while demethylation results in regulation of gene expression.  
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Figure 1.4. The epigenetic modification responsible for regulatory mechanisms, including histone 

modification, DNA methylation, micro-RNA. Adapted from [33]. 

 

 

 

 

Figure 1.5. DNA methylation. A methyl group (HR3RC) is added to the C5 position of the cytosine to create 5-

methylcytosine. Adapted from [47]. 
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Figure 1.6. Illustration of Infinium methylation probe coverage in 450k array in A) Gene-centric and B) CGI 

regions. Adapted from [48] and originated from [42]. TSS: Transcription start site, UTR: untranslated region, 

CGI: CpG island. 

 

 

 

Figure 1.7. An artificial representation of the relationship between methylation in gene body and promoter 

with gene expression. 
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The advent of next-generation sequencing and microarray have paved the way to understanding DNA 

methylation changes at the genome-wide level in different diseases. The most common microarray is Illumina 

Infinium Human BeadChip methylation array (450K array), which covers more than 480k CpG sites, 99% 

Refseq genes, and 96% CpG islands (ICGs) from the UCSC database [42].  

A recently developed microarray is Infinium MethylationEPIC BeadChip microarray 850K (EPIC array), 

covering over 850K methylation sites. This contains > 90% of 450k CpG methylation sites and 333,265 CpGs 

from enhancer regions, which is identified by ENCODE and FANTOME5 projects [49].  

1.2.5 Epigenome-wide association study and cognitive function 
 

Epigenome-wide association studies (EWAS) is an approach to test genome-wide sets of epigenetic markers 

such as DNA methylation in different individuals to find their association with a phenotype or trait of interest. 

DNA methylation measurements are considered quantitative, which is the percentage of cells that are 

methylated for each sample at each CpG site. To perform the association usually regression models are used 

to regress DNA methylation level to disease status or disease of interest and allowing the adjustment for 

other factors such as age and gender. In the case of clustered data such as twin studies, mixed models are 

needed as appropriate models to account for the clustering in the sample [50]. 

Most EWAS studies have been performed on blood samples as blood is easily accessible compare to disease-

relevant tissues. However, studies have shown that the methylation status of many CpGs in the blood mirror 

those in the brain [51]. The whole blood is composed of different cell types, each having a unique DNA 

methylation profile [52]. Hence, to control false-positive findings, it is important to take into account the cell 

type heterogeneity by adjusting the estimated cell type proportion as a covariate in the univariate regression 

model [53]. When the estimated cell counts are not available principal component analysis (PCA) is used to 

correct the cell type heterogeneity [54].  

In general, there are two primary approaches for the analysis of EWAS data. The site-by-site analysis finds an 
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association of DNA methylation level with the phenotype for each CpG site. The region-based analysis 

analyzes the differentially methylated regions (DMRs) as the group of adjacent sites that have diverse 

methylation profiles between samples. As the methylation levels are robustly correlated across the genome, 

the power can be boosted by using adjacent sites. To control the family-wise error rate in EWAS, Benjamini-

Hochberg’s method for controlling false discovery rate (FDR) is widely used compared to the stringent 

Bonferroni correction approach in GWAS [55].  

Many EWASs have been done on the association analysis of whole blood DNA methylation on cognitive 

function. Marioni et al., 2018 performed an epigenome-wide meta-analysis of blood-based DNA methylation 

in 11 independent cohorts from the CHARGE consortium on seven different cognitive function measures. 

They identified two significant CpGs (p < 1e-8), one is positioned in an intergenic region of chromosome 12 

associated with global cognitive function and the other one is positioned in INPP5A gene on chromosome 10 

associated with phonemic verbal fluency [56]. Starnawska et al., 2017 studied EWAS on cognitive function 

measures for 486 monozygotic (MZ) twins and identified two CpGs (p < 1e-6), one located at ZBTB46 gene, 

and the other one located at TAF12 gene [57]. Wang et al., 2020 studied blood DNA methylation and cognitive 

function in 30 MZ twin pairs and they reported 28 CpGs with p < 1e-4 as well as 15 DMRs related to cognitive 

function with the strongest association site located at HSD17B1P1 [58]. Chouliaras et al., 2018 performed 

EWAS on cognitive dysfunction measures for 48 individuals and they reported 8 DMRs associated with 

cognitive dysfunction, with 16TBNC1 16T (p = 4.71e-6) as the most significant one [59]. Park et al., 2018 performed 

EWAS on patients with Mild Cognitive Impairment using genome-wide bisulfite sequencing and they reported 

two genes NLRP1 and NTN1 deregulated in patients with Mild Cognitive Impairment [60]. 

Current EWASs on cognitive function are based on linear models, which are powerful models when the 

relationship between variables is linear, and the linear models’ assumptions are fulfilled. However, as the 

relationship between DNA methylation level and cognitive function is complex, a need for a generalized 

model that can capture non-linear relations is essential to compensate for the limitation of linear models. 
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Hence, a generalized method that is able to capture non-linear patterns of relations should be considered 

along with linear models in EWASs. 

1.2.6 Gene expression and transcriptome 
 

The central dogma provides a simple overview of gene expression as many other biological processes are 

involved in gene regulation. Gene expression is the process in which information from the genetic code of a 

gene is used to produce a functional gene product [61]. The process of gene expression, in general, involves 

steps including transcription, RNA splicing, translation, and post-translational modification of proteins. First 

genetic information in DNA is transcribed to produce an RNA copy. This process is performed by binding the 

RNA polymerases to the promoter region of the template strand. This RNA completes the 3'—5' DNA strand, 

but the thymine (T) base is replaced with uracil (U) base. In eukaryotes, transcription is done in the nucleus 

by three types of RNA polymerases, each of which is responsible for transcribing specific genes [62]. In the 

pre-mRNA process, introns (non-coding regions) are removed, and exons (coding regions) are spliced 

together to form mRNA mature. Next, mRNA is transferred to the cytoplasm (out of the nucleus) by adding 

poly(A) tail and 5' cap to the 3' and 5' end of RNA, respectively. Finally, mRNA translates to construct proteins 

(Figure 1.8).  

TFs are DNA sequences that influence gene expression by either promoting or suppressing the target genes. 

Many human diseases are caused by mutations in TFs and TF binding sites. The group of genes that are 

controlled by TFs are called regulons [63]. 
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Figure 1.8. The overall process of passing information from DNA to protein in eukaryotes. Adapted from 

[64]. 

 

Transcriptomics is the study of transcriptomes; the whole set of RNA molecules present in a cell. An mRNA is 

a single-stranded RNA that carries the DNA information to the ribosome for protein synthesis. The central 

dogma of molecular biology only explains the transcriptome initially encompassed only protein-coding mRNA 

transcripts; however, there are many RNA subtypes with different functions. The RNAs that are not explained 

in the central dogma are non-coding RNAs, which include lncRNA and short non-coding RNA [65]. LncRNAs 

are RNA transcripts with a length of more than 200 nucleotides that are not translated to produce proteins 

[66]. Until 2017, the ENCODE project (GENCODE v26) has annotated in humans nearly 16,000 lncRNA genes 

that contain more than 28,000 distinct transcripts [67]. Although the function of the majority of lncRNAs is 

still unknown, the number of lncRNAs that have been characterized is increasing [68][69]. LncRNAs frequently 

act as cis or trans modulators of protein-coding gene’s expression and have role in different mechanisms of 

gene regulation. Many lncRNAs control the transcription of neighboring genes, as well as other aspects of 
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chromatin biology, such as response to DNA damage and DNA replication [70]. Other lncRNAs perform 

regulatory functions away from their loci, involving various stages of mRNA life such as splicing, turnover, 

and translation, as well as signaling pathways [70]. As a result, lncRNAs influence several cellular functions, 

and changes in their expression are inherent to a variety of diseases [70]. LncRNAs play a variety of biological 

roles, including apoptosis, cell proliferation, differentiation, regulation of target gene expression at the 

transcriptional, post-transcriptional, and epigenetic levels [71][72]. 

1.2.7 Transcriptome-wide association study and cognitive function 
 

Transcriptome-wide association study (TWAS) focuses on the association of RNA subtypes such as mRNA, 

lncRNA, and the phenotype of interest. In the literature, Ponjavic et al., 2009 [73] identified the lncRNAs that 

are expressed in the brain are preferentially located in the vicinity of protein-coding genes that are also 

expressed in the brain, involved in the central nervous system, and in transcriptional regulation. LncRNA 

expression has been associated with many neurological disorders, including AD and schizophrenia, and also 

it has role in learning and memory, neurotransmitter, and synaptic plasticity [74]. And, some lncRNAs such 

as MALAT1 [75], H19 [76], BACE1-AS [77], and NEAT1 [78] have been reported to be expressed in the brain 

and has link to neurological disorders. 

The Dysregulation of lncRNAs has been shown to be associated with the development and progression of 

diseases including cancer, immune diseases, and neurological disorders [79][80]. Although many studies have 

been conducted to investigate the expression change of protein-coding genes in association with cognitive 

function, the non-coding RNA such as lncRNA expression in association with cognitive function needs more 

investigations. Recently, Zhang et al., 2018 studied the molecular mechanisms of lncRNAs and mRNAs in 

association with Postoperative cognitive dysfunction (POCD) on 200 patients and identified 68 lncRNAs and 

115 mRNAs dysregulating in the POCD patients in comparison to non-POCDs [72]. A study by Harries and 

colleagues conducted a gene expression analysis on 691 sample from InCHIANTI study and found CCR2 gene 
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associated with cognitive function [81]. Another study by Nygaard et al., 2019 reported POU6F1 gene from 

the analysis of gene expression of 235 MZ twin pairs on cognitive function [82].  

Current analyzes of lncRNA or mRNA have primarily used linear models for statistical analysis. In fact, linear 

models are controlled by multiple assumptions, including normality of phenotype and linear relations 

between expression level and the phenotype. Furthermore, they are incapable of detecting complex patterns 

of relationships between lncRNA expression level and phenotype. 

In addition to the single analysis of lncRNA expression probes, the combinatorial effect of a set of interesting 

lncRNAs through mRNA-lncRNA interaction network can profoundly contribute to understanding their 

biological function implicated in the phenotype of interest [83]. 

1.3 Hypothesis and aims of the thesis 
 

In this PhD study, we hypothesized that SNP variation, DNA methylation, and gene expression regulations 

could correlate with cognitive function nonlinearly. And we aimed to apply and compare the generalized 

correlation coefficient (GCC) as a non-linear model along with linear models in GWAS and EWAS and TWAS, 

including lncRNA analysis and mRNA analysis, to identify markers that are missed to be captured by linear 

models.  

1.3.1 Application of GCC to GWAS in comparison with current additive models 
 

Current genome-wide association studies on cognitive function and other complex phenotypes are based on 

multiple assumptions, including normal distribution of cognitive measurements or phenotypes and additive 

genetic effect. In the case of sub-structured samples like family data or clustered samples, more assumptions 

are forced. We hypothesized that the misspecified modeling in data analysis regarding phenotype 

distribution and the relationship between SNP dosage and the phenotype level could be partially responsible 

for the well-known missing heritability in GWASs. And the relationship between SNP dosage and cognitive 

function could be non-additive. This study aimed to introduce an assumption-free approach, the GCC to 
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GWAS on cognitive function in related samples of Danish twins and compare its performance with 

conventional linear models, and replicate results in Chinese twin samples.  

1.3.2 Application of GCC to EWAS in comparison with current linear models 
 

Current statistical methods for association analysis of epigenetic studies are influenced by analytical models 

based on several assumptions such as the linear relationship between molecular profiles and phenotype of 

interest, normal distribution for the methylation data, and phenotype measurements. In the case of related 

samples such as twins, more assumptions are imposed, which may deviate substantially the results from 

reality. We hypothesized that the low replication and limited explanation of the phenotype variation by the 

detected markers could be at least partially due to these strict assumptions. And DNA methylation could 

correlate with cognitive function nonlinearly. This study aimed to perform the assumption-free GCC method 

as a complementary method to the currently popular models and replicate the result in an independent 

sample. 

1.3.3 Application of GCC to TWAS in comparison with current linear models 
 

Linear models have been frequently applied in transcriptome-wide association studies. We hypothesized that the 

relationship between expression level and cognitive function is not limited to linearity. In the third study, we aimed to 

investigate the regulation of an important aging phenotype, the cognitive function, in aging twins by focusing 

on lncRNAs as a crucial layer of epigenetic control. This study aimed to focus on the analysis of differential lncRNA 

expression profile in relation to cognitive function as their molecular mechanism is not clearly understood, 

and their functional significance in epigenetic regulation merits further scientific research. We further extend 

our analysis by investigating a lncRNA-mRNA interaction network and identified interesting biological 

pathways enriched by genes in the networks. In the fourth study, we aimed to perform the analysis of mRNA 

expression with cognitive function to find significantly associated genes and pathways. Additionally, applying 

a regulatory transcription network analysis to use some important cognitive function associated TFs and see 
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if any of them are differentially expressed in our gene expression data. In both studies, we apply the GCC 

method combined with linear regression models to capture all patterns of lncRNA and mRNA association 

with cognition and show improved functional interpretations of the identified markers.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



18 
2. Materials and methods  

2. Materials and methods  
 

2.1 The Danish twin cohort 
 

The Danish sample used in the GWAS (Manuscript I) consists of 1172 participants aged 50-80 years, 

composed of 460 opposite-sex dizygotic (DZ) twins (230 male, 230 female), 440 same-sex DZ twins (238 male, 

202 female), and 272 (143 male, 129 female) single twins from MZ twin pairs recruited by the Danish Twin 

Registry as part of the study of Middle-Aged Danish Twins (MADT) (Table 2.1). MADT began in 1998 as a 

Danish national study of 4,314 twins aged 46–68 years (mean age= 56.8 years, SD = 6.4 years) selected at 

random from the consecutive birth cohorts of 1931–1952. The study included a face-to-face interview with 

a detailed questionnaire about mental and physical health as well as cognitive and physical assessments. In 

2008-2011, whole blood samples were collected for 2,402 surviving participants (mean age= 66.5 years, SD = 

6.2 years), allowing for DNA analysis and other biological assays [84][85][82]. The MADT samples used in this 

thesis were collected in 2008. 

Table 2.2 shows 400 MZ twins aged 56–80, consisting of 220 male and 180 female pairs as part of the MADT 

sample used in both the EWAS (Manuscript II), lncRNA analysis (Manuscript III), and mRNA analysis 

(Manuscript IV) studies. 

The other Danish sample used in EWAS (Manuscript II)  includes 206 twins consisting of 192 MZ twins and 14 

DZ twins (64 male and 142 female twins) aged 73-91 years (Table 2.3) recruited by the Danish Twin Registry 

as part of the Longitudinal Study of Aging Danish Twins (LSADT) [84]. LSADT is a cohort-sequential study of 

same-sex Danish twin pairs aged over 70 years old that began in 1995. Surviving participants were followed 

up every two years until 2007. The study included face-to-face interviews on health and lifestyle issues, as 

well as assessments of cognitive and physical abilities. Whole blood samples from the same-sex twins were 

taken in 1997 and 2007 [78][86]. The LSADT samples used in this thesis were collected in 1997. 



19 
2. Materials and methods  

In both MADT and LSADT, zygosity was determined using a questionnaire method that included four 

questions about physical similarity, which accurately classified zygosity for more than 95% of the pairs [87].  

General cognitive function in the Danish data was assessed by a cognitive composite score computed from 

five brief cognitive tests evaluating verbal fluency, attention and working memory (digits forward and digits 

backward), and memory (immediate and delayed word recall). Each of the scores was standardized to the 

means and SDs of individuals from MADT less than 50 years old. Then cognitive scores were summed to 

calculate the cognitive composite score. For each individual, if two or more cognitive scores were missing, 

the cognitive composite score was coded as missing. If only one score was unavailable, then the composite 

score was calculated by prorating their four scores (multiplying by 5/4). The final cognitive composite scores 

were linearly converted to have a mean of 50 and an SD of 10 [88]. 

 

Table 2.1. Descriptive statistics of MADT sample in GWAS.  

GWAS Variables Male Female Total 

MADT sample 611 561 1172 

Single MZ  143 129 272 

SS-DZ 238 202 440 

OS-DZ 230 230 460 

 Mean of age± SD(min, max)  66.51±6.05(56.4,79.88) 66.12±5.93(55.94,80.21) 66.32±6.0(55.94,80.21) 

Mean of cognitive score±  

  SD (min, max) 

45.03±9.83(11.68,84.93) 46.74±9.94(21.16,83.69) 45.86±9.91(11.68, 84.93) 

MZ: Monozygotic, SS-DZ: Same-sex Dizygotic, OS-DZ: opposite-sex Dizygotic, SD: Standard deviation 

 

 

 



20 
2. Materials and methods  

Table 2.2. Descriptive statistics of 400 MZ twins from MADT samples in EWAS and TWAS studies. 

EWAS & TWAS Variables Male Female Total 

MADT MZ twins 
 

220 
 

180 
 

400 
 

 Mean of age±  
 SD (min, max) 
 
 

66.78±6.09(57.00,79.88) 66.28±5.80(55.94,79.23) 66.55±5.96(55.94,79.89) 

Mean of cognitive score±  
  SD (min, max) 

44.04±9.81(11.68,84.93) 47.67±8.98(24.98,75.39) 45.67±9.61(11.68,84.93) 
 

MZ: Monozygotic, SD: Standard deviation 

 

 

Table 2.3. Descriptive statistics of LSADT samples in EWAS. 

EWAS Variables Male Female Total 

LSADT sample 
 

64 
 

142 
 

206 
 

MZ 64 128 192 

DZ 0 14 14 

Mean of age±  
 SD (min, max) 
 

79.21±3.94(74.33,87.57) 79.34±4.05(73.43,90.67) 79.30±4.01(73.43,90.67) 

Mean of cognitive score±  
  SD (min, max) 

33.40±9.93(12.74,57.95) 36.09±7.98(16.12,59.94) 35.25±8.70(12.74,59.94) 

MZ: Monozygotic, DZ: Dizygotic, SD: Standard deviation 

 

 

2.2 The Chinese twin cohort 
 

The Chinese sample used in GWAS (Manuscript I) includes 278 DZ twins aged 40-70 years, including 39 

female, 41 male, and 59 opposite-sex twin pairs, who completed the Montreal Cognitive Assessment (MoCA) 

questionnaire to test their cognitive function and had blood samples taken for DNA extraction and 

genotyping. The total cognitive function was composed of cognitive domains, including spatial perception, 

naming, attention, abstraction, language, orientation, and memory (Table 2.4).  
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  Table 2.4. Descriptive statistics of 278 DZ twins from Chinese sample in GWAS. 

GWAS Variables Male Female Total 

Chinese sample 141 137 278 

DZ 82 78 160 

OS-DZ 59 59 118 

 Mean of age± SD(min, max)  51.04±7.04(41,70) 51.18±7.04(40,70) 51.11±7.03(40,70) 

Mean of cognitive score± SD (min, max) 20.59±4.65(5,30) 21.44±4.77(5,29) 21.01±4.72(5,30) 

 DZ: Dizygotic, OS-DZ: Opposite-sex Dizygotic, SD: Standard deviation 

 

2.3 SNP genotyping and Imputation 
 

High-throughput genomic techniques such as microarrays and next-generation sequencing enable 

researchers to detect SNPs and other variants in the genome. Although whole-genome sequencing provides 

the 3.2 billion bases of the human genome, whole-genome microarrays are helpful and cost-effective, which 

can interrogate more than 4 million SNPs per sample at the genome-wide level [89].  

In the GWAS study in this thesis, genotyping was done based on Illumina Infinium PsychArray-24 v1.3 

BeadChip and Illumina Infinium Omni2.5Exome-8v1.2BeadChip platform. Illumina PsychArray-24 v1.3 

BeadChip contains 595,427 SNPs and Illumina Infinium Omni2.5Exome-8v1.2BeadChip platform contains 

2,608,742 SNPs. 

 

Figure 2.1. How Illumina microarray works. Adapted from [90]. 
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In Illumina microarray technology, a large number of genotypes for each sample in the array can be assayed 

at once, using silica microbeads. These silica micros are located in the etched microwells and coating with 

several copies of an oligonucleotide probe targeting a specific locus in the genome [90]. For genotyping a 

locus, two colors are used which correspond to each allele in the locus, and the intensity of the two colors 

indicates if the genotype is homozygous or heterozygous [90]. 

For quality control (QC) in GWAS, it is essential to filter SNPs based on minor allele frequency (MAF) as the 

genetic markers in GWAS typically do not reflect rare genetic variants. Rare genetic variants are usually 

determined with low MAF < 0.01 or 0.05. Hardy-Weinberg Equilibrium (HWE) is another important QC step 

in GWAS. According to HWE assumptions, the frequency of alleles or genotypes in a population will always 

remain the same from one generation to the next if there is a large, randomly mating and homogenous 

population [91]. Thus, any deviation from the assumptions might be due to genotyping errors, population 

stratification, or actual association to the trait under study [92]. After SNP genotyping, in this thesis, the QC 

was done in PLINK2 [93] to remove SNPs with a MAF < 0.05, an HWE p < 1e-4, a call-rate < 0.98, and SNPs 

with strand issues (ambiguous C/G and A/T SNPs).  

Imputation is a method to estimate the genotypes that are not directly genotyped (i.e., Unobserved 

genotypes) in the SNP genotyping process with high precision. This procedure helps researchers in GWAS use 

a greater number of SNPs in their analysis to boost the power, thereby increasing the chance of finding true 

associations. To estimate unobserved genotypes, researchers use reference panels from the HapMap project 

or the 1000 Genomes project, which collected haplotype maps of the human genome across populations. In 

the thesis, imputation for GWAS was done based on the 1000 Genomes phase 3 reference panel in IMPUTE 

v2 and Michigan Imputation server [94] [95]. After imputation, QC for both datasets in the thesis was done 

to remove SNPs with imputation INFO score (information metric) of < 0.6 and those with MAF < 0.05. Finally, 

SNPs on the sex chromosome were removed. 
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Gene-based test is an important post-GWAS analysis that summarizes SNP associations in gene levels. It tests 

the joint association of all SNPs within a gene with the phenotype [96]. This joint association increases the 

power by alleviating the multiple testing problem. In this thesis for gene-based analysis, we used the Multi-

marker Analysis of GenoMic Annotation (MAGMA) tool developed by de Leeuw et al., 2015 [96] which is 

integrated into FUMA software [97]. It maps SNPs to genes in a user-defined window cutoff (e.g., window 

cutoff = 10 kb) using 1000 Genomes Phase3 as a reference and calculates linkage disequilibrium (LD) within 

and between genes [96].  

2.4 DNA methylation analysis 
 

2.4.1 DNA methylation Microarray workflow 
 

In 2011, Illumina released the Infinium HumanMethylation450 BeadChip array (450k array). This array paves 

the way to assess the methylation status of over 450k CpGs in the genome. This assay uses 50 bp methylation 

probes that query a C/T polymorphism produced by bisulfite conversion of unmethylated cytosines in the 

genome [98]. It uses the combination of Infinium I and Infinium II assays to increase the genomic coverage.  

Infinium I assay employs two bead types per CpG locus, one for methylated probes and one for unmethylated 

probes, so they are distinguished by the location or beads (Figure 2.2 A). Both signals are measured in the 

same color; the nucleotide is determined through the base downstream of the ‘C’ from the respective CpG. 

The proportion of methylation can be calculated based on comparing the signal intensities from two probes 

in the same color. But the Infinium II assay uses one bead type, and the methylation state is determined 

through the single base extension at the position of the ‘C’ from the respective CpG, resulting in ‘G’ or ‘A’ 

nucleotide, which corresponds to the ‘methylated’ C or ‘unmethylated’ T (Figure 2.2 B). Each locus is specified 

by two colors. The Green intensity measures the methylated signal (M), and the Red intensity measures the 

unmethylated signal (U), so they are distinguished by the colors. These color channels can be used to 
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calculate the methylation levels as 𝛽𝛽-values or 𝑀𝑀-values corresponding to the proportion of methylation at 

each CpG locus. 𝛽𝛽-value (𝛽𝛽) can be calculated as: 

 

𝛽𝛽𝑖𝑖   =   Mi
𝑀𝑀𝑖𝑖+𝑈𝑈𝑖𝑖+𝛼𝛼

  ,                                                                                                 (2.1) 

where 𝑀𝑀 and 𝑈𝑈 are methylated and unmethylated signals for the i P

th
P CpG sites respectively, and 𝛼𝛼 is a constant 

offset added to the denominator to regularize the 𝛽𝛽-value in the case that both methylated and 

unmethylated intensities are very low [99]. 𝛽𝛽-value is a number between zero (completely unmethylated) 

and one (completely methylated). 

 

Figure 2.2  Illumina Infinium HumanMethylation450 BeadChip. Adapted from [98] originated from [100]. 
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𝑀𝑀-value for the i P

th
P CpG sites is the log2 ratio of methylated intensity to the unmethylated intensity as: 

 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖 = log2 �
𝑀𝑀𝑖𝑖+𝛼𝛼
𝑈𝑈𝑖𝑖+𝛼𝛼

�                                                                                             (2.2) 

 

The relationship between 𝛽𝛽-value and 𝑀𝑀-value is defined as the following equations (𝑀𝑀-value is simply the 

logit transformation of 𝛽𝛽-value): 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖 = 𝑀𝑀𝑙𝑙𝑙𝑙2 �
𝛽𝛽𝑖𝑖

1−𝛽𝛽𝑖𝑖
� ;            𝛽𝛽𝑖𝑖 = 2𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖

2𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖+1
                                                    (2.3) 

 

Because of the better distributional properties of 𝑀𝑀-values compare to 𝛽𝛽-values, 𝑀𝑀-values are more 

appropriate to be used for statistical analysis [99]. These calculations can easily be done in both minfi and 

MethylAid R packages [101][102].  

2.4.2 Quality control and Normalization  
 

To check the quality of each CpG for each sample, a detection p-value is usually calculated, which compares 

the total signal (methylated (M) + unmethylated (U)) to the background signal, which is estimated from 

control probes in the 450k array. CpG sites with small detection p-values usually < 0.05 show poor quality 

signal. Next, cross-reactive probes (around 6% of the probes in the 450k array) are excluded. These probes 

have been shown to be mapped to multiple places in the genome or co-hybridize to alternate genomic 

sequences which are highly homologues to the target sequences [103]. CpGs that are affected by known 

SNPs are excluded [101][103][104]. Finally, sex chromosome probes usually are removed from the analysis 

as both sexes are included in the study.  

Normalization is a technique to reduce the variation and noise within and between samples. Several 

normalization methods are exist depending on the data and study. This thesis explains functional 

normalization as it was used in the EWAS paper. Functional normalization has been shown to perform well 
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in reducing the technical variability (unwanted variations) in the methylation data [105]. It uses information 

from 848 control probes in the array to act as surrogates for batch effects. Control probes are not designed 

to measure the biological signals, so the first two principal components (PCs) are then usually used as 

covariates in the regression to remove unwanted variations associated with the first two PCs [105]. 

2.4.3 Accounting for cell composition in whole blood samples 
 

The most widely accessible tissue in the analysis of methylation data is whole blood. Whole blood is a 

heterogeneous composition of different cell types, which each have different DNA methylation profiles [106]. 

White blood cell compositions, including neutrophils, monocytes, lymphocytes, eosinophils, and basophils, 

are involved in the immune response. So, biologically the findings might be biased to immune function. 

Statistically, DNA methylation measured from blood is affected by cellular heterogeneity, so they need to be 

adjusted as covariates in the regression model in the analysis of DNA methylation. 

Cell compositions can be estimated when they are not available from cell counts. Houseman et al., 2012 

described an accurate method for estimating the proportions of the cell types in whole blood. The method 

developed by Houseman et al., 2012 is based on cell line-specific methylation patterns to develop an 

algorithm to estimate cell composition based on observed methylation data, which is a combination of 

different cell lines [107]. 

2.5 Gene expression analysis 
 

2.5.1 Gene expression microarray workflow 
 

Microarray-based expression profiling has enabled researchers to measure the expression profile of 

thousands of genes simultaneously and is cost-effective compared to sequencing technology [108]. It is 

typically designed as one-color and two-color arrays to measure mRNA abundance [109]. In two-color 

microarray platform, isolated mRNAs from two samples (test and reference or patient and control) are 
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converted to cDNA (complementary DNA), and two samples are labeled with fluorophores Cy3 and Cy5 dyes 

and hybridized together to a single microarray. The ratio of the intensity signals from two co-hybridized 

samples measures the gene expression level [110] (Figure 2.3). 

This thesis used gene expression profiling from Agilent SurePrint G3 Human GE 8 × 60K Microarray [111]. 

Sample labeling and array hybridization are based on the “Two-Color Microarray-Based Gene Expression 

Analysis–Low Input Quick Amp Labeling” protocol [112]. All the samples were labeled with Cy5 and the 

reference containing 16 samples was labeled with Cy3. Hybridization, washing, scanning and quantification 

were carried out on the basis of the recommendations of the array manufacturer [82]. 

This array includes 62,976 60-mer probes, including 96×10 and 10×32 positive controls, 9,000 replicates of 

biological probes, and 50,599 biological probes representing 21,316 unique genes [111][82]. 

 
 

 
Figure 2.3. Two-color Microarray-Based expression workflow. Adapted from [112]. 
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2.5.2 Preprocessing, Normalization and Quality control  
 

One important preprocessing step in two-color microarray data is background correction that arises from 

ambient non-specific bindings, incomplete washing, and optical noise from the scanner [113]. Despite the 

fact that it reduces bias in the data, it leads to high variability in the estimation of the ratios of interest [113]. 

There are different methods for background correction. This thesis used normexp method implemented in 

limma R/Bioconductor software package [114]. This method subtracts the background intensities from the 

foreground intensities (total measure of the intensity of the spot) in each spot by using an offset in the model, 

which damps the variation in the log-ratios for low intensities spots when is close to zero [114]. 

Microarray expression data needs to be normalized to make a balance of intensities from each array. There 

are two approaches for the normalization of the two-color array, such as within-array normalization and 

between-array normalization. For normalization, this thesis used popular methods from limma R package. 

Data was within-array normalized using loess normalization to balance the intensity measurements of two 

colors (Cy3/Cy5) [115] and between-array normalized using the quantile normalization method to make data 

from the different arrays comparable [116].  

In the array, probes are often replicated which these probes need to be summarized or collapsed, usually 

based on their median or mean of those probe values. Missing values are another common problem in the 

analysis of microarray data, where in this thesis, K-nearest neighbors averaging used to impute the missing 

data. All these steps were performed using the limma package. Probes on the sex chromosome were 

removed and coefficient of variation (CV) for each probe was calculated and probes with CV < 0.1 were 

excluded.  
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2.6 Statistical models 
 

2.6.1 Linear regression models 
 

Linear regression models are frequently used to perform the association between outcome (dependent 

variable) and covariates (independent variables). They assume independence in the data and linear relations 

between outcome and covariates. However, when there is a dependency in the data such as twin pairs, linear 

mixed-effect models (LMEs) are used which allow for both fixed and random factors in the model and 

dependency is included as a random factor in the model. Equation (2.4) is called random effect model or 

random intercept model, which is a type of LME: 

𝑦𝑦𝑖𝑖𝑖𝑖 = 𝛽𝛽0 + 𝛽𝛽1𝑥𝑥1𝑖𝑖j + 𝛽𝛽2𝑥𝑥2𝑖𝑖j + ⋯+ 𝛽𝛽𝑛𝑛𝑥𝑥𝑥𝑥𝑖𝑖n + 𝑀𝑀𝑖𝑖 + 𝜖𝜖𝑖𝑖𝑖𝑖,                        (2.4) 

 

where 𝑦𝑦𝑖𝑖𝑖𝑖  is the value for jth observation of ith subjects, 𝛽𝛽0 is the regression intercept, 𝛽𝛽1, . . . ,𝛽𝛽𝑛𝑛 are the 

fixed effect coefficients, 𝑥𝑥1𝑖𝑖j , . . . ,𝑥𝑥𝑥𝑥𝑖𝑖j are the fixed effect covariates for observation j in group i,  𝑀𝑀𝑖𝑖 is the 

random factor which is assumed to be independent and identically normally distributed with mean zero and 

variance 𝜏𝜏2 ( 𝑀𝑀𝑖𝑖  ~ iid N(0, 𝜏𝜏2)) , 𝜖𝜖𝑖𝑖𝑖𝑖 is random error (noise) for observation j in group i which is assumed to 

be independent and identically normally distributed with mean zero and variance 𝜎𝜎2 ( 𝜖𝜖𝑖𝑖𝑖𝑖 ~ iid N(0, 𝜎𝜎2)). The 

LME corrects for correlation between twins in a pair by including twin pairing as a random effect in the model. 

Another popular linear model which deals with the dependency (correlation structure) in twins data is the 

Kinship model. The kinship module calculates a kinship matrix, which includes family information and 

integrates it in the covariance matrix of the omics data.  

Among the three samples used in this thesis, only cognitive measurements in the Chinese data were not 

normally distributed due to a slightly different construction, and we used box-cox transformation to ensure 

the normality of the phenotype. However, both MADT and LSADT Danish data were approximately normally 

distributed. For the three types of omics studies in this thesis, we performed the LME from lme4 R package 
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[50] and kinship model from kinship2 R package [117] to find the association of cognitive function with SNP 

dosage, DNA methylation levels, lncRNA and mRNA expression.  

2.6.2 Generalized correlation coefficient (GCC) 
 

In 2012, Reshef et al., 2012 [118] proposed the maximal information coefficient (MIC), which is part of a 

larger class of maximal information-based nonparametric exploration. MIC is not only able to measure two-

variable dependence by calculating a score that is approximately equal to the coefficient of determination 

(𝑅𝑅2) relative to the regression function but can also detect a nonlinear relationship between variables. 

Assumption-free measurements of association or generalized measurements of the association have been 

proposed for omics studies [119][120]. The concept of a generalized measure of association comes from the 

rank correlation and information theory. The rank correlation was presented by Hoeffding’s D which 

measures the difference between the joint rank of the two random variables x and y and the product of their 

marginal rank [121][122]. Recently, Murrell et al., 2016 [123] proposed the same idea following the MIC but 

taking the advantages of fast convergence with increasing sample size and more power to detect the 

relationship compared to MIC. The GCC is a nonparametric generalized measure of association between 

variables. The strength of the association, which is called A, ranges from 0 (in the case of independence 

between variables) to 1 (in the case of perfect association between variables). The association score, i.e., A, 

is the square of the correlation coefficient which is considered to be the proportion of variance in one variable 

explained by another variable or a number of variables. As the explained variance is one minus the 

unexplained proportion of variance, then the explained variance, 𝑅𝑅2, can be expressed as: 1- 𝜎𝜎𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒2 𝜎𝜎𝑡𝑡𝑒𝑒𝑡𝑡𝑡𝑡𝑡𝑡2⁄  , 

where  𝜎𝜎𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒2  and 𝜎𝜎𝑡𝑡𝑒𝑒𝑡𝑡𝑡𝑡𝑡𝑡2  are average square deviation from a flat “null” model and a deterministic 

“alternative” model, respectively. Based on the assumption of normality of observations from least square 

regression, the deviation of a point from the regression line can be expressed as a probability density. To be 

more precise, this method enforces independence for the null model so that the joint density for two 

variables x and y is the product of marginal density estimation as P(x)P(y). The alternative model is 
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considered as a mixture distribution of both dependent and independent components. It calculates 

generalized 𝑅𝑅2 based on a probability density ratio of null and alternative models as:  

 

𝑅𝑅2 = 1− ∏ �𝑃𝑃(𝑥𝑥𝑖𝑖,𝑦𝑦𝑖𝑖|𝑛𝑛𝑛𝑛𝑡𝑡𝑡𝑡)
𝑃𝑃(𝑥𝑥𝑖𝑖,𝑦𝑦𝑖𝑖|𝑡𝑡𝑡𝑡𝑡𝑡)

�
2/𝑛𝑛

.𝑖𝑖                                                         (2.5) 

 

To calculate the p-value for the significance test, i.e., to check the departure of observations from 

independence, it computes the cross-validation likelihood for both null and alternative models. Equation 

(2.6) shows the cross-validation likelihood ratio statistics (CVLRS ): 

 

𝐶𝐶𝐶𝐶𝐶𝐶𝑅𝑅𝐶𝐶 = −2𝑀𝑀𝑙𝑙𝑙𝑙 �𝐿𝐿𝐿𝐿𝐿𝐿(𝑁𝑁𝑛𝑛𝑡𝑡𝑡𝑡)
𝐿𝐿𝐿𝐿𝐿𝐿(𝐴𝐴𝑡𝑡𝑡𝑡)

�,                                                                (2.6) 

 

where Lcv(Null) and Lcv(Alt) are cross-validation likelihood for the null and alternative models [123]. 

 

2.7 Pathway enrichment analysis 
 

2.7.1 Gene-set enrichment analysis and over-representation analysis 
 

Gene-set enrichment analysis (GSEA) is a computational method that uses a list of genes and compares them 

with the genes from the Molecular signatures database (MSigDB) to compute their overlaps. The predefined 

genes list are groups of genes that share common biological function, chromosomal location, or regulation 

[124]. Over-representation analysis (ORA) is an enrichment test that uses a list of significant genes to identify 

significantly different pathways from what would be expected by chance. Equation (2.7) calculates the p-

value from a hypergeometric distribution to test whether the interested list of genes includes more genes 

from a gene set (pathway) than would be expected by chance:  
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𝑃𝑃(𝑋𝑋 ≥ 𝑘𝑘) = 1 −∑ �𝑚𝑚𝑒𝑒 ��
𝑁𝑁−𝑚𝑚
𝑛𝑛−𝑒𝑒 �

�𝑁𝑁𝑛𝑛�
𝑘𝑘
𝑒𝑒=0 ,                                                                (2.7) 

 

where N is the total number of annotated genes in the data, n is the number of genes in the query set being 

tested, k is the number of genes in the intersection of the genes in the query with a set from the pathway 

under testing, m is the number of significant genes linked to the detected SNPs, CpGs or expression probes. 

The FDR q-value for each gene set or pathway (Kyoto Encyclopedia of Genes and Genomes (KEGG) and 

Reactome pathways) is calculated to correct the multiple hypothesis testing with the Benjamini–Hochberg 

procedure [55].  

2.7.2 Genomic Regions Enrichment of Annotations Tool (GREAT) 
 

A large number of coding genes are well characterized by their biological functions. However, non-coding 

genomic regions are typically lacking this. GREAT annotates the functional significance of cis-regulatory 

regions by analyzing the annotation of the neighboring genes. GREAT incorporates annotations from 20 

ontologies and associates genomic regions to genes through defining a ‘regulatory domain’ so that all the 

non-coding genes that lie within the regulatory domain are assumed to regulate that gene [125]. It calculates 

the Gene Ontology (GO) p-value from a binomial distribution over genomic regions for each ontology term, 

which determines the probability of choosing annotation term π  at least 𝑘𝑘𝜋𝜋 times from n experiment from:  

 

∑ �𝑥𝑥𝑖𝑖 �
𝑛𝑛
𝑖𝑖=𝑘𝑘𝜋𝜋  𝑝𝑝𝜋𝜋𝑖𝑖(1 − 𝑝𝑝𝜋𝜋)𝑛𝑛−𝑖𝑖,                                                                             (2.8) 

 

where n is the total number of test genomic regions, 𝑝𝑝𝜋𝜋 is the priori probability of choosing a base pair 

annotated with π  when choosing a single base pair uniformly from all non-assembly gap base pairs in the 

genome, 𝑘𝑘𝜋𝜋 is the number of test genomic regions in the regulatory domain of a gene with annotation 𝜋𝜋 

[125]. 
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2.7.3 Region-based association analysis 
 

Combined-pvalues (comb-p) is a command-line tool and Python library package to combine, group, and 

correct spatial correlated p-values in BED files . It is used for finding DMRs in the methylation data. It usually 

proceeds along with these steps: 1) calculates autocorrelation at different distance lags 2) combines adjacent 

p-values based on their weights from the autocorrelation and Stouffer-Liptak-Kechris correction method 3) 

performs Benjamini-Hochberg FDR correction 4) performs a peak-finding algorithm to identify enrichment 

regions or peaks on the FDR q-values and a p-value is assigned on each region using the Stouffer–Liptak 

correction [126]. 

2.7.4 lncRNA regulation network analysis 
 

A novel regulatory network analysis based on a global network propagation algorithm was performed to 

identify the functional pathways enriched by the combination of interested lncRNAs (p-value < 0.05). The 

process briefly follows along with these steps: First, the interested lncRNAs were mapped to a lncRNA-mRNA 

interaction network as seed nodes. Second, the rate of the coding genes influenced by the list of lncRNAs 

was assessed by a random walk approach. Third, pathways enriched by the list of lncRNAs were evaluated 

based on a weighted Kolmogorov Smirnov statistic as an Enrichment Score (ES). Fourth, the permutation test 

was performed 1000 times to calculate the p-value and FDR. All these steps were done in the LncPath R 

package [83]. 

2.7.5 Transcription factor network analysis 
 

A transcription factor network analysis using R package RTN [127] was performed to construct the 

transcriptional regulatory network and analysis of regulons. The analysis includes two steps: 1) 

Transcriptional Network Inference which examines the relationship between a given transcription factor and 

all target genes in microarray transcriptome data. It makes use of gene expression data from the microarray 

as well as a list of all annotated target genes. It calculates mutual information between a regulator and all 
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target genes, removes unstable interactions using bootstrapping analysis, and produces a consensus network 

that serves as a reference network. After that, the ARACNe algorithm proposed by Margolin et al. (2006) 

[128] is used to eliminate redundant associations between TFs and gene targets. 2) Transcriptional Network 

Analysis which tests for regulon enrichment by running GSEA on the collection of regulons. The two-tailed 

GSEA (GSEA-2T) is used to determine if the regulon is positively or negatively correlated with gene expression 

and then to evaluate their significance expression, with a large positive ES indicating an active regulon and a 

large negative ES indicating a repressed regulon. We used a list of 17 TFs (CREB, MEF2, Npas4, SRF, CTCF, 

TCF4, DREAM, KChIP3, MeCP2, FOXP2, ZNF, SP3, ptf1a, REST, OTX2, XBP1, FOXO) that have previously been 

discussed in association with cognitive function [129][130][131][132][133][134][135][136]. To identify 

important regulons associated with cognitive function in our gene expression data, we used GSEA-2T with a 

default p-value threshold of 0.05 and 10,000 permutations. 
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3. Results 
 

In this section, a short summary of the main results of the three studies included in this thesis is 

provided. Further details can be found in the enclosed manuscripts. 

Manuscript I: Generalized correlation coefficient for genome-wide association analysis of cognitive ability 
in twins 
 

This study aims to perform GWAS on cognitive function of Danish and Chinese twins, applying an assumption-

free approach based on the GCC to compare its performance with two linear regression models. Two 

genome-wide significant SNPs in Danish samples (rs71419535, p = 1.47e-08; rs905838, p = 1.69e-08) and two 

genome-wide significant SNPs in Chinese samples (rs2292999, p = 9.27e-10; rs17019635, p = 2.50e-09) were 

detected by the GCC-based GWAS. Linear models, on the other hand, failed to identify any genome-wide 

significant SNPs. The Quantile-Quantile (Q-Q) plots as diagnostic robustness of the GWAS showed no 

indication of genomic inflation from GCC, Kinship, and LME. 

The number of identified significant genes (p < 0.05) from MAGMA overlapping between Danish and Chinese 

samples was 476 with GCC, 54 with kinship, and 50 with LME model. The top two replicated genes identified 

by GCC are CSMD1 (p = 5.63e-07, FDR = 0.01) and 16TPTPRD 16T (p = 1.68e-5, FDR = 0.16).  

A total of 28 KEGG pathways (FDR < 0.05) were detected by overlapped genes in GCC models in both studies. 

The significant replicated pathways include calcium signaling, long-term depression, Type II diabetes mellitus, 

focal adhesion, axon guidance, melanogenesis, MAPK-signaling, Hedgehog signaling, GnRH signaling, some 

linked to cardiomyopathy, neuroactive ligand-receptor interaction, and AD. Some replicated pathways 

associated with focal adhesion, T cell receptor signaling, and Wnt signaling were identified in the linear model 

GWAS results. 

Our study suggests the robustness of GCC as a complement to linear models in GWAS in capturing additive 

and non-additive SNPs associated with cognitive function. 

 The paper is published by Aging journal. It is attached in appendix A.  
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Manuscript II: Novel DNA methylation marker discovery by assumption-free genome-wide association 
analysis of cognitive function in twins 
 

This study aims to apply the assumption-free GCC and compare it to linear models, LME, and kinship models 

on DNA methylation associated with cognitive score of 400 and 206 twins as discovery and replication 

samples. Single CpG analysis in the discovery sample identified 42, 24, and 18 CpGs (p < 1e-04) from GCC, 

kinship, and LME models, respectively. We combined the results from GCC and linear models by ranking the 

CpGs based on their lowest p-values from either GCC or kinship (as a representative from the linear model) 

models. After combining the results, 65 CpGs (p < 1e-04) were identified which 9 of these were successfully 

replicated in an independent Danish sample. Among these, the top three CpGs are cg08734237 mapped 

to KLHDC4, cg17916473 mapped to PAPSS2, and cg23988749 mapped to MRPS18B. Although no site 

achieved genome-wide significance defined as FDR < 0.05, the genomic region-based analysis using comb-p 

identified 15 DMRs (13 DMRs with FDR < 0.05 and two with 0.05 < FDR < 0.1) harboring 11 genes.  

Over-representation analyses of KEGG and Reactome and DisGeNET showed significant pathways (FDR < 

0.05). From KEGG and Reactome pathways, including focal adhesion, axon guidance, and some neurological 

signaling. And, from DisGeNET diseases and phenotypes like Schizophrenia, Intellectual Disability, Low 

intelligence, Mental Retardation, Poor school performance, Dull intelligence, Mental deficiency, and 

Cognitive delay were found. 

Functional cluster using GREAT identified some GO biological and molecular functional clusters linked to 

cognitive function. These include neurohypophyseal hormone activity, oxytocin receptor binding, maternal 

aggressive behavior, mating, and female receptivity.  

Our findings support the use of GCC along with conventional linear models in EWAS studies for more marker 

discovery and biological interpretation. 

The paper is published by Aging Cell journal. It is attached in appendix B. 
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Manuscript III: Differential lncRNA expression profiling of cognitive function in middle and old aged 
monozygotic twins using generalized association analysis 
 

This study aims to analyze lncRNAs expression in whole blood of 400 MZ twins associated with cognitive 

function and lncRNA-mRNA interaction networks applying Kinship and LME as linear models and GCC as a 

non-linear model. The single probe analysis identified 13 probes (p < 1e-03) showing nonlinear and 7 probes 

(p < 1e-03) displaying linear correlations. After combining the results from GCC and linear models (same 

approach as Manuscript II), 20 lncRNA probes with p < 1e-03 were identified. The top lncRNA probes were 

annotated to lnc-CPEB4-1 (p = 2.02e-05), MALAT1 (p = 2.17e-04), lnc-TCERG1L-1 (p = 3.11e-04), lnc-GPR183-

2 (p = 4.43e-04), lnc-WDR26-3 (p = 4.43e-04), LINC00526 (p = 4.45e-04).  

We found 25 significant functional clusters of GO biological process and 4 significant molecular functions 

with FDR < 0.05 using GREAT. These include peptidyl-glycine modification, vascular smooth muscle cells, 

mitotic spindle organization, and protein tyrosine phosphatase.  

The mapping of the top significant lncRNAs to the lncRNA-mRNA interaction network revealed 5 and 69 

significant pathways (FDR < 0.05) from KEGG and Reactome, respectively. They are mainly involved in 

neuroactive ligand-receptor interaction, proteasome, chemokines, Wnt signaling, hippo signaling, and cell 

cycle.  

Our results suggest that GCC can be used as a complementary method to detect lncRNAs missed by the 

conventional linear models. The combination of GCC and linear models identified lncRNAs of diverse patterns 

of association enriched by biological processes and molecular functions that are meaningful to cognitive 

performance and cognitive decline. The novel regulatory network analysis further contributed to detect 

significant pathways involved in cognition.  

 

The paper is published by Journal of Psychiatric Research. It is attached in appendix C. 
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Manuscript IV: Global gene expression profiling and transcription factor network analysis of cognitive 
aging in monozygotic twins 
 

This exploratory study aimed to analyze the mRNA expression profiling of 400 MZ twins associating with 

cognitive function through applying and comparing GCC and linear models. Additionally, it aimed to assess 

the importance of previously identified cognitive function-related TFs. After combining the results from GCC 

and linear models, we identified 6 probes (one significant with FDR < 0.05, whereas the other results were 

suggestive with 0.18 ≤ FDR ≤ 0.28). The top 6 annotated genes are APOBEC3G, H6PD, SLC45A1, GRIN3B, 

PDE4D, and PIGC. Except for the SLC45A1 gene, which was upregulated with increasing cognitive function, 

all of these genes were downregulated with increasing cognitive function or vice versa. 

Over-representation analysis using GSEA identified significant KEGG and Reactome pathways (FDR< 0.05), 

including focal adhesion, ribosome, cysteine and methionine metabolism, Huntington's disease, eukaryotic 

translation elongation, nervous system development, influenza infection, metabolism of RNA, and cell cycle. 

The transcriptional regulatory analysis identified 5 regulons (FDR < 1.3e-4) in which CTCF and REST were 

activated regulons, while SP3, SRF, and XBP1 were repressed regulons. 

This study suggested the importance of both GCC and linear models in gene expression analysis in identifying 

more markers and biological pathways implicated in cognition. Additionally, the transcriptional regulatory 

analysis showed significant activated and repressed regulons associating with cognitive function. 

 

 

 

 

 

The paper is published by Journal of Frontiers in Genetic-Genetics of Aging. It is attached in appendix D. 
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4. Discussion 
 

In this section, first I give a summary of the PhD thesis, and then I highlight the main findings from the 

application of GCC in different omics, GWAS, EWAS, and TWAS, along with the discussion and a combined 

conclusion of the three studies, as well as limitation and future perspective. More detailed discussions can 

be found within each manuscript.  

In the four manuscripts, we discussed the application of GCC in different omics, GWAS, EWAS, TWAS (lncRNA, 

and mRNA analysis) concerning cognitive function and compared its performance with current convolutional 

linear models named as LME model and kinship model. In current literature, linear models applied in omics 

data are dominated by many assumptions such as the linear relationship between molecular profiles and 

phenotype of interest, normal distribution for omics data, and phenotype measurements. Additionally, in the 

case of correlated samples like twin pairs, even more assumptions are imposed, which needs to be 

considered to fulfill the samples’ independence assumption. In GWAS, the subgrouping of samples is 

responsible for an inflated statistical significance that can be detected by Q-Q plots. The LME or kinship 

models are defined in a way so that they can adjust these clusters in the data. In fact, all of these strict 

assumptions are responsible for the missing of many genetic, epigenetic, and transcriptomic markers from 

linear models if one of the aforementioned assumptions is not met. The linear assumptions suffer inherently 

from low efficiency to deal with the complex relationships between molecular profiles and cognitive 

measurements as well as sensitivity to outliers. However, GCC as a nonparametric or assumption-free 

method has shown to capture various relationship patterns between cognitive measurements and SNP 

dosage or methylation levels or lncRNA expression levels, beyond the additive genetic effects or linear 

relations. It is also robust in coping with usually skewed phenotypes like cognitive function and correlated 

samples like twins. In all the three studies, box-cox transformation is applied to ensure an unbiased 

comparison between the models for the skewed phenotypes. By applying and comparing the GCC, LME, and 

kinship models to genome-wide SNP data, DNA methylation data, and lncRNA and mRNA expression data, 
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the model-free generalized approach outperformed the linear models in identifying more significant omics 

markers and meaningful biological pathways. It showed that it could be used as a complementary method 

along with linear models in association studies. 

4.1 Application of GCC to GWAS in comparison with current additive models 
 

In the manuscript I, GWAS on cognitive function was performed in Danish and Chinese twin cohorts as 

discovery and replication. GCC identified two genome-wide significant SNPs (p < 5e-8) from both Danish 

(rs71419535 near THSD7B, rs905838 near CTD-2533K21.4) and Chinese data (rs2292999 near ABCC5, 

rs17019635 near GRID2) while no genome-wide significant SNPs from linear models were identified. The Q-

Q plots showed no indication of genomic inflation in the association analysis, meaning stable and robust 

results from GWAS. These SNPs are mapped to interesting genes linked to cognitive function and neurological 

disorders and are highly expressed in the brain. The top two genes from gene-based test analysis in MAGMA 

in GCC from the discovery sample were CSMD1 and PTPRD, which both were also identified in the top list of 

genes from GCC in the Chinese data. Recent literature already pointed the role of CSMD1 gene in 

schizophrenia and cognitive function [137][138][139]. In very recent literature, the gene PTPRD was 

discussed as a druggable target and an essential constituent of brain circuits of likely importance for major 

brain-based phenotypes [140]. 

By checking the phenotype and genotype associations for some top SNPs from GCC, we could clearly observe 

the deviation from independence and additive genetic effects as the widest part of the density beans in the 

plots for three genotypes have different heights, which shows they are not independent (Figure 2, manuscript 

I). A total of 476, 54, and 50 genes (p < 0.05) were replicated from GCC, Kinship, and LME respectively. More 

genes were detected and replicated from GCC than linear models (Figure 5, manuscript I). This is perhaps 

due to the enforcement of the linear models' assumptions, which would decrease the statistical power. 

Moreover, more meaningful, and significant biological pathways were identified and replicated from GCC 

compared to LME and Kinship models (Table 2, Table S15, manuscript I). The biological pathways discovered 



41 
4. Discussion  

are primarily related to cognitive function, the pathogenesis of AD, and age-related neurodegenerative 

diseases.  

Furthermore, we found that the statistical significance or p-values for top SNPs from GCC and linear models 

are not the same (Figure 4, manuscript I). This is due to the fact that the linear models cannot capture SNPs 

with non-additive effects, whereas the linear models best capture SNPs with additive effects. Based on this, 

we believe that both linear and GCC models should be performed in GWAS to identify those missed by the 

linear models. Additionally, most top SNPs are identified from GCC, which can explain the necessity of this 

model along with the linear model to compensate for the missing findings. 

4.2 Application of GCC to EWAS in comparison with current linear models  
 

In the manuscript II, we extended the application of GCC to the study of DNA methylation data in discovery 

and replication samples. Based on our findings (Figure 3, manuscript II), the top identified CpGs from GCC 

and linear models are not the same. GCC presumably has to sacrifice power for some relationship in order to 

be able to detect other kinds of relations. Hence, we considered combining the results from GCC and linear 

models to attain a complement method that can cope with diverse relation patterns between variables. To 

combine the results, we ranked the CpGs based on their lowest p-values from either GCC or kinship (as a 

representative from the linear model) models. 

The top three CpGs from the single CpG analysis in the discovery sample were cg08734237 mapped 

to KLHDC4, cg17916473 mapped to PAPSS2, and cg23988749 mapped to MRPS18B. These genes have been 

shown to be related to Huntington Disease-Like 2, longevity and AD [141][142][143]. We found a significant 

overlap of the top genes in our study with age-associated genes in other studies reported by Li et al., 2017 

[144] and Tan et al., 2016 [145]. Furthermore, we further characterized the top CpG findings by comparing 

and testing the proportion of CpG-SNPs (p < 1e-04) to the proportion of CpG-SNPs in the whole 450k array 

using the hypergeometric test. We found a higher proportion of CpG-SNPs compared to those in the array. 
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This can explain that DNA methylation can be considered as a way that genetic variants affect cognitive aging, 

which is already discussed by Shoemaker et al., 2010 [146]. 

Also, 27,413 genes (p < 0.05) were mapped which these genes were used as input for ORA analysis. This 

resulted in identifying significant KEGG and Reactome pathways as well as DisGeNET (FDR < 0.05) (Table 2, 

manuscript II) which could implicate cognitive function and neurological diseases. 

We identified 15 DMRs, 13 DMRs with FDR < 0.05 and two with 0.05 < FDR < 0.1 from the genomic region-

based analysis (Table S6, manuscript II). Among the 15 DMRs, eight are hyper-methylated, and seven are 

hypo-methylated with increasing cognitive function (Figure S4, manuscript II). The demethylated CpGs are 

less distributed to the promoters, and high proportions of demethylated CpGs are observed at gene body, 

3’UTR, and intergenic regions (Figure S3, manuscript II). These DMRs were hosting 11 genes, which among 

the genes SMC1B, GABBR1 and HCG16 were verified in a gene expression analysis. The functional cluster of 

the identified DMRs have link to memory process, anxiety behaviors and cognitive function.  

4.3 Application of GCC to TWAS in comparison with current linear models  
 

In the manuscript III, through the association analysis of lncRNA expression data measured cognitive function 

in MZ twins, we identified 13 lncRNA probes (p < 1e-03) from GCC and seven lncRNA probes (p < 1e-03) from 

LME or Kinship models. After combining the lncRNA probes from GCC and linear models (like manuscript II) 

to capture more relationship patterns, not limited to linear relations, 20 lncRNA probes (p < 1e-03) were 

detected. The top 6 lncRNA probes were mapped to genes lnc-CPEB4-1, MALAT1, lnc-TCERG1L-1, lnc-

GPR183-2, lnc-WDR26-3, and LINC00526. Among these lncRNA genes, MALAT1 has been reported to be 

associated with cognitive performance, neurodegenerative disorders and also expressed in different tissues, 

including the brain [75][147][148][149]. LINC00526 has been discussed in the literature to be a potential 

candidate gene for glioma therapy [150]. The other lncRNA genes are close to protein-coding genes, which 

each have a role in diseases like Parkinson, Autism, Attention Deficit-Hyperactivity Disorder (ADHD). 

Moreover, the top 792 differential lncRNA expressions (p < 0.05) were related to functional clusters such as 
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peptidyl-glycine modification, vascular smooth muscle cells, mitotic spindle organization, and protein 

tyrosine phosphatase, which are meaningful in relation to cognitive function. Notably, the top lncRNA probes 

were linked to the mRNA-lncRNA interaction network. Through this, we found pathways which are related 

to aging, AD, and neurological disorders. 

In the manuscript IV, by applying both GCC and linear models in this exploratory study, more mRNA probes, 

genes, and cognitive function-related biological pathways were identified (Table 1,2, manuscript IV). The top 

identified genes are APOBEC3G, SLC45A1, H6PD, PDE4D, GRIN3B, and PIGC. The APOBEC3G gene is a member 

of a protein family that is related to the cytidine deaminase APOBEC1. Recently, the APOBEC1 gene is 

discussed to influence cognitive aging in animals [151]. And, APOBEC1 is a critical regulator of Microglia 

function and is required for overall brain homeostasis and healthy aging [152]. The other gene, SLC45A1, is 

associated with Intellectual Developmental Disorder and is strongly expressed in the brain 

( 33Thttps://www.genecards.org/cgi-bin/carddisp.pl?gene=SLC45A1 33T). The GRIN3B gene is linked to 

Depersonalization Disorder and Schizophrenia, which might be implicated in cognitive functioning 

(https://www.genecards.org/cgi-bin/carddisp.pl?gene=GRIN3B). The PDE4D gene is reported to encode a 

cyclic AMP regulator, which could link it to cognitive impairment [153]. The other gene PIGC, is linked to 

intellectual disabilities ( 33Thttps://www.genecards.org/cgi-bin/carddisp.pl?gene=PIGC33T). ORA enriched 

important biological pathways implicated in cognitive impairment, neurological disorders, and AD. 

Furthermore, the 5 significant regulons (FDR < 1.3e-4) were enriched by GSEA-2T analysis of the 

transcriptional regulatory, revealing REST and CTCF as activated regulons, whereas SP3, XBP1, and SRF as 

repressed regulons in association with cognitive function (Figure 3, manuscript IV). A study in adult mice brain 

showed that the lack of SRF in hippocampal and cortical neurons show significant deficits in activity-induced 

gene expression and synaptic plasticity, but not for neuronal survival [154]. Also, SRF deficiency in gene 

expression reflects a role in the gene induction required for long-term memory formation and the late phase 

of long-term potentiation-like process [154][155]. According to a study, the SP3 and HDAC2 negatively 

https://www.genecards.org/cgi-bin/carddisp.pl?gene=SLC45A1
https://www.genecards.org/cgi-bin/carddisp.pl?gene=PIGC


44 
4. Discussion  

regulate synaptic functions in neurons in animals. SP3 is also a central negative regulator of synaptic gene 

expression and function, and it is thought to play a role in cognitive impairment in AD patients [156]. XBP1 

has been shown to play a role in endoplasmic reticulum stress, memory, and cognition [157], as well as 

rescuing hippocampal synaptic plasticity and memory by activating the activated Kalirin-7 pathway 

[158][159]. The two other TF genes, CTCF and REST, have been already discussed that deficiency in CTCF leads 

to cognitive deficits and REST's polymorphism role in cognitive function and the activation state of REST in 

the aging brain, which might differentiate neuroprotection from neurodegeneration [160][161]. 

4.4 Importance of omics association studies on cognitive aging 
 

The twin heritability studies have been estimated a moderate heritability of 44% in Chinese data [162] and 

estimated heritability of about 50-80% in Danish and Swedish data [30][31] suggest the need for GWAS to 

look for genetic variations that contribute to cognition. A twin study by Xu et al., 2015 [162] also shows that 

most of the variance in cognition is explained by non-genetic factors (i.e., familial and individual unique 

environmental factors), which influence cognition through epigenetic regulation on gene expression 

suggesting the importance of EWAS and TWAS. Our identified significant markers provide molecular data in 

support of the twin study results. Future studies using next-generation sequencing combined with our GCC 

approach should help with finding more biomarkers of cognitive aging. 
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5. Conclusion 
 

In this PhD thesis, through the application and comparison of GCC with LME and kinship models, we conclude 

that the assumption-free GCC needs to be considered as a complementary method in the association analysis 

of omics data along with the proper linear models to compensate the misspecification modeling in 

convolutional linear models. Notably, GCC could successfully deal with the correlated structure in twin 

samples in all the four studies. Indeed, in order to obtain unbiased assessments, GCC as an assumption-free 

method does not need any specific handling of the related twin samples. The null distribution is determined 

on the basis of the marginal distribution of the correlated twin samples, which is conditional on the correlated 

structure of the twin samples in the association evaluation by the GCC, ensuring unbiased statistical 

significance estimates. This nice feature also reassures the application of GCC in the analysis of omics data to 

comply with sample sub-grouping due to batch effects or population stratification. LME and kinship models 

are defined to account for the correlated structure in twin pairs; however, we frequently observe the inflation 

of significant findings from what is expected.  

By combining the results from GCC and linear models, more important and meaningful genes were detected, 

which could implicate cognitive aging and cognitive performance. Some biological pathways were also 

confirmed in all or at least in two of the omics studies in association with cognitive function, including 

neuroactive ligand-receptor interaction, focal adhesion, axon guidance, MAPK signaling, and Wnt signaling. 

The regulatory transcription network analysis verified significant regulons linked to cognition, confirming 

previously identified TFs linked to cognitive function. 

This thesis could highlight the important associated genetic variants, DNA methylation markers, lncRNA and 

mRNA expression markers with cognitive aging by applying the appropriate statistical models. 
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6. Limitations  
 

A limitation of GCC compared to the linear models is that GCC's identified markers have no direction like 

linear models reporting the coefficient regression with directions (+ or –). This is understandable as the 

direction of the non-linear relationships of effect cannot be determined. In fact, the direction of the effects 

for markers can be determined by the sign of those markers from linear models. This solution has also been 

used in an R Bioconductor package [127][163] where it performs a generalized correlation coefficient to 

estimate the correlation between expression of a transcription factor gene and expression of a target gene, 

and uses the direction of correlation (+ or –) from Pearson or Spearman correlation. We propose that it is 

mainly essential to identify the important and significant markers through applying the appropriate models; 

after that, the directions can be obtained based on what we discussed. 

Another potential limitation in DNA methylation and expression profiling of the phenotype is the use of the 

more easily accessible blood samples rather than the brain tissue. However, since brain tissue is usually 

inaccessible, studies have shown that blood can be used as a potential proxy in methylation and gene 

expression of brain-related phenotypes. They identified that the methylation and expression status of many 

CpGs and expression probes in the blood mirror those in the brain tissue [51][164]. 

Although the sample size used is relatively small, the top important findings could be replicated with the 

advantages of applying GCC in GWAS and EWAS. This indicates that our findings are reliable and stable 

even across populations. 
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7. Future perspective 
 

Many significant markers identifying from association studies may not have a significant effect on their own, 

but they might provide a better insight into the disease’s etiology when they are combined. The polygenic 

risk score (PRS), Polygenic methylation score (PMS), and Polygenic transcriptomic score (PTS) suffer from the 

missing markers, which might cause by using linear models. We aim to develop a generalized PRS, PMS, and 

PTS based on the significant markers to use for cognitive function risk prediction, applying GCC to summarize 

the effect of different markers. It is expected that this novel approach could exhibit enriched efficiency in 

disease biomarker discovery and improved accuracy in predicting cognitive aging risk and the prognosis of 

disease outcomes.  

Our lncRNA and mRNA findings merit replications using independent samples to provide verified and 

reliable expression markers and functional pathways for characterizing the etiology of cognitive impairment 

and promoting healthy aging.    

Additionally, future studies with advances in high throughput sequencing technologies should investigate 

the application of GCC to other omics data such as proteomics and metabolomics to shed light on complex 

correlations between omics markers and cognitive aging. 
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Figure S1. Q-Q Plots comparing the GCC model to the kinship and LME models in Danish (upper plot) and 
Chinese (lower plot) data. The x-axis in both the left and right plots shows -log10 of p-values from GWAS 
using the LME and Kinship models, respectively. The y-axis shows -log10 of p-values from GWAS using 
the GCC model. 
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Figure S2. Scatter plot comparing SNP p-values from the GCC GWAS to SNP p-values from the LME 
model GWAS in both Danish (upper plot) and Chinese (lower plot) data. The x-axis in both plots shows -
log10 of SNP p-values from the LME GWAS. The y-axis in both plots shows -log10 SNP p-values from the 
GCC model GWAS. 
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B) 

 

 

Figure S3. Manhattan plots of the GCC, Kinship and LME GWAS results for the discovery data (A) and the 
replication data (B). The Manhattan plots in each plot from top to bottom are GCC GWAS, Kinship GWAS 
and LME GWAS, respectively. 
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a) Functional consequences of SNPs on genes                     b) Summary of SNPs and mapped genes 

 

  

 

c) Summary per genomic risk locus  

 

 

Figure S4. Post-GWAS summary from FUMA of SNPs and mapped genes for the GCC GWAS in the 
Danish sample. a) The histogram shows the proportion of SNPs that are in LD with independent significant 
SNPs, which have corresponding functional annotation assigned by ANNOVAR. Bars are colored log2 
(enrichment) related to all SNPs in the reference panel. b) The table shows summary of the number of SNPs 
and genes. c) The histogram shows summary of results per genomic risk loci and genomic loci which could 
contain more than one independent lead SNPs. 

 

#Genomic risk loci 29 

#Lead SNPs 29 

#Ind. Sig. SNPs 29 

#candidate SNPs 399 

#candidate GWAS tagged SNPs 219 

#mapped genes 862 
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a) Functional consequences of SNPs on genes                          b) summary of SNPs and mapped genes 

 

 

c) Summary per genomic risk loci 

 

 

 

 

Figure S5. Post-GWAS summary from FUMA of SNPs and mapped genes for the GCC GWAS in the 
Chinese sample. a) The histogram shows the proportion of SNPs that are in LD with independent significant 
SNPs which have corresponding functional annotation assigned by ANNOVAR. Bars are colored 
log2(enrichment) related to all SNPs in the reference panel. b) The table shows summary of the number of 
SNPs and genes. c) The histogram shows summary of results per genomic risk loci and genomic loci which 
could contain more than one independent lead SNPs.

#Genomic risk loci 24 

#Lead SNPs 24 

#Ind. Sig. SNPs 24 

#candidate SNPs 705 

#candidate GWAS tagged SNPs 501 

#mapped genes 618 
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a) Functional consequences of SNPs on genes        

 

 

           b) Summary of SNPs and mapped genes 

 

 

 

 

 

 

c) Summary per genomic risk loci 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S6. Post-GWAS summary from FUMA of SNPs and mapped genes for the Kinship and LME GWAS  
in the Danish sample. a) The histogram shows the proportion of SNPs that are in LD with independent 
significant SNPs, which have corresponding functional annotation assigned by ANNOVAR. Bars are colored 
log2(enrichment) related to all SNPs in the reference panel. b) The table shows summary of the number of 
SNPs and genes. c) The histogram shows summary of results per genomic risk loci and genomic loci which 
could contain more than one independent lead SNPs

#Genomic risk loci 1 

#Lead SNPs 1 

#Ind. Sig. SNPs 1 

#candidate SNPs 1 

#candidate GWAS tagged SNPs 1 

#mapped genes 14 
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a) Functional consequences of SNPs on genes                        b) Summary of SNPs and mapped genes 

                              

                                                                

 

 

c) Summary per genomic risk locus 

 

 

 

 

 

Figure S7. Post-GWAS summary from FUMA of SNPs and mapped genes for the Kinship GWAS in the 
Chinese sample. a) The histogram shows the proportion of SNPs that are in LD with independent significant 
SNPs, which have corresponding functional annotation assigned by ANNOVAR. Bars are colored 
log2(enrichment) related to all SNPs in the reference panel. b) The table shows summary of the number of 
SNPs and genes. c) The histogram shows summary of results per genomic risk loci and genomic loci which 
could contain more than one independent lead SNPs. 

 

 

 

 

 

#Genomic risk loci 5 

#Lead SNPs 5 

#Ind. Sig. SNPs 5 

#candidate SNPs 85 

#candidate GWAS tagged SNPs 77 

#mapped genes 161 
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a) Functional consequences of SNPs on genes                     b) Summary of SNPs and mapped genes 

                                        

                                            

 

 

c) Summary per genomic risk locus 

 

 

 

 

 

 

Figure S8. Post-GWAS summary from FUMA of SNPs and mapped genes for the LME GWAS in the 
Danish sample. a) The histogram shows the proportion of SNPs that are in LD with independent significant 
SNPs, which have corresponding functional annotation assigned by ANNOVAR. Bars are colored 
log2(enrichment) related to all SNPs in the reference panel. b) The table shows summary of the number of 
SNPs and genes. c) The histogram shows summary of results per genomic risk loci and genomic loci which 
could contain more than one independent lead SNPs. 

 

 

 

 

 

#Genomic risk loci 2 
#Lead SNPs 2 
#Ind. Sig. SNPs 2 
#candidate SNPs 32 
#candidate GWAS tagged SNPs 30 
#mapped genes 60 
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Figure S1. Scatter plot showing the correlation between twin pairs on their cognitive function (correlation 
coefficient = 0.6 and p < 2.2e-16). The X-axis shows cognitive score for twin 1 and Y-axis shows cognitive 
score for twin 2. The absolute value of the difference in cognitive function for twin 1 and twin2 is depicted in 
different colors.  

 

Figure S2. Scatter plot comparing the performance of CpGs in linear model to the GCC model. The x-axis 
and y-axis show -log10(p-value) from LME and GCC models respectively. 
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Figure S3. Star plot showing (a) proportion of methylated (green) and demethylated (blue) CpGs in 
association with cognitive function over the gene regions and (b) region-specific proportion of methylated 
and demethylated CpGs with cognitive function by gene regions. 

 

 

 

Figure S4. The patterns of top 15 differential methylation regions (DMRs). 
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Figure S1. A directed acyclic graph of GO biological process from lncRNA analysis with FDR < 0.05.  
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Figure S2. A directed acyclic graph of GO molecular function from lncRNA analysis with FDR < 0.05.  

 



106 
Appendix D: Manuscript IV  

 

Appendix D: Manuscript IV 
 

 

 



107 
Appendix D: Manuscript IV  

 

 

 



108 
Appendix D: Manuscript IV  

 

 

 

 



109 
Appendix D: Manuscript IV  

 

 

 

 



110 
Appendix D: Manuscript IV  

 

 

 



111 
Appendix D: Manuscript IV  

 

 

 



112 
Appendix D: Manuscript IV  

 

 

 



113 
Appendix D: Manuscript IV  

 

 

 



114 
Appendix D: Manuscript IV  

 

 

 

 



115 
Appendix D: Manuscript IV  

 

 

 

 

 

 

 


	Preface and acknowledgments
	Summary
	Dansk Resumé
	List of publications
	Abbreviations
	Table of contents
	1.  Introduction
	1.1 Cognitive function and Aging
	1.2 Molecular epidemiology of cognitive aging
	1.2.1 The central dogma of molecular biology
	1.2.2 Human genome, genetics and genetic polymorphism
	1.2.3 Genome-wide association study and cognitive function
	1.2.4 Epigenetics and functional regulation
	1.2.5 Epigenome-wide association study and cognitive function
	1.2.6 Gene expression and transcriptome
	1.2.7 Transcriptome-wide association study and cognitive function

	1.3 Hypothesis and aims of the thesis
	1.3.1 Application of GCC to GWAS in comparison with current additive models
	1.3.2 Application of GCC to EWAS in comparison with current linear models
	1.3.3 Application of GCC to TWAS in comparison with current linear models


	2. Materials and methods
	2.1 The Danish twin cohort
	2.2 The Chinese twin cohort
	2.3 SNP genotyping and Imputation
	2.4 DNA methylation analysis
	2.4.1 DNA methylation Microarray workflow
	2.4.2 Quality control and Normalization
	2.4.3 Accounting for cell composition in whole blood samples

	2.5 Gene expression analysis
	2.5.1 Gene expression microarray workflow
	2.5.2 Preprocessing, Normalization and Quality control

	2.6 Statistical models
	2.6.1 Linear regression models
	2.6.2 Generalized correlation coefficient (GCC)

	2.7 Pathway enrichment analysis
	2.7.1 Gene-set enrichment analysis and over-representation analysis
	2.7.2 Genomic Regions Enrichment of Annotations Tool (GREAT)
	2.7.3 Region-based association analysis
	2.7.4 lncRNA regulation network analysis
	2.7.5 Transcription factor network analysis


	3. Results
	Manuscript I: Generalized correlation coefficient for genome-wide association analysis of cognitive ability in twins
	Manuscript II: Novel DNA methylation marker discovery by assumption-free genome-wide association analysis of cognitive function in twins
	Manuscript III: Differential lncRNA expression profiling of cognitive function in middle and old aged monozygotic twins using generalized association analysis
	Manuscript IV: Global gene expression profiling and transcription factor network analysis of cognitive aging in monozygotic twins

	4. Discussion
	4.1 Application of GCC to GWAS in comparison with current additive models
	4.2 Application of GCC to EWAS in comparison with current linear models
	4.3 Application of GCC to TWAS in comparison with current linear models
	4.4 Importance of omics association studies on cognitive aging

	5. Conclusion
	6. Limitations
	7. Future perspective
	References
	Appendix A: Manuscript I
	Supplementary materials (Manuscript I)
	Appendix B: Manuscript II
	Supplementary materials (Manuscript II)
	Appendix C: Manuscript III
	Supplementary materials (Manuscript III)
	Appendix D: Manuscript IV

