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Chapter 1
General introduction

General introduction

The human brain is the most complex organ in the human body. The adult human brain
comprises billions of neuronal and glial cells interconnected via trillions of synapses.1,2
It is responsible for motor functions, processing sensory information, language, cognitive processes, and function of other organs. Pathology of the brain may occur prenatal,
in early childhood or adolescence up to senescence. Disorders of the brain comprise a
heterogeneous group of neurological and psychiatric disorders and are an important
cause of disability and death worldwide.3-5 These disorders are the result of a combination of genetic, environmental, and lifestyle factors. The focus of research presented in
this thesis are most common neurological disorders from an epidemiological perspective. They include late-onset neurodegeneration and cerebrovascular pathology and the
most common neurodevelopmental disorders including attention deficit hyperactivity
disorder (ADHD) and autism spectrum disorder (ASD). I have also studied Duchenne
muscular dystrophy, a recessive inherited disorder.
Expanding our knowledge on the molecular processes and pathways of these disorders
and early pathology may facilitate development of new prevention and treatment
strategies. The early changes manifested prior to the onset of clinical symptoms of the
disease are usually approached as heritable quantitative measures and referred to as endophenotypes.6-8 Endophenotypes can be measured accurately on a continuous scale,
overcoming the problem of defining the arbitrary boundary between the presence and
absence of subclinical disease in controls.9 For long, cognitive ability has been studied
as endophenotype of neurodegenerative and psychiatric disorders,10-15 whereas more
recently brain volumetric and vascular measures depicted by state-of-the-art imaging
techniques have been studied as endophenotype of neurodegeneration and neurovascular pathology.16-18

LATe oNseT NeUroLoGicAL DisorDers AND reLATeD eNDoPHeNoTYPes
The most common presentation of cerebrovascular pathology is stroke, a neurological
disorder of sudden onset. Risk factors come in many varieties, including genetic factors
and various modifiable risk factors. Beyond a large number of rare monogenic disorders
underlying stroke,9 32 risk loci encompassing common and less-frequent variants have
been associated with stroke in a study of 520,000 subjects.19 These provide additional
insights into stroke pathophysiology.19 Several biological pathways including enlarged
heart, decreased cardiac muscle contractility, and oxaloacetate metabolism emerged
as relevant for any stroke, whereas various cardiac pathways, muscle-cell fate commitment, and nitric oxide metabolism are implicated in cardioembolic stroke.19 A significant
proportion of stroke risk also resides in modifiable risk factors including hypertension,
15
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diabetes mellitus, cardiovascular disease, and smoking.20,21 As management of these risk
factors demonstrated reduction of stroke burden, additional research efforts to identify
high-risk patients have been sought to improve the chances of success. Several studies
performed to date searched for novel metabolic disturbances and identified various
small circulating compounds to be associated with stroke.22-27 The most comprehensive
study to date is conducted in China Kadoorie Biobank, involving patients with both
ischemic stroke (IS) (n = 1,146) and intracerebral hemorrhage (ICH) (n = 1,138).26 The
study reported association between lipoproteins and lipids with IS, but not with ICH.
Additionally, the study reported association of glycoprotein acetyls and several nonlipid related metabolites with both IS and ICH.26 To date, the studies in Europeans are
based on relatively small samples.25,27 A study involving 268 patients with incident stroke
revealed no metabolites associated with stroke,25 whereas another study reported association between lysophosphatidylcholine and stroke recurrence.27 This asks for larger
metabolomics studies of stroke in persons of European origin as presented in this thesis.
Cerebrovascular disease is also an important cause of dementia and cognitive decline.28
A large number of genes have been implicated in dementia, predominately Alzheimer’s
disease (AD) but also frontotemporal dementia and Lewy body dementia.29-32 The growing interest in early prevention of AD and cognitive decline, brought research of cognition in in the spotlight. Also there has been major progress in finding genes for cognitive
function as endophenotype for various neurological and psychiatric disorders.10-13,15 The
major cognitive domains that have been studied in relation to these disorders include
memory, language, executive function, and visuospatial ability.10-13,15 Although the
search for genes implicated in specific domains of cognition yielded some genes (e.g.
CADM2, HS3ST4, SPOCK3),33,34 the gene discovery improved its success when using general cognitive function, which captures all cognitive subdomains and shows a high correlation with intelligence and education.35,36 General cognitive function is determined
by environmental and genetic factors. Heritability estimates are reported to be more
than 50% in adolescence and adulthood twin sample and 20-30% of variance is attributed to common variants.35,37-39 Recent efforts identified more than 140 genomic regions
encompassing common variants.39 Furthermore, recent effort also reported evidence for
a shared genetic origin with body mass index, waist to hip ratio, high-density lipoprotein levels, and cardiovascular diseases.39 Even though these are drivers of the human
metabolism, we have not linked yet genetic determinants of general cognitive function to circulating metabolites. Furthermore, most studies conducted to date included
participants of European ancestry and a question to answer is whether the findings are
generalizable to other ethnic groups. In this thesis I aim to find genetic determinants of
general cognitive function, evaluate their generalizability to other ethnic groups and
explore metabolic pathophysiology underlying established genetic variants. Despite all
16
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efforts to date, common variants explain only a small proportion of cognitive test scores.
Furthermore, diverse environmental factors have been implicated to influence cognitive
function and the complex balance between genes and environment to cognitive function is poorly understood.36,40As studying epigenetic modifications may provide insights
into molecular mechanisms underlying cognitive function, in this thesis we made an
attempt to identify DNA methylation signatures of cognitive function.
At present, imaging is emerging as an endophenotype used in large-scale research of
neurodegenerative disorders and stroke.9 Finding genetic loci that influence this endophenotype may lead to identification of genes underlying related disorders. Studying
brain structures using magnetic resonance imaging (MRI),41,42 carotid intima-media
thickness measured by carotid ultrasound and carotid artery calcification measured
through computerized tomography (CT)9,43 will expand our knowledge and provide
novel insights into the pathophysiology of related disorders. In this thesis, I aim to
explore genetic determinants of lateral ventricular volume, a measure of neurodegeneration, and intima-media thickness of carotid artery. Further, I aim to study metabolic
determinants of carotid artery calcification, a measure of atherosclerosis.

NeUroDeVeLoPMeNTAL DisorDers
The most common neurodevelopmental disorders are ASD and ADHD.44
ASD is characterized by deficits in social communication and social interaction and
restricted and repetitive patterns of activities and behavior.45 The importance of genetic
etiology is highlighted by heritability estimates ranging from 37% to 90%.46-49 Progress
in understanding genetic architecture of ASD has been made by identifying rare and de
novo structural and sequence variation.50,51 From a genetic perspective, ASD is an interesting disorder, as novel mutations have been implicated in patients that are not found
back in either parent.50 These variants have been identified in family-based studies.52
Although most of the genetic risk for ASD is attributed to common variants, only a few
genetic regions were successfully linked to ASD in family-based and population-based
studies including unrelated patients and controls.49,53-56 Despite a substantial increase in
sample size, the most recent effort including over 16,000 individuals with ASD failed to
identify common genetic variants associated with ASD asking for other approaches.57
In this thesis, besides assessing the effect of single variants on ASD, I aim to evaluate
the joint effect of multiple single genetic variants in a gene in a gene-based association
analysis in patients with ASD.

17
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ADHD is characterized by age-inappropriate inattentiveness, increased impulsivity and
hyperactivity.58 Heritability estimates in childhood are reported to be 70-80%, whereas
estimates in adults show moderate heritability of 30-40%.59 Several candidate genes
have been associated with ADHD.60 Although 10-28% of genetic risk is attributed to common variants,61,62 the first risk loci with a high frequency have been reported recently.63
Several of these loci are located near or in genes implicated in neurodevelopmental
processes including FOXP2 and DUSP6.63 ADHD has been regarded as the extreme end
of continuous distribution of inattentiveness and/or hyperactivity,64-66 just like hypertension is the extreme of the continuous distribution of blood pressure in the population.
As ADHD diagnosis is the extreme end of a continuous ADHD symptom scores67 and
genetic factors for ADHD diagnosis and ADHD symptoms showed an overlap,67 novel
more powerful approaches involving continuous measures in population-based setting
could provide an opportunity to discover additional common variants and detect genes
underlying ADHD. I aim to use this approach in order to evaluate contribution of common genetic variants in ADHD symptoms.
Furthermore, I have also studied Duchenne muscular dystrophy (DMD), the most common form of muscular dystrophy during childhood caused by mutations in dystrophin
gene (DMD).68 This fatal disease leads to progressive muscular weakness and less well
described non-progressive central nervous system manifestations. As the risk of cognitive impairment is increased among the patients with DMD and higher occurrence of
various neurodevelopmental disorders such as ASD and ADHD is also reported,69-75 I address the question in this thesis whether DMD gene has an effect in general populations.

Molecular approaches used in this thesis
To improve our understanding of the pathogenesis and heterogeneity in diseases and
to facilitate development of personalized and more precise prevention and treatment,
various omics approaches may be used to study changes underlying diseases at the molecular level. Omics approaches refer to large-scale high throughput technologies.76,56
These technologies cover different molecular layers from the level of DNA (genomics) to
DNA methylation/histone modification (epigenomics), RNA (transcriptomics), proteins
(proteomics), and metabolites (metabolomics) as depicted in Figure 1. Furthermore,
omics technologies also address microorganisms colonizing human body (microbiomics).
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1

Figure 1. Diagram of omics layers and some of the interactions between them. Source: Siroux et al.77

In this thesis, I concentrated on several omics approaches including genomics, epigenomics, metabolomics, and microbiomics in relation to neurological and psychiatric
disorders.

Genomics
The human genome captures all variations in our DNA, the blueprint of our proteins.
Focusing on whole human genome, genomics provides important insights into genetic
architecture of complex disorders, which involve effects of rare and common variants
and variants conveying a small or large effect on pathology. Genetic determinants
including single nucleotide polymorphisms (SNPs) or structural variation (SV) can be
found in either protein-coding regions and may impact sequence of the protein or in
non-coding regions more likely affecting gene expression and splicing processes.78-80
Contribution of genetic variants commonly occurring in general population (minor
allele frequency (MAF) > 5%) is often assessed by genome-wide association studies
(GWAS).81 The genetic variants often have a small effect on the trait. Although their
individual effect is not informative, the joint effect is for a large part determining the
risk of common diseases, as predicted by RA Fisher even before the structure of DNA
was unraveled.82 Thus, common variants provide important insights into the biology,
19
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unravelling the pathological pathways, and jointly improve the proportion of variance
explained by genetic factors, surpassing that of important epidemiological factors such
as that of body mass index (BMI) on lipid levels.83,84 Availability of relatively inexpensive
SNP arrays and the possibility of imputing variants using large reference panels such
as 1000 Genomes and Haplotype Reference Consortium (HRC), enabled the number of
genetic variants for association testing to be increased and facilitated meta-analyses
of studies using different arrays. 85-87 This resulted in mega GWAS of large sample size
(currently up to a million).88 A typical GWAS design involves hypothesis-free discovery
study followed by replication of the associations in an independent sample.89,90 Both

Figure 2. Associations of neurological and psychiatric disorders with SNPs accross the genome (GWAS
catalog as of April 2018).97 The genome is displayed divided into separate chromosomes. Color denotes
disorders.

the discovery and replication are subjected to a stringent level of significance, adjusting
for the large number of tests with the low a priori probability of association.91 To date,
more than 800 associations have been reported between the SNPs and neurological and
psychiatric disorders (GWAS catalog as of April 2018) (Figure 2). Identified associations
20
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not only confirmed previously identified genes (e.g. APOE locus was firstly identified in
AD families followed by association analyses and later on replicated in GWAS)92-94 but
also identified novel genetic regions.95 Additionally, GWAS provided opportunity to
explore genetic architecture between the various complex disorders with methods such
as LD score regression.96
The big data meta-analyses allowed to include more low-frequency and rare variants
(MAF < 5%) in the GWAS.98 However, there is a limit in that very rare variants are difficult
to impute.98 Thus, GWAS is unable to systematically explore the contribution of the rare
variants which could also contribute to the genetic architecture and explain “missing
heritability”.99,100 More importantly, these rare variants are key to personalized and precision prevention, e.g. as occurred in the prevention of breast cancer in BRCA1/2 carriers
through preventive mastectomy101 and early mortality in carriers of LDLR mutations
through treatment with statins starting in early adolescence.102 Development of nextgeneration sequencing technologies including whole-genome sequencing (WGS) and
whole-exome sequencing (WES) allowed detection of low-frequency or rare variants
with large or moderate effects.79,103 Applied to neurological and psychiatric disorders,
some of the examples of success to date include discovery of rare coding variant in TREM2
associated with AD,104,105 rare variant in VPS35 associated with Parkinson disease,106,107
and several rare variants underlying the genetic etiology of ASD.108 The development of
dedicated rare variant arrays (e.g. the exome arrays), allowed the application of GWAS
for rare variants in large datasets, i.e. as was successfully done for AD.109 With increasing application to other disorders, more discoveries are underway, using both classical
family-based methods as well as GWAS methodology.110

epigenomics
Epigenomics focuses on genome-wide characterization of chemical modifications of
DNA or DNA-associated proteins such as DNA methylation or histone modification.111
Those modifications of DNA and histones play important role in the regulation of gene
expression without changing the DNA sequence and are influenced by both genetic and
environmental factors.112 The most studied and best characterized epigenetic modification is DNA methylation -- addition of methyl group to the CpG sites of the DNA molecule. DNA methylation is essential for regulating X chromosome inactivation, genomic
imprinting, and tissue-specific gene expression.113,114 The pattern of DNA methylation
established either during development114 or late in life can have consequences within
the brain. Abnormal methylation in FMR1 gene causes mental retardation (Fragile X
Syndrome),115 whereas improper methylation of a single imprinted allele causes mental
impairment (Prader-Willi Syndrome).116,117 Late in life, environmental risk factors may
have major impact, e.g. smoking and obesity-related pathologies are known to be
21

1

Chapter 1

major determinants of expression.118 With the development of epigenome-wide studies
(EWAS), an opportunity to study DNA methylation pattern underlying complex neurological and psychiatric disorders has become available. Although methylation may
be tissue-specific, there are many instances reported where there is a high correlation
between the methylation in the brain and in blood.119-121 Alteration of DNA methylation pattern has been observed in both psychiatric disorders such as schizophrenia and
bipolar disorder and neurodegenerative disorders such as dementias.122,123 Even though
our understanding of the role of epigenetics in etiology of neurological and psychiatric
disorders is still limited and may involve not only methylation but also acetylation in
the brain,124,125 epigenomics holds great potential for identifying useful biomarkers that
could contribute to unraveling underlying mechanisms of these disorders. In addition
to the etiological significance of methylation, one may speculate that methylation may
possibly lead not only to timely diagnosis but also defining preclinical stages of disorders.

Metabolomics
The rapid development of new technologies enabled quantification of substrates and
products of metabolism referred to as metabolites.126 These low molecular weight compounds are influenced by genetic factors, lifestyle factors, pharmacological treatments,
mechanisms of disease, and microbiota.126,127 Last but not least, metabolites may reflect
the disease process and may be a cause rather than a consequence of disease.
Identifying the metabolites and metabolic pathways has a potential to provide new insights into pathophysiology and for discovery of new diagnostic markers for disease risk
that could facilitate the development of novel and precise diagnostic tools, and treatment and preventive strategies.128,129 Metabolic profiling of biological fluids, including
blood, urine, and cerebrospinal fluid, and tissues holds great potential for investigation
of neurological and psychiatric disorders. Thousands of metabolites may be detected by
targeted approaches, whereas this number increases if untargeted approaches are applied.130 Although metabolite processes may be tissue specific, there is growing interest
in vascular origin of neurodegeneration and cerebrovascular pathology. To date, metabolic profiling has been reported for various psychiatric disorders such as schizophrenia,
bipolar disorder, and neurological conditions including AD and stroke.24,131-137 However,
not all studies performed to date were well powered, emphasizing need to explore
metabolomics profiles in large epidemiological follow-up studies.

Microbiomics
Microbiomics focuses on microorganisms colonizing different parts of human body,
such as skin (skin microbiota), the mouth (oral microbiota), the gut (gut microbiota) and
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so on. The gut harbors thousands of microbial species which are considered to be a
central signaling hub that integrates environmental inputs summarized as exposome
(e.g. diet, life style, medication) with genetic and immune signals to affect the host’s
metabolism.138 Gut microbiota is responsible for several functions including food digestion, vitamin and short chain acid (SCFA) production, amino acid synthesis, activation
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Figure 3. Bidirectional interaction between the gut microbiota and the central nervous system involving direct and indirect endocrine, immune and neural pathways. For instance: (1) cytokines released by lymphocytes which may sense the gut lumen can have endocrine or paracrine actions, (2) gut peptides released by
enteroendocrine cells may activate sensory neuronal terminals, such as on the vagus nerve, (3) microbiota
metabolites (neurotransmitters or its precursors) may reach the gut epithelium having endocrine or paracrine effects. (4) Centrally, after brainstem relays (e.g. nucleus tractus solitarii) a neural network involving the
amygdala (Am) and the insular cortex (IC) integrates visceral inputs. Consistently hypothalamic (Hy) activation initiates: (5) corticosteroids release (results of the hypothalamic-pituitary-adrenal (HPA) axis activation)
which modulates gut microbiota composition, (6) neuronal efferent activation (“anti-inflammatory cholinergic reflex” and/or sympathetic activation) liberating neurotransmitters that may affect the gut microbiota
composition. Source: Montiel-Castro et al.150
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of certain drugs, signaling molecules and anti-microbial compounds production, bile
acid biotransformation and development of our immune system.138-141 With advances in
technology of microbial phenotyping methods, gut microbiota has been implicated in
various neurological and psychiatric disorders and has been linked to cognitive ability,
neurodevelopmental disorders (e.g. ASD), and neurodegenerative disorders (e.g. Parkinson disease, Alzheimer’s disease).142-148 The gut-brain axis has been long recognized. As
depicted in Figure 3 it involves metabolic and immune signals from the gut to the brain
and vice versa from the brain to the gut and direct nerve innervation (nervus vagus).148,149
Understanding mechanisms of complex nature of host-microbiome metabolism may
help develop new strategies for preventing and treating diseases. In this thesis, we aim
to explore link between gut microbiota and the metabolome.

Aim of this thesis
The aim of this thesis is to identify genomic and metabolomic determinants underlying
neurological and psychiatric diseases and their related endophenotypes.
In Chapter 2 omics studies of neurodegeneration are described. Chapter 2.1 explores
genetic determinants of brain structures determined by brain MRI. More specifically, I
examine contribution of common genetic variants underlying lateral ventricular volume. Subsequently, other endophenotypes of neurological and psychiatric disorders
are explored. Firstly, Chapter 2.2 addresses common genetic determinants of general
cognitive function and furthermore explores metabolic pathophysiology underlying
established genetic variants implicated in cognitive ability. Then Chapter 2.3 provides
insights into complex DNA methylation signatures in relation to cognitive function.
Finally, Chapter 2.4 and Chapter 2.5 apply candidate gene approach to study effect
of rare variants mapped to a dystrophin gene on cognitive ability in general population
and to determine whether the location of mutations in dystrophin gene and its impact
on specific dystrophin isoforms has an effect on cognitive ability.
Chapter 3 addresses determinants of neurovascular pathology. In Chapter 3.1, contribution of rare genetic variants underlying carotid intima-media thickness is studied.
Carotid intima-media thickness is a marker of subclinical atherosclerosis that predicts future cardiovascular events. Chapter 3.2 addresses associations of metabolites measured
by state-of-the-art metabolomics and carotid artery calcification, whereas Chapter 3.3
focusses on metabolomic determinants of stroke in large prospective population-based
studies including participants of European ancestry. Chapter 3.4 provides insights into
the relationship between gut microbiota and circulating metabolites.
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chapter 4 focusses on genetic determinants of neurodevelopmental disorders. chapter
4.1 explores genetic determinants in ASD, whereas the contribution of common genetic
variants in ADHD symptoms is evaluated in chapter 4.2.
Finally, chapter 5 summarizes the main findings of this thesis and provides suggestions
for future research. chapter 5.1 describes major findings and in chapter 5.2 information derived from the genomic research of cardiovascular disorders is used to develop
translational models aiming at effective prevention programs, earlier diagnosis and
prognosis, and individualized treatments.
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ABSTRACT
The volume of the lateral ventricles (LV) increases with age and their abnormal enlargement is a key feature of several neurological and psychiatric diseases. Although
lateral ventricular volume is heritable, a comprehensive investigation of its genetic
determinants is lacking. In this meta-analysis of genome-wide association studies of
23,533 healthy middle-aged to elderly individuals from 26 population-based cohorts,
we identify 7 genetic loci associated with LV volume. These loci map to chromosomes
3q28, 7p22.3, 10p12.31, 11q23.1, 12q23.3, 16q24.2, and 22q13.1 and implicate pathways
related to tau pathology, S1P signaling, and cytoskeleton organization. We also report
a significant genetic overlap between the thalamus and LV volumes (ρgenetic = -0.59, pvalue = 3.14×10-6), suggesting that these brain structures may share a common biology.
These genetic associations of LV volume provide insights into brain morphology.
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iNTroDUcTioN
The volume of lateral ventricles increases in normal aging.1-4 The enlargement of lateral
ventricles has also been suggested in various complex neurological disorders such as
Alzheimer’s disease, vascular dementia and Parkinson’s disease5-8 as well as psychiatric disorders such as schizophrenia and bipolar disorder.9-11 Furthermore, ventricular
enlargement has been associated with poor cognitive functioning and cerebral small
vessel disease pathology.12-14 Even though it might be intuitive to interpret ventricular
expansion primarily as an indicator of brain shrinkage after the onset of the disorder, recent studies have provided evidence against this notion.15,16 The size of lateral ventricles’
is influenced by genetic factors with heritability estimated to be 54%, on average,16 but
changing with age, from 32-35% in childhood to about 75% in late middle and older
age.16 Even though the size of surrounding gray matter structures is also heritable,17-19
ventricular volume is reported to be genetically independent of other brain regions surrounding the ventricles.20 Similarly, ventricular enlargement in schizophrenia does not
appear to be linked to volume reduction in the surrounding structures.15
Elucidating the genetic contribution to inter-individual variation in lateral ventricular
volume can thus provide important insights and better understanding of the complex
genetic architecture of brain structures and related neurological and psychiatric disorders. Candidate gene studies have identified single nucleotide polymorphisms (SNPs)
mapping to Catechol-O-Methyltransferase (COMT) and Neuregulin 1 (NRG1) genes
as associated with larger lateral ventricular volume in patients with the first episode
of non-affective psychosis.21,22 However, a comprehensive investigation of the genetic
determinants of lateral ventricular volume is lacking.
Here, we perform a genome-wide association (GWA) meta-analysis of 23,533 middleaged to elderly individuals from population-based cohorts participating in the Cohorts
for Heart and Aging Research in Genomic Epidemiology (CHARGE) consortium in order
to identify common genetic variants that influence lateral ventricle volume. We apply a
commonly used two-stage GWA design followed by a joint analysis approach that combines information across the stages and provides greater power.23 We identify 7 genetic
loci associated with lateral ventricular volume and report genome-wide overlap with
thalamus volume.
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RESULTS
Genome-wide association results
The overview of study design is illustrated in Supplementary Fig. 1. The GWA results
from 12 studies were combined in stage 1 and subsequently evaluated in an independent sample from 14 studies in stage 2. Finally, the results of stage 1 and stage 2 analyses
were combined in stage 3. Detailed information on study participants, image acquisition
and genotyping is provided in Supplementary Note 1 and Supplementary Data 1-3.
The results of the stage 1 meta-analysis (N = 11,396) are illustrated in Supplementary
Fig. 2. The quantile-quantile plot suggests that potential population stratification and/
or cryptic relatedness are well controlled after genomic correction (λ = 1.04) (Supplementary Fig. 2, Supplementary Table 1). The stage 1 meta-analysis identified 146
significant variant associations, mapping to three chromosomal regions at 3q28, 7p22.3,
and 16q24.2 (Table 1). All 146 stage 1 significant associations replicated in the stage
2 meta-analysis (N = 12,137) with the same direction of effect at Bonferroni adjusted
significance (p-value = 5×10-3, Supplementary Data 4), except one SNP (p-value =
7.6×10-3). Subsequently, the results from all individual studies were combined in the
stage 3 GWA meta-analysis (N = 23,533). The quantile-quantile plot showed again adequate control of population stratification or relatedness (Supplementary Fig. 3). The
combined stage 3 GWA meta-analysis identified 314 additional significant associations
mapping to four additional chromosomal regions at 10p12.31, 11q23.1, 12q23.3, and
22q13.1 (Fig. 1-2, Table 1). The effect size for the lead variant mapped to 10p12.31 locus
was correlated with mean age of the cohort (r = 0.50, p-value = 0.03) (Supplementary
Fig. 4). No correlation was found for the other lead variants (Supplementary Fig. 5-10).
3q28
12q23.3

7p22.3

16q24.2
22q13.1

10p12.31

11q23.1

Figure 1. Manhattan plot for stage 3 genome-wide association meta-analysis. Each dot represents a
variant. The plot shows –log10 p-values for all variants. Red line represents the genome-wide significance
threshold (p-value < 5×10-8), whereas blue line denotes suggestive threshold (p-value < 1×10-5).
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3q28

16q24.2

7p22.3

12q23.3

22q13.1

10p12.31

11q23.1

rs34113929*

rs9937293*

7:2760334:C_CT*

rs12146713

rs4820299

rs35587371

rs7936534

intergenic

intronic

intronic

intronic

intergenic

intergenic

intergenic

Annotation

A1/A2
A/G
A/G
D/I
T/C
T/C
A/T
A/G

Gene(s)
SNAR-I,OSTN
FOXL1,C16orf95
AMZ1,GNA12
NUAK1
TRIOBP
MLLT10
ARHGAP20,C11orf53
4.25

-4.89

-4.79

-5.01

-5.88

5.65

-6.84

Zscore

2.12E-05

1.03E-06

1.71E-06

5.57E-07

4.21E-09

1.63E-08

7.70E-12

P

Stage 1

3.71

-3.32

-4.49

-5.44

-4.48

5.61

-5.05

Zscore

2.04E-04

9.12E-04

7.04E-06

5.32E-08

7.34E-06

2.03E-08

4.44E-07

P

Stage 2
P

1.37E-16
4.45E-15
5.61E-13
3.25E-13
1.05E-10
2.07E-08
2.96E-08

-8.27
7.84
-7.21
-7.28
-6.46
-5.61
5.54

Stage 3 combined
Zscore

Abbreviations: SNP - single nucleotide polymorphism; Chr - chromosome; A1/A2 - effect allele/other allele; Freq - Frequency of effect allele; Zscore - Z score from METAL;
P - p-value;
*Variants that surpassed genome-wide significance threshold in stage 1 meta-analysis; remaining SNPs listed in the table reached genome-wide significance threshold
in combined, stage 3, meta-analysis;

Chr

SNP

Table 1. Genome-wide significant results from the meta-analyses of lateral ventricular volume. Variant that showed the lowest p-value in the fixed effect sample-size
weighted Z-score meta-analysis for each locus is shown.
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a) rs34113929

b) rs798562*

c) rs9937293

d) rs35587371

e) rs7936534

f) rs12146713

g) rs4820299

Figure 2. Regional association and recombination plots in combined stage 3 GWA meta-analysis. The
left axis represents –log10 p-values for association with total later ventricular volume. The right axis represents the recombination rate, and the x-axis represents chromosomal position (hg19 genomic position).
The most significant SNPs of the regions are denoted with a purple diamond. Surrounding SNPs are colored
according to their pairwise correlation (r2) with the top-associated SNP of the region. The gene annotations
are below the figure.

Even though cohorts of European (EA) and African-American (AA) ancestry were included, all significant associations were mainly driven by EA samples (Supplementary
Fig. 11-12). The direction of effect size across the EA cohorts for the 7 lead variants was
generally concordant and showed no evidence of any single cohort driving the associations (Supplementary Fig. 11). Despite the different methods of phenotyping across
the cohorts, the cohorts with different phenotyping methods showed evidence of effect
suggesting that there is limited heterogeneity in effects (Supplementary Fig. 12).
To investigate whether 7 lead variants have an effect in early life, childhood, the analyses
were carried out in a children’s cohort of 1,141 participants from Generation R study. The
percentage of lead variants showing consistent direction of effect with stage 3 was 85.7%
(6 out of 7, binomial p-value = 0.05) (Supplementary Data 4), and a variant mapped to
the 12q23.3 region showed nominal association with lateral ventricular volume in the
children’s cohort (effect = -0.15, p-value = 0.01). Additionally, three out of seven lead
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variants (or their proxies; r2 > 0.7) showed pleiotropic association (p-value < 5×10-8) with
other traits according to the PhenoScanner database (supplementary Data 5).24
To capture gender-based differences, sex-stratified GWA analysis was performed (Nmen
= 10,358; Nwomen = 12,872). None of the 15,660,719 variants that were tested for
heterogeneity between men and women reached genome-wide significance threshold
(supplementary Fig. 13). However, an indel located at 4q35.2 showed suggestive
evidence of association in men (4:187559262:C_CAA, p-value = 5.43×10-8) but not in
women (p-value = 0.88).

independent signals within loci
The conditional and joint (COJO) analysis using the Genome-wide Complex Trait Analysis (GCTA) identified no other additional variants, after conditioning on the lead variant
at the locus 3q28, 7p22.3, 10p12.31, 11q23.1, 12q23.3, 16q24.2, or 22q13.1.

Functional annotation
A large proportion of genome-wide significant variants were intergenic (335/460)
(supplementary Fig. 14). Variants with the highest probability of having a regulatory
function based on RegulomeDB score (Category 1 RegulomeDB score) were located at
7p22.3 and at 22q13.1 (supplementary Data 6). Of 7 lead variants, 4 were intergenic, 4
were in an active chromatin state and 3 showed expression quantitative trait (eQTL) effects (supplementary Data 6). The lead SNP at 22q13.1 (rs4820299) was associated with
differential expression of the largest number of genes (n = 6). In brain tissue, the alternate
allele of this SNP was associated with higher expression of TRIOBP suggesting that higher
expression was associated with smaller lateral ventricles (supplementary Fig. 15).

Partitioned heritability
SNP-based heritability in the sample of European ancestry participants was estimated
at 0.20 (SE = 0.02) using LD score regression, and this was higher in women (0.19 (SE =
0.04)) than in men (0.15 (SE = 0.05)). The 7 lead variants explained 1.5% of total variance
in lateral ventricular volume. Partitioning of heritability based on functional annotation using LD score regression, revealed significant enrichment of SNPs within 500 bp
of highly active enhancers, where 17% of SNPs accounted for 54% of the heritability
(p-value = 7.9×10-6, supplementary Table 2). Significant enrichment was also found
for histone marks including H3K27ac (which indicates enhancer and promoter regions),
H3K9ac (which highlights promoters), H3K4me3 (which indicates promoters/transcription starts), and H3K4me1 (which highlights enhancers) (supplementary Table 2).25,26
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Functional enrichment analysis
Functional enrichment analysis using regulatory regions from the ENCODE and Roadmap projects using the GWAS Analysis of Regulatory or Functional Information Enrichment with LD correction (GARFIELD) method revealed that SNPs associated with lateral
ventricular volume at p-value threshold < 10-5 were more often located in genomic regions harboring histone marks (H3K9ac (associated with promoters) and H3K36me3
(associated with transcribed regions))25 and DNaseI hypersensitivity sites (DHS) than a
permuted background (Figure 3, supplementary Data 7).

Figure 3. Functional enrichment analysis of lateral ventricular volume loci within DNasei hypersensitivity spots. The radial lines show fold enrichment (FE) at eight GWA p-value thresholds. The results are
shown for each of 424 cell types which are sorted by tissue, represented along the outer circle of the plot.
The font size is proportional to the number of cell types from the tissue. FE values are plotted with different colors with respect to different GWA thresholds. Significant enrichment for a given cell type is denoted
along the outer circle of the plot from a GWA p-value threshold < 10-5 (outermost) to GWA p-value threshold
< 10-8 (innermost). The results show ubiquitous enrichment.

44

GWAS of brain ventricular volume

integration of gene expression data
Integration of functional data from the Genotype-Tissues Expression (GTEx) project
using the MetaXcan method revealed two significant associations between genetically
predicted expression in brain tissue and lateral ventricular volume (supplementary Fig.
16). Expression levels of TRIOBP at the locus 22q13.1 (p-value = 3.2×10-6) and MRPS16 at
the locus 10q22.2 (p-value = 1.8×10-6) were associated with lateral ventricular volume.

Gene annotation and pathway analysis
The results of gene-based and pathway analyses are illustrated in supplementary
Table 3 and supplementary Data 8. The pathway analysis identified “regulation of cytoskeleton organization” (GO:0051493) gene-set to be significantly enriched (p-value =
6×10-6). Genes of the “regulation of cytoskeleton organization” pathway have previously
been implicated in various neurological or cardiovascular diseases (supplementary
Data 9). Furthermore, pathways that pointed towards sphingosine 1 phosphate (S1P)
signaling showed suggestive enrichment (supplementary Data 8).

Genetic correlation
Additionally, we examined the genetic overlap between lateral ventricular volume and
other traits (Table 2). We found that genetically-determined components of thalamus
and lateral ventricular volumes appear to be negatively correlated (ρgenetic = -0.59, pvalue = 3.14×10-6). This finding was also confirmed at the phenotype level (supplementary Table 4). Weaker genetic overlap was observed with infant head circumference
(ρgenetic = 0.28, p-value = 8.7×10-3), intracranial volume (ρgenetic = 0.35, p-value = 9×10-3),
height (ρgenetic = -0.14, p-value = 5.7×10-3), and mean pallidum (ρgenetic = -0.29, p-value =
2.5×10-2), whereas no significant genetic overlap was found with neurological diseases,
psychiatric diseases, or personality traits.

Genetic risk score
We next examined the association of genetic risk scores (GRS) for Alzheimer’s disease,
Parkinson’s disease, schizophrenia, bipolar disorder, cerebral small vessel disease, and
tau-related pathology, including tau and phosphorylated tau levels in cerebrospinal
fluid, amyotrophic lateral sclerosis (ALS) and progressive supranuclear palsy (PSP), using the lead SNPs from the largest published GWA study and lateral ventricular volume
(supplementary Data 10). We found a suggestive association of GRS for tau levels in
cerebrospinal fluid (p-value = 9.59×10-3) and lateral ventricular volume (supplementary
Table 5). The association was driven by one SNP (supplementary Table 6). No association was observed with other examined phenotypes (supplementary Table 5).
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Table 2. The results of genetic correlation between the lateral ventricular volume and anthropometric
traits, brain volumes, neurological and psychiatric diseases and personality traits.
Category

Phenotype

PMID

N

rg

SE

P

Height

20881960

133859

-0.135

0.049

5.70E-03

Infant head circumference

22504419

10768

0.284

0.108

8.70E-03

Anthropometric

Child birth length

25281659

28459

-0.133

0.089

1.34E-01

Child birth weight

23202124

26836

-0.118

0.102

2.47E-01

Mean Thalamus

25607358

13193

-0.591

0.127

3.14E-06

Mean Pallidum

25607358

13142

-0.29

0.129

2.47E-02

ICV

25607358

11373

0.347

0.133

9.00E-03

Mean Accumbens

25607358

13112

-0.29

0.158

6.64E-02

Mean Putamen

25607358

13145

-0.15

0.089

9.13E-02

Brain volume

Mean Hippocampus

25607358

13163

-0.204

0.132

1.20E-01

Mean Caudate

25607358

13171

0.012

0.105

9.06E-01

Alzheimer’s disease

24162737

54162

0.181

0.11

9.87E-02

Parkinson’s disease

19915575

5691

-0.096

0.084

2.55E-01

Amyotrophic lateral sclerosis

27455348

36052

-0.032

0.128

8.04E-01

White matter hyperintensities 25663218

17940

0.100

0.094

2.87E-01

Neo-conscientiousness

21173776

17375

-0.359

0.158

2.27E-02

Neo-openness to experience

21173776

17375

0.088

0.118

4.56E-01

Neuroticism

27089181

170911

-0.03

0.065

6.45E-01

Neurological diseases

Personality traits

Psychiatric traits
ADHD

20732625

5422

-0.276

0.152

6.90E-02

PGC cross-disorder analysis

23453885

61220

-0.121

0.071

8.65E-02

Major depressive disorder

22472876

18759

-0.165

0.102

1.05E-01

Schizophrenia

25056061

77096

-0.067

0.044

1.30E-01

Subjective well being

27089181

298420

0.087

0.075

2.50E-01

ADHD (No GC)

27663945

17666

-0.151

0.149

3.11E-01

Depressive symptoms

27089181

161460

-0.038

0.071

5.93E-01

Autism spectrum disorder

0

10263

0.041

0.092

6.53E-01

Anorexia Nervosa

24514567

17767

0.011

0.056

8.43E-01

Bipolar disorder

21926972

16731

0.009

0.078

9.12E-01

Abbreviations: rg – genetic correlation; SE - standard error; P - p-value;
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DiscUssioN
We have performed the first genome-wide association study of lateral ventricular volume including up to 23,533 individuals. We identified statistically significant association
between lateral ventricular volume and variants at 7 loci. Additionally, we found that
genetically-determined components of thalamus and lateral ventricular volume are
correlated.
The strongest association was observed at the intergenic 3q28 locus between noncoding RNA SNAR-I and OSTN. This region has previously been associated with cerebrospinal fluid tau/ptau levels and Alzheimer’s disease risk, tangle pathology and cognitive
decline.27 Similarly, the genome-wide significant locus at 12q23.3 encompasses NUAK1,
which has also been associated with tau pathology. Nuak1 modulates tau levels in human
cells and animal models and associates with tau accumulation in different tauopathies.28
NUAK1 is most prominently expressed in the brain where it has a role in mediating axon
growth and branching in cortical neurons.29 The lead SNP of the 12q23.3 locus mapped
to an intron of NUAK1. This SNP is among the top 1% of most deleterious variants in the
human genome based on its Combined Annotation Dependent Depletion (CADD) score
of 21.5 and is located in an enhancer region (supplementary Data 6). Interestingly, this
variant also showed an effect in early life.
In our data, the significant variants of 7p22.3 region had the highest probability of
being regulatory based on the RegulomeDB score (1b). The lead variant at 7p22.3 was
in an active chromatin state and was associated with differential expression of GNA12
(supplementary Data 6). The GNA12 gene is involved in various transmembrane signaling systems.30-33 Interestingly, this gene was part of S1P signaling pathways identified to
be enriched among genes associated with lateral ventricular volume. S1P, a bioactive
sphingolipid metabolite, regulates nervous system development34 such as neuronal
survival, neurite outgrowth, and axon guidance,35,36 and plays a role in neurotransmitter release.37 It also plays a role in regulating the development of germinal matrix (GM)
vasculature.38 Disruption of S1P regulation results in defective angiogenesis in GM,
hemorrhage, and enlarged ventricles.38
The other identified locus, 16q24.2, has previously been connected with small vessel
disease and white-matter lesions formation.39 Further, the alternate allele of the lead
SNP at 22q13.1 in TRIOBP is associated with higher expression of the same gene in
basal ganglia and brain cortex, and the same allele is associated with smaller lateral ventricular volume. Interestingly, predicted expression of this gene in cerebral cortex was
significantly associated with lateral ventricular volume, suggesting a causal functional
47
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role of the gene. The same analysis revealed significant association of the expression
of MRPS16 in frontal cortex with lateral ventricular volume. This gene was previously
related to agenesis/hypoplasia of corpus callosum and enlarged ventricles.40
Finally, the lead intergenic SNP at 11q23.1 maps between C11orf53 and ARHGAP20,
whereas the 10p12.31 region encompasses MLLT10 which has been linked to various
leukemias, ovarian cancer, and meningioma.41,42 The effect size of this variant on lateral
ventricular volume was correlated with mean cohort age, with the effect being near zero
at younger age and larger at older ages.
The gene-enrichment analysis highlighted “regulation of cytoskeleton organization”
(GO:0051493) pathway. Genes that are part of this pathway have previously been implicated in various neurological diseases such as Parkinson’s disease (PARK2), frontotemporal
dementia (MAPT), neurofibromatosis 2 (NF2), tuberous sclerosis (TSC1) (Supplementary
Data 9). The cytoskeleton is essentially involved in all cellular processes, and therefore
crucial for processes in the brain such as cell proliferation, differentiation, migration, and
signaling. Dysfunction of cytoskeleton has been associated with neurodevelopmental,
psychiatric and neurodegenerative diseases.43-45
Previous studies showed significant sex-specific differences in lateral ventricular
volume.46,47 In our study we did not observe sex-specific differences; as for the lead 7
variants, both males and females were contributing to the association signal. However,
we observed only one suggestive association at 4q35.2 that showed association in men
only. The lead variant (indel) is mapped to FAT1 which encodes atypical cadherins.
Mutation in this gene causes a defect in cranial neural tube closure in a mouse model
and an increase in radial precursor proliferation in the cortex.48 However, the SNP-based
heritability estimates were slightly higher in females. This may be explained by the differences in sample size in male and female-specific analyses implying that there is lower
precision.
We estimated that 20% of genetic variance in lateral ventricular volume could be
explained by common genetic variants, suggesting that common variants represent a
substantial fraction of overall genetic component of variance. Moreover, the most statistically significant effect occurred in the regions of highly active enhancers and histone
marks, suggesting their involvement in gene expression. Using the LD score regression
method, we found a significant negative genetic correlation between lateral ventricular
volume and thalamus volume. However, these may not be independent events, but
inverse reflections of the same biology. Even though not strictly significant, we also
observed trends for genetic correlations with other brain volumetric measures. Fur48
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thermore, no genome-wide overlap was found between lateral ventricular volume and
various neurological or psychiatric diseases. Given that enlargement of lateral ventricles
has been suggested in Alzheimer’s disease, we examined the association of APOE alleles
and found no association between the APOE 4 (p-value = 0.86) or APOE 2 (p-value =
0.81) and lateral ventricular volume in our study population.
As we identified loci underlying lateral ventricular volume at the genome-wide level, but
also genes and common pathways, our results provide various insights into the genetic
contribution to lateral ventricular volume variability and a better understanding of the
complex genetic architecture of brain structures. The genes with variants that we found
to be associated with lateral ventricular volume are relevant to neurological aging given
the characteristics of the study population which is relatively free from the disease as
participants with stroke, traumatic brain injury and dementia at the time of magnetic
resonance imaging (MRI) were excluded. This is in line with the previously published
work of Pfefferbaum et al. who showed that the stability of lateral ventricles is genetically
determined, whereas other factors such as normal aging or trauma and disease play a
role in its change.1,16
However, while studying genetic overlap of lateral ventricular volume and various neurological or psychiatric disorders at multiple levels (LD score regression/polygenic, GRS/
oligogenic, GWA hits/monogenic), we found evidence that some single genetic variants
have pleiotropic effect on lateral ventricular volume and biochemical markers for a
neurological disease (AD) or meningioma (supplementary Data 5), while no evidence
was found for genetic overlap with other neurological or psychiatric disorders (Table 2,
supplementary Table 5). The pattern of association between lateral ventricular volume
and psychiatric disorder i.e. schizophrenia on multiple scales is similar to the findings of
Franke et al. who evaluated association of various subcortical brain volumes and schizophrenia and reported no evidence of genetic overlap.49 Even though our study does
not provide a definite statement regarding the relationship between lateral ventricular
volume and neurological or psychiatric disorders, it lays the foundation for future studies which should disentangle whether lateral ventricular volume is genetically related or
unrelated to various neurological and psychiatric disorders (e.g. result from reverse causation). Novel insights may be revealed by improving the power of the studies, studying
homogeneous samples with harmonized phenotype assessment methods along with
evaluation of common and rare variants.
The strengths of our study are the large sample, population-based design and the use
of quantitative MRI. Our study also has several limitations. Despite the effort to harmonize phenotype assessment, the methods used to quantify lateral ventricular volume
49
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differ across cohorts. Because of this phenotypic heterogeneity, association results
of participating cohorts were combined using a sample-size weighted meta-analysis,
thus limiting discussion on effect sizes. Secondly, phenotypic heterogeneity may have
caused the loss of statistical power. However, despite heterogeneity in the phenotype
assessment, the association signals were coming from several studies irrespective
of the method of phenotype assessment, which suggests robustness of our findings.
Furthermore, although we made an effort to include cohorts of EA and AA ancestry,
the study comprised predominately of individuals of European origin (22,045 individuals of EA and 1,488 of AA ancestry). Given the disparity in sample size, it is difficult to
distinguish whether any inconsistency in results between the 2 groups stems from true
genetic differences or from differential power to detect genetic effects. Indeed, this is
also exemplified by the plots of the Z-scores (Supplementary Fig. 11) showing that
direction of effect size in AA cohorts is often inconsistent with the direction of effect
size in EA cohorts. However, the same inconsistency can be observed with European
cohorts of equally small sample size. This inconsistency may be due to small sample size
rather than ethnic background but we cannot rule out that racial-ethnic specific effects
may exit. This limitation underscores the need for expanding research studies in nonEuropean populations. Finally, as some loci only reached the genome-wide significance
in the combined meta-analysis, they should be considered as highly probable findings
and would still require independent replication.
To conclude, we identified genetic associations of lateral ventricular volume with variants mapping to 7 loci and implicating several pathways, including pathway related to
tau pathology, cytoskeleton organization, and S1P signaling. These data provide new
insights into understanding brain morphology.

METHODS
Study design
The overview of study design is illustrated in Supplementary Fig. 1. We performed a
GWA meta-analysis of 11,396 participants of mainly European ancestry from 12 studies
(stage 1) that contributed summary statistic data before a certain deadline. The deadline
was set prior to data inspection and was not influenced by the results of the GWA metaanalysis. Variants that surpassed the genome-wide significance threshold (p-value <
5×10-8) were subsequently evaluated in an independent sample of 12,137 participants
of mainly European ancestry from 14 studies (stage 2). Finally, we performed a metaanalysis of all stage 1 and stage 2 studies (stage 3).
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study population
All participating studies are part of the Cohorts for Heart and Aging Research in Genomic
Epidemiology (CHARGE) consortium.50 A detailed description of participating studies
can be found in supplementary Note 1. General characteristics of study participants
are provided in supplementary Data 1. Written informed consent was obtained from
all participants. Each study was approved by local ethical committees or the institutional
review boards (see supplementary Note 1 for details).

imaging
Each study performed magnetic resonance imaging (MRI) and estimated the volume of
the lateral ventricles and intracranial volume (ICV). The field strength of scanners ranged
from 0.35 to 3 T. Information on scanner manufacturers and measurement methods
is provided in supplementary Data 2. While most of the studies quantified lateral
ventricular volume using validated automated segmentation methods, some studies
used validated visual grading scales. The visual and volumetric scales were compared
previously and showed high agreement for lateral ventricular volume.2 The assessment
of consistency of lateral ventricular volume on volumetric scale across time and different
versions of software (freesurfer v4.5, v5.1, and v6.0), revealed high intraclass correlation (ICC > 0.98) in a subset of participants from the Rotterdam Study. Participants with
dementia at the time of MRI, traumatic brain injury, prior or current stroke or intracranial
tumors were excluded.

Genotyping and imputation
Information on genotyping platforms, quality control procedures and imputations
methods for each participating study are provided in supplementary Data 3. All studies
used commercially available genotyping arrays, including Illumina or Affymetrix arrays.
Similar quality control procedures were applied for each study (supplementary Data
3). Using the validated software (Minimac,51 IMPUTE,52 BEAGLE53), each study performed
genotype imputations using mostly the 1000 Genome phase 1 v3 reference panel.

Genome-wide association (GWA) analysis
Each participating study performed the GWA analysis of total lateral ventricular volume
under an additive model using variant allele dosage as predictors and natural logarithm
of the total lateral ventricular volume as the dependent variable. Transformation of the
lateral ventricular volume was applied to obtain approximately normal distribution
(supplementary Fig. 17). The association analyses were adjusted for age, sex, total
intracranial volume, age2 if significant, population stratification, familial relationship
(family-based studies) or study site (multi-site studies). Population stratification was
controlled for by including principal components derived from genome-wide genotype
51
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data. Study-specific details on covariates and software used are provided in Supplementary Data 3. Quality control (QC) was conducted for all participating studies using
a standardized protocol provided by Winkler et al.54 Variants with low imputation quality r2 < 0.3 or minor allele count (MAC) ≤ 6 were filtered out. The association results of
participating studies were combined using a fixed-effect sample-size weighted Z-score
meta-analysis in METAL because of the difference in measurement methods of lateral ventricular volume.55 Genomic control was applied to account for small amounts of
population stratification or unaccounted relatedness. After the meta-analysis, variants
with information in less than half the total sample size were excluded. Meta-analyses
were performed separately for each of the stages. In the stage 1 meta-analysis, a pvalue < 5×10-8 was considered significant. Variants that surpassed the threshold were
evaluated in the stage 2 meta-analysis. In order to model linkage disequilibrium (LD)
between those variants, we first calculated the number of independent tests using the
eigenvalues of a correlation matrix using the Matrix Spectral Decomposition (matSpDlite) software.56 Subsequently, a Bonferroni correction was applied for the effective
number of independent tests (0.05/10 independent SNPs = 5×10-3). Additionally, all
analyses were stratified by sex. Following the same QC steps as for overall analyses, the
sex-stratified association results of participating studies were combined using a fixedeffect sample-size weighted Z-score meta-analysis in METAL while applying genomic
control.55 The variants were assessed only if test statistics (Z-score) were heterogeneous
between males and females (p-value < 0.1) and if the association in a sex-combined
analysis did not reach genome-wide significance threshold.57

Conditional analysis
In order to identify variants that were independently associated with lateral ventricular
volume, we performed conditional and joint (COJO) GWA analysis using Genome-wide
Complex Trait Analysis (GCTA), version 1.26.0.58 LD pattern was calculated based on 1000
Genome phase 1v3 imputed data of 6,291 individuals from the Rotterdam Study I.

Functional annotation
To annotate genome-wide significant variants with regulatory information, we used
HaploReg v4.159, RegulomeDB v1.160, and Combined Annotation Dependent Depletion
(CADD) tools.61 To determine whether they have an effect on gene expression, we used
GTEx data.62 For the lead variants, we explored 5 chromatin marks assayed in 127 epigenomes (H3K4me3, H3K4me1, H3K36me3, H3K27me3, H3K9me3) of RoadMap data.63
To search for pleiotropic associations between our lead variants and their proxies (r2 >
0.7) with other traits, we used the PhenoScanner database designed to facilitate the
cross-referencing of genetic variants with many phenotypes.9 The association results
with genome-wide significance at 5×10-8 were extracted.
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Variance explained
The proportion of variance in lateral ventricular volume explained by each lead variant
was calculated using Pearson’s phi coefficient squared as explained in Draisma et al.64
The total proportion of variance in lateral ventricular volume was calculated by adding
up the proportions of variance in lateral ventricular volume explained by each lead association signal.

Partitioned heritability
SNP-based heritability and partitioned heritability analyses were performed using LD
score regression following the previously described method.65 Partitioned heritability
analysis determines enrichment of heritability in SNPs partitioned into 24 functional
classes as reported in Finucane et al.65 To avoid bias, an additional 500 bp window was
included around the variants included in the functional classes. Only the HapMap3 variants were included as these seem to be well-imputed across cohorts.

Functional enrichment analysis
We performed functional enrichment analysis using regulatory regions from the ENCODE and Roadmap projects using GWAS Analysis of Regulatory or Functional Information Enrichment with LD correction (GARFIELD) method.66 The method provides fold
enrichment (FE) statistics at various GWA p-value thresholds after taking into account
LD, minor allele frequency, and local gene density.66 The FE statistics were calculated at
eight GWA p-value thresholds (0.1 to 1×10-8). The associations were tested for various
regulatory elements including DNase-I hypersensitivity sites, histone modifications,
chromatin states and transcription factor binding sites in over 1000 cell and tissuespecific annotations.66 The significance threshold calculated based on the number of
annotations used was set at 4.97×10-5.

integration of gene expression
To integrate functional data in the context of our meta-analysis results, we used the
MetaXcan method, which evaluated the association between lateral ventricular volume
and brain-specific gene-expression levels predicted by genetic variants using the data
from GTEx project.62,67 This method is an extension of PrediXcan method modified to use
summary statistic data from meta-analysis.67 Based on a total number of genes tested,
the Bonferroni corrected significance threshold was set to 0.05/12,379 = 4×10-6.

Gene annotation and pathway-based analysis
The gene-based test statistics were computed using VEGAS2 software which tests for
enrichment of multiple single variants within the genes while accounting for LD structure.68 LD structure was computed based on the 1000 Genomes phase 3 population.
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Variants within 10 kb of the 5’ and 3’ untranslated regions were included in this analysis
in order to maintain regulatory variants.68 Subsequently, the gene-based scores were
used to perform gene-set enrichment analysis using VEGAS2pathway.69 VEGAS2Pathway
approach accounts for LD between variants within a gene, and between neighboring
genes, gene size, and pathway size.69 It uses computationally predicted Gene Ontology
pathways and curated gene-sets from the MSigDB, PANTHER, and pathway commons
databases.69 The pathway-based significance threshold was set to the p-value = 1×10-5
while taking into account the multiple testing of correlated pathways (0.05/5,000 independent tests).69

Genetic correlation
We used the LD score regression method to estimate genetic correlations between
lateral ventricular volume and various traits including anthropometric traits, brain
volumes, neurological and psychiatric diseases and personality traits. The analyses were
performed using a centralized database of summary-level GWA study results and a web
interface for LD score regression, the LD-hub.70 Summary-level GWA study results for
white matter hyperintensities were obtained from the CHARGE consortium71 and the
analyses were performed using the ldsc tool (https://github.com/bulik/ldsc).

Genetic risk scores
We generated genetic risk scores (GRS) for Alzheimer’s disease, amyotrophic lateral sclerosis (ALS), Parkinson’s disease, bipolar disorder, schizophrenia, white matter lesions and
tau-related phenotypes. The tau-related phenotypes, including tau and phosphorylated
tau levels in cerebrospinal fluid, and progressive supranuclear palsy (PSP), were studied
in relatively small sample and are therefore not appropriate for LD score regression. We
extracted the lead genome-wide significantly associated SNPs and their effect estimates
from the largest published GWA studies (Supplementary Data 10). For white matter
lesions burden, effect estimate and standard errors were estimated from Z-statistics
using the previously published formula.72 The allele associated with an increased risk
in corresponding traits was considered to be the effect allele. The weighted GRS was
constructed as the sum of products of effect sizes as weights and respective allele dosages from 1000 Genome imputed data of Rotterdam Study using R software version
3.2.5 (https://www.R-project.org). Variants with low imputation quality (r2 < 0.3) were
excluded. Subsequently, the GRS was tested for association with lateral ventricular volume in three cohorts of Rotterdam Study while adjusting for age, sex, total intracranial
volume, age2 and population stratification. The significance threshold for genetic risk
score association was set to p-value = 5×10-3 (0.05/10) based on the number of genetic
risk scores tested.
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Data availability
The summary statistics will be made available upon the publication on the CHARGE
dbGaP site under the accession number phs000930.v7.p1.
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ABSTRACT
General cognitive function is a heritable predictor of health outcomes. Here, we performed a genome-wide association study of general cognitive function in 245,117
participants of European (EA) and African American (AA) ancestry from Cohorts for Heart
and Aging Research in Genomic Epidemiology (CHARGE) consortium and UK Biobank.
We reported 32 novel genetic loci in individuals of EA which have previously been associated with various disorders including psychiatric illnesses such as schizophrenia,
autistic disorder, bipolar disorder, depression, mood and anxiety disorders. The risk score
based on our findings and previously identified genetic risk loci underlying general
cognitive function in EA was associated with general cognitive function in individuals
of AA ancestry (N = 2,117). Genes associated with general cognitive function could be
linked to circulating metabolites including tyrosine, creatinine, 22:6 docosahexaenoic
acid (DHA), glycoprotein acetyl, acetate, and citrate. Using Mendelian randomization, we
examined whether these metabolites were cause or rather a consequence of biological
pathways underlying cognitive function. Genes determining glycoprotein acetyls and
tyrosine also determine general cognitive function, suggesting that these metabolites
are in the causal pathway, whereas DHA is rather a consequence of the physiological
process determining cognitive function. These results provide new insights into general
cognitive function.
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iNTroDUcTioN
General cognitive function is an important predictor of health outcomes, including
mortality and morbidity varying from dementia to depression and other psychiatric
diseases.1-4 Differences in cognitive function are determined by various factors including
lifestyle and genetic factors.5 Morbidities such as cardiometabolic diseases and cancer
also contribute to cognitive performance and cognitive decline in later life.6 For long, the
relationship between metabolic factors and cognitive function was poorly understood.
We recently identified circulating metabolites to be associated with the general cognitive function in healthy individuals.7 The metabolic profile included the subfractions of
high-density lipoprotein particles, fatty acids, amino acids, and acute phase reaction
markers.7,8 We successfully associated these metabolites to environmental factors such
as lifestyle and diet.7 A question to answer is whether these metabolites are in the causal
pathway and a target of cognitive function or rather a consequence of physiological
processes underlying general cognitive function and associated lifestyle and pathology.
Our human genome is another major driver of the circulating metabolites and general
cognitive function.9 General cognitive function has heritability of 50% and over 140
genomic regions have been identified in the genome-wide association studies (GWASs)
performed to date.10-13 Despite the overwhelming progress, the polygenic profile score
capturing the joint effects of those variants explained only up to 4.3% of trait variance.11
Yet, common genetic variants underlying general cognitive function were associated
with various neurological and psychiatric disorders when checking for genome-wide
genetic overlap using LD score regression.14 Based on this method, there is also evidence for a shared genetic origin with body mass index, waist to hip ratio, high-density
lipoprotein cholesterol, and cardiovascular diseases which are key drivers of the human
metabolism.11 Up until now, we have not linked these genetic determinants to the
metabolites in the circulation, which may bring to surface new insights in metabolic
pathways that play a key role in general cognitive function. An omission of previous
studies is that only participants of European ancestry were included. A question to
answer is whether the findings are generalizable to other ethnic groups. Finally, the
studies of general cognitive function conducted to date mainly focused on the imputations generated as part of the 1000 Genomes Project. Recently, the Haplotype Reference
Consortium (HRC) made available a large haplotype reference panel which increased
imputation accuracy.15,16
Here, we performed a GWAS of general cognitive function in 243,000 participants of
European ancestry and 2,117 participants of African-American from Cohorts for Heart
and Aging Research in Genomic Epidemiology (CHARGE) consortium and UK biobank
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ancestry using HRC imputation panel.11 We examined the association of genes implicated in general cognitive function and circulating metabolites and evaluated their
causal relationship using Mendelian randomization approach.

METHODS
Study population
Our study population encompassed 243,000 participants of European ancestry (EA) from
32 studies from CHARGE consortium and UK biobank and 2,117 participants of AfricanAmerican (AA) ancestry from 3 studies that were part of the CHARGE consortium.11,17
Participating studies are described in detail in the Supplementary Note. General characteristics of study populations are provided in Supplementary Table 1. Local ethical
committees or the institutional review boards approved each of the studies and written
informed consent was obtained from all participants.

Phenotype assessment
The general cognitive function was constructed from a number of cognitive tasks for
each of the CHARGE cohorts.18 Each participating study performed principal component
analysis using at least three cognitive tests that assess different cognitive domains. Only
one score was used from each of the cognitive tests. The general cognitive function was
the first unrotated principal component. The phenotype was constructed in such a way
that higher score indicated higher cognitive function. Participants with dementia and
stroke were excluded. Information on cognitive tests used to create general cognitive
function score in each participating study and correlation between the general cognitive function and each cognitive test is provided in Supplementary Table 2. General
cognitive function explained between 34.7% and 59.3% of the total test variance.
The cognitive test from UK Biobank was a verbal and numerical reasoning score assessed
by 13 multiple choice questions which has a high genetic correlation with general
cognitive function.11,19 A detailed information regarding the samples of UK Biobank participants with verbal-numerical reasoning scores is provided elsewhere.11 In the current
analysis, four samples of UK Biobank participants were used.

Genotyping and imputation
Description of genotyping platforms, calling method and quality control procedures in
each of the CHARGE cohorts is provided in Supplementary Table 3. The study participants were genotyped using commercially available genotyping arrays. Each study used
free imputation servers (Michigan or Sanger) to perform genotype imputation using
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Haplotype Reference Consortium (HRC) reference panel.16 Description of genotyping
platforms and quality control in UK Biobank is provided in Bycroft et al. (http://www.
biorxiv.org/content/early/2017/07/20/166298).

Genome-wide association analysis
Each of the CHARGE cohorts performed genome-wide association analysis of general
cognitive function while adjusting for age, gender, principal components if needed,
familial relationship if appropriate and study center if needed. Details on analysis methods for each cohort are provided in supplementary Table 3. The quality control (QC)
was performed using EasyQC.20 Genetic variants with low imputation quality (r2 < 0.5) or
minor allele count below 5 were removed. The genome-wide association summary results of verbal and numerical reasoning score in UK Biobank were obtained from http://
www.ccace.ed.ac.uk/node/335.11 The summary statistic results of CHARGE participating
studies and UK biobank were combined using sample size weighted meta-analysis in
METAL.21 The meta-analysis was performed separately for each ethnic group. For each
genome-wide association analysis, LD score regression method was used to estimate
intercept which can distinguish between the inflation due to a polygenic signal and the
inflation due to population stratification or cryptic relatedness.22

conditional association analysis
Approximate conditional genome-wide analysis was performed using Genome-wide
Complex Trait Analysis (GCTA), version 1.26.0, in order to identify genetic variants conditionally independent on genetic signals previously reported in the largest GWAS of
general cognitive function to date.11,23 Genetic variants with high collinearity (0.9) were
ignored. Complete linkage equilibrium was assumed for genetic variants located more
than 10Mb away from each other. The linkage disequilibrium pattern (LD) between the
genetic variants was calculated based on data of 11,496 individuals from the Rotterdam
Study imputed with HRC reference panel.

characterization of genomic loci
Genomic loci were characterized using Functional Mapping and Annotation of genetic
associations (FUMA).24 First, independent genetic variants were defined as genome-wide
significant variants that are not in linkage disequilibrium with each other (r2 < 0.6).24
Independent significant variants with r2 ≥ 0.1 were assigned to the same genomic risk
locus and were merged into a single locus if they were 250 bp or closer.24 Each genomic
risk locus was represented by the top lead genetic variant defined as an independent
significant variant (r2 < 0.1).
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Functional annotation
The genome-wide significant variants were annotated using the Combined Annotation
Dependent Depletion (CADD), HaploReg v4.1, and RegulomeDB tools.25,26 Furthermore,
GTEx data was used to determine whether these genetic variants have an effect on
expression.27

Correlating genetic determinants of cognition and circulating metabolites
Association of individual genetic variants underlying general cognitive function was
explored in a GWAS of circulating metabolites including ~25,000 individuals.11,28 The
metabolites were measured by nuclear magnetic resonance (1H-NMR) on Nightingale
Health platform. To model correlation between metabolites and linkage disequilibrium
between the genetic variants, we first calculated the number of independent tests using
the method of Li and Ji.29 The Bonferroni corrected p-value was calculated based on
the number of independent tests and set at 0.05/(32 independent metabolites × 342
independent genetic variants) = 4.57×10-6.
Next, more global test was used to link general cognitive function and metabolites using
the LD score regression method. Genetic correlation was estimated between general
cognitive function and metabolites measured by 1H-NMR on Nightingale Health platform.30 The analyses were performed using a web interface, LD-hub.31 The significance
threshold was determined based on a number of traits tested and was set at 0.05/111
= 4.5×10-4.

Mendelian randomization
To evaluate whether the association of the metabolites to general cognitive function
is a cause or consequence of the physiological processes underlying general cognitive
function bidirectional Mendelian randomization was performed for each metabolite
associated with genetic variants underlying general cognitive function. The associations were estimated based on the present GWAS and that of circulating metabolites
including ~25,000 individuals.28 The effect of genetic risk score was constructed using
the summary statistic level data and method implemented in gtx package.32 Genetic risk
scores based on more than 5 genetic variants that explain more than 1% of variance in
exposure were taken forward.
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resULTs
Genome-wide association study of general cognitive function in individuals of eA
A detailed description of the genome-wide association analysis in individuals of EA is
given in the supplementary material. The quantile-quantile plot suggested inflation (λ
= 1.62, mean χ2 = 1.9) (supplementary Figure 1, supplementary Table 4). However,
LD score regression revealed intercept of 1.049 (SE = 0.012) and a ratio of 0.0568 suggesting that inflation is mainly due to polygenicity and only 5.68% of the inflation is due
to other causes. General cognitive function was associated with 9,521 genetic variants
distributed across all autosomal chromosomes at genome-wide significance level (pvalue < 5×10-8), of which 358 independent genetic variants mapped to 139 genomic loci
(supplementary Table 5-7). After conditioning on genetic signals previously reported in
the largest GWAS of general cognitive function to date,11 311 genetic variants surpassed
genome-wide significance threshold, including 33 novel independent genetic variants
mapped to 32 genomic loci (Figure 1, supplementary Table 8-10). The list of pleiotropic associations for these variants and tagged variants is provided in supplementary
Table 11, whereas the genes to which these independent variants were mapped to and
disease they have been implicated in are listed in supplementary Table 12.

Figure 1. The results of genome-wide association meta-analysis including participants of EA in CHARGE
cohorts and UK biobank after conditioning on genetic variants identified in the largest GWAS of general
cognitive function to date. The novel loci defined as > 1Mb from previously reported genome-wide variants
are depicted in red, whereas the known loci are depicted in blue.

Genome-wide association study of general cognitive function in individuals of AA
There was no variant that surpassed the genome-wide significant threshold in the
sample of AA. Among 9,521 genome-wide significant variants associated with general
cognitive function in EA cohorts, 66.7% genetic variants had the same direction of effect
size in AA individuals and 10.6% variants showed at least nominal evidence of significance (p-value < 0.05) (supplementary Table 5 and 8 for all loci and independent loci,
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respectively). When combining the 148 loci described previously and the 32 discovered
in EA in our study into a genetic risk score, the EA risk score was significantly associated
with the general cognitive function in AA (p-value = 1.88×10-7).

Correlating genetic determinants of cognition and circulating metabolites
To explore association of the genes involved in general cognitive function and metabolites, we first examined the association of individual genetic variants underlying general
cognitive function in the GWAS of circulating metabolites (Supplementary Table 13).
Two associations surpassed the threshold for multiple testing (Figure 2). A genetic variant in PKD1L3 was associated with lower level of tyrosine (p-value = 5.7×10-7), whereas
a variant near ITIH1 was associated with lower levels of creatinine (p-value = 2.3×10-6).
Next, we performed a global genetic test to link general cognitive function using LD
score regression. Nominally significant genome-wide genetic overlap was observed between general cognitive function and circulating metabolites including acetate (ρgenetic
= 0.21, p-value = 3.9×10-3), citrate (ρgenetic = 0.18, p-value = 8.3×10-3), glycoprotein acetyls
(ρgenetic = -0.12, p-value = 2.8×10-2), and 22:6 docosahexaenoic acid (DHA) (ρgenetic = 0.12,
p-value = 4.8×10-2) (Figure 3).

Mendelian randomization
To evaluate whether the association of the metabolites that were associated with
general cognitive function in the single variant or global evaluation are a cause or
consequence of the physiological processes underlying general cognitive function, we
performed a Mendelian randomization experiment. When testing the hypothesis that
the genes determining cognition are also implicated in circulating metabolites, we
found evidence for such mechanism for DHA (p-value = 1.3×10-5) when adjusting for
multiple testing (Figure 4). When testing the hypothesis that the genes determining
circulating metabolites also determine general cognitive function, we found evidence
for such mechanism for tyrosine (p-value = 5.8×10-5) and glycoprotein acetyls (p-value
= 8.99×10-3) (Figure 4).
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Figure 2. Genetic determinants of general cognitive function and metabolites. Red color denotes positive
association and blue color depicts inverse association. Associations that surpassed threshold for multiple
testing (p-value < 4.6×10-6) are indicated by hash symbol, whereas nominal associations (p-value < 0.05)
are labeled with star.
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Figure 3. The top results of genetic correlation between the general cognitive function (summary statistic
generated in our project) and metabolites for which summary statistic data was available on LD-hub (pvalue < 0.2). The nominally significant associations (p-value < 0.05) are denoted with a star.

DiscUssioN
In a GWAS of general cognitive ability in 243,000 individuals of EA we detected 32 novel
findings, bringing the total number of independent loci implicated in general cognitive
function up to 180. The risk score based on 180 loci was significantly associated with
general cognitive function in AA. Two genes implicated in general cognitive function
could directly be linked to circulating levels of tyrosine and creatine, whereas more
global genome-wide genetic overlap was found for DHA, glycoprotein acetyl, acetate,
and citrate. Mendelian randomization suggests that genes determining glycoprotein
acetyl and tyrosine also determine general cognitive function while DHA is rather a
consequence of the physiological process determining cognitive function.
Among the 32 novel loci, the variants with the highest probability of having regulatory
function based on RegulomeDB score (1f, 1d) were mapped to 17q12 (supplementary
Table 9). Deletion of this region has been associated with a syndrome in which about
half of the people have delayed development, intellectual disability, or psychiatric disorders such as autism spectrum disorder, schizophrenia, anxiety, and bipolar disorder.33
The lead variant at 17q12 was mapped to DHRS11 gene that metabolizes steroid hor70
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PKD1L3
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General
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Figure 4. Suggested paths for general cognitive
function and metabolites. The genes used in the
genetic risk score are located above the metabolite
name.

DHA

mones, prostaglandins, retinoids, lipids, and xenobiotics (supplementary Table 9).34
Additionally, other novel locus 6p21.33 had also RegulomeDB score of 1f and is located
near IER3 gene previously related to inflammatory diseases and hypertension.35,36 Other
independent significant variants at novel loci were mapped to genes previously implicated in bipolar disorder, autistic disorder, or near the genes previously implicated in
depression, schizophrenia, mood and anxiety disorders (supplementary Table 12).37-41
Our findings also overlap with those of Savage et al. which targeted intelligence rather
than general cognitive findings.42 When performing LD score regression of the two traits
the genetic correlation was 0.98. Yet there are differences observed in lead variants in
the same regions which imply heterogeneity: statistical or genetic.
This study is unique in two aspects. First, it included a study of genomic variants implicated in general cognitive function in AA. Although this study was too small to yield
genome-wide significant findings, the study showed that the variants implicated in EA
are also highly significantly determining general cognitive function in AA. Second, our
study has successfully examined the role of the genes implicated in general cognitive
function in metabolic changes in the circulation. Our findings showed association with
circulating metabolites including tyrosine and creatinine. A missense genetic variant in
PKD1L3 at 16q22.2 was associated with general cognitive function (p-value = 1.13×10-11).
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This variant, predicted to be damaging (PolyPhen = 0.99), showed association with tyrosine. Tyrosine is an amino acid that plays an important role in synthesis of dopamine,
a key neurotransmitter in the brain, and is known to modulate cognitive functions in
healthy population by modulating dopamine function.43,44 Several diseases that involve
dopamine dysfunction, such as Parkinson’s disease, schizophrenia, and attention deficit
hyperactivity, also show alteration of cognitive function.45 Of note is that there is also
a genetic correlation of general cognitive function and schizophrenia and attention
deficit hyperactivity disorder, suggesting common pathogenesis. This finding not only
highlights the potential mechanism through which the established genetic variants
of general cognitive function may act but also opens opportunities to prevent cognitive decline by targeting tyrosine, which is according to our Mendelian randomization
experiments most likely in the causal pathway. Also, the finding that the established genetic variant of general cognitive function (rs3755799, 1f RegulomeDB score) modulates
levels of creatinine is interesting from a preventive perspective. Creatinine is an organic
molecule and a breakdown product of muscle creatine phosphate and it is widely used
as a measure of renal function. Higher levels of creatinine and renal impairment were
previously associated with lower cognitive performance and increased risk of dementia,
asking for further follow-up research in view of potential preventive interventions.46,47
In the LD regression, we identified at nominal significance genetic correlation between
general cognitive function and several circulating metabolites including DHA, acetate,
citrate, and glycoprotein acetyls. These were also included in a formal Mendelian randomization to evaluate whether the metabolites are more likely in the causal pathway
or rather a consequence of the various biological processed determining general cognitive function. Unfortunately, the Mendelian randomization experiments for citrate and
acetate were not possible because reliable data on genetics was missing. Mendelian
randomization suggests that glycoprotein acetyl is causally related to general cognitive
function while the association with DHA is rather a consequence of the physiological
process determining cognitive function. Circulating levels of DHA, a long-chain omega-3
polyunsaturated fatty acid, have been associated with cognitive function and risk of Alzheimer’s disease and dementia.7 These are strongly associated with fish consumption.7
However, circulating levels of DHA are also genetically determined and subject of enzymatic processes.28 Our Mendelian randomization experiment suggests that endogenous
processes related to cognitive function are related to levels of DHA rather than that DHA
is a driver of general cognitive function. Glycoprotein acetyls appear to be more likely
in the causal pathway. Circulating glycoprotein acetyl levels, a marker of acute phase
reaction, have been implicated in chronic inflammatory disease and cancer.48 The levels
of this protein were also associated with future risk of all-cause mortality.49 The fact
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that at middle age, these proteins also associate to lower cognitive ability asks for more
research on what influences circulating levels of glycoprotein acetyls.7
The strengths of our study are large sample size, population-based design, use of large
imputation reference panel, and integration of genetic and metabolomics data. However, our study also has limitations. The association results of participating cohorts were
combined using a sample-size weighted meta-analysis due to phenotypic heterogeneity limiting discussion on effect sizes. Despite concordance in the direction of effects
observed between EA and AA participants, limited sample size of AA sample yielded low
statistical power and influenced our ability to explore genetic determinants of general
cognitive function in other ethnic groups. Future research studies should focus on nonEuropeans. When exploring metabolic pathophysiology underlying genetic variants
associated with the general cognitive function, we focused on circulating metabolites
measured by NMR technology using Nightingale Health platform.7 This platform
detects various metabolites including amino acids, ketone bodies, fatty acids, and a
large proportion of metabolites are lipoproteins and lipid subclasses which provides an
excellent opportunity to study cognition.50 However, the studied metabolites represent
only small proportion of circulating metabolites, therefore, future studies focusing on
a wider spectrum of metabolites are needed.51 By improving the power of GWASs of
metabolites, novel associations may be revealed.
We have reported association of general cognitive function with 32 novel genetic loci
in EA sample and showed that there is genetic overlap of the loci determining general
cognitive function in EA and AA. We have also found association of established and
novel genetic determinants of general cognitive function and circulating metabolites,
providing a starting point for new preventive studies.
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Supplementary Table 13. Independent genetic variants associated with general cognitive factor in the largest study of general cognitive ability to date and current study that
were extracted from GWAS of circulating metabolites.

A)

B)

Supplementary Figure 1. (A) The results of genome-wide association meta-analysis including participants
of EA in CHARGE cohorts and UK biobank. The x-axis represents chromosomes and y-axis –log10 p-values.
Variants are represented by dots. The genome-wide significance threshold (p-value < 5×10-8) is depicted
by the red dashed line. (B) Quantile-quantile plot of the genetic variants associated with general cognitive
function.
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ABSTRACT
Cognitive functions are important correlates of health outcomes across the life-course.
Individual differences in cognitive functions are partly heritable. Epigenetic modifications, such as DNA methylation, are susceptible to both genetic and environmental
factors and may provide insights into individual differences in cognitive functions.
Epigenome-wide meta-analyses for blood-based DNA methylation levels at ~420,000
CpG sites were performed for seven measures of cognitive functioning using data from
11 cohorts. CpGs that passed a Bonferroni correction, adjusting for the number of CpGs
and cognitive tests, were assessed for: longitudinal change; being under genetic control
(methylation QTLs); and associations with brain health (structural MRI), brain methylation
and Alzheimer’s disease pathology. Across the seven measures of cognitive functioning
(meta-analysis n range: 2,557–6,809), there were epigenome-wide significant (p-value
< 1.7×10-8) associations for global cognitive function (cg21450381, p-value = 1.6×10-8),
and phonemic verbal fluency (cg12507869, p-value = 2.5×10-9). The CpGs are located
in an intergenic region on chromosome 12 and the INPP5A gene on chromosome 10,
respectively. Both probes have moderate correlations (~0.4) with brain methylation in
Brodmann area 20 (ventral temporal cortex). Neither probe showed evidence of longitudinal change in late-life or associations with white matter brain MRI measures in
one cohort with these data. A methylation QTL analysis suggested that rs113565688
was a cis methylation QTL for cg12507869 (p-value = 5×10-5 and 4×10-13 in two lookup
cohorts). We demonstrate a link between blood-based DNA methylation and measures
of phonemic verbal fluency and global cognitive ability. Further research is warranted to
understand the mechanisms linking genomic regulatory changes with cognitive function to health and disease.
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BAcKGroUND
Cognitive function is an important predictor of health outcomes and mortality.1,2,3,4
Whether this is due to differences in health literacy and lifestyle choices or if there is
a biological predisposition is not clear.5 The complex balance between genetic and
environmental contributions to cognitive function is poorly understood.6 Epigenetic
modifications may provide insight into the link between cognitive function, perturbed
biological pathways and relevance for lifelong health.
Molecular genetic studies of unrelated individuals show that around 30% of the variance
in general cognitive function can be explained by common genetic polymorphisms
(single-nucleotide polymorphisms: SNPs) and variants in linkage disequilibrium with
them.7,8,9 However, there are relatively few well-established individual SNP predictors of
cognitive function and those that have been identified explain a very small proportion
of the variance in cognitive test scores.8
Epigenetic marks may help us better understand the interaction between genes, the
environment, and health-related quantitative traits, such as cognitive function, and
common disease outcomes.10, 11 The epigenome helps to regulate genes via, for example,
chemical modifications to DNA. DNA methylation typically refers to the addition of a
methyl group to a cytosine nucleotide placed next to a guanine in the DNA sequence.
The addition or removal of the methyl group is a dynamic process and can be tissue
specific with, for example, different epigenetic signatures in blood and brain. The proportion of cytosines methylated at a specific CpG site can be partly explained by both
genetics and lifestyle/environment or a combination of these.12 Studies have examined
the association between DNA methylation with genotype,13, 14 metabolic factors, such as
body mass index,15, 16 and environmental factors, such as smoking.17 However, no largescale population-based studies have examined the association of cognitive function
with DNA methylation in circulating leucocytes.
One aspect of note for epigenetic epidemiology studies of brain-related traits (cognitive
functions, schizophrenia, depression, dementia, etc.) is tissue (and cellular) specificity.
As brain samples are not likely to be available until post-mortem, a proxy tissue is an
attractive possibility to be explored for building relevant epigenetic signatures. In epidemiological studies, the most likely candidate is blood, which, although its methylation
patterns are often dissimilar to those in the brain,18, 19 they have still been linked to mental health traits.20,21,22 Identifying robust methylomic differences in relation to cognitive
traits may improve our ability to predict cognitive decline and better understand the
mechanistic link between cognitive function and deleterious health outcomes.
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Here, we examine, using a meta-analytic approach, the associations between bloodbased DNA methylation and several individual tests of cognitive functions in up to 6809
healthy, older-aged adults. First, we test which, if any, CpG probes are associated with
individual cognitive functions at an epigenome-wide level. Then we investigate these
probes to see if they are (1) under genetic control (methQTLs), (2) stable over time, (3) associated with structural brain-imaging measures, (4) associated with Alzheimer’s disease
case-control status or neuropathology, (5) associated with DNA methylation levels in
different brain regions and (6) associated with blood-based gene expression.

METHODS
Overview
Epigenome-wide association studies were performed in 11 independent cohorts for
seven cognitive function phenotypes. The number of cohorts contributing to each of
the seven tests of cognitive function ranged from 3 to 10 (Table S1). A sample-sizebased meta-analysis of Z-scores was performed on the overlapping cohort summary
output for each cognitive test.

Cohorts
Nine of the eleven cohorts that contributed to the analysis included participants of
European ancestry: Framingham Heart Study, InCHIANTI, Lothian Birth Cohort 1921,
Lothian Birth Cohort 1936, MOBILIZE Boston, Normative Aging Study, Rotterdam Study
(Rotterdam Bios and Rotterdam III) and Twins UK. The Atherosclerosis Risk in the Community (ARIC) and Genetic Epidemiology Network of Arteriopathy’s (GENOA) cohorts
included participants of African American ancestry. Details of each cohort are presented
in Appendix 1.

Cognitive measures
Scores from seven different cognitive tests were assessed:
1. Wechsler Logical Memory23, 24 as a measure of verbal declarative memory. The sum of
the immediate and delayed tasks was used.
2. Wechsler Digit Symbol Test25 or Symbol Digit Modalities Test26 or Letter Digit Substitution Test27 as a measure of processing speed, hereafter referred to as Digit Test.
The total number of correct answers in the allocated time period was used. The three
tests listed above are highly correlated.28
3. Semantic Verbal Fluency29 as a measure of an aspect of executive function (animal
naming - total score).

82

Cognitive function EWAS

4. Phonemic Verbal Fluency29 as a measure of an aspect of executive function (letter
fluency - total score).
5. Trail Making Test Part B30 as a measure of an aspect of executive function (Natural log
(ln) of the time taken in seconds).
6. Boston Naming Test31 or National Adult Reading Test32 or any other measure of vocabulary. The total number of correct answers was assessed.
7. Mini-Mental State Examination (MMSE)33 as a measure of general cognitive function.
Individuals with a score of less than 24 out of 30 were excluded from the analysis.
With the exception of the MMSE scores, any cognitive score that fell above or below 3.5
standard deviations from the mean was set to the mean plus or minus 3.5 standard deviations, respectively. These analyses were performed within each cohort independently
for each cognitive test. Full details of the tests available within each cohort are provided
in Appendix 1.

DNA methylation
Whole-blood DNA methylation was assessed in each cohort using the Illumina HumanMethylation450 BeadChips.34 Quality control was performed according to cohortspecific thresholds, described in Appendix 1. The blood samples for DNA methylation
and cognitive ability were measured concurrently.

structural brain imaging
1.5 T structural brain imaging was assessed in one of the participating epigenome-wide
association study (EWAS) cohorts: The Lothian Birth Cohort 1936. Full details have been
reported previously.35 Here, we considered two measures of white matter connectivity
-fractional anisotropy (directional coherence of water diffusion) and mean diffusivity
(average magnitude of water diffusion) - that have been previously associated with
cognitive function.36, 37

Gene expression
The association between DNA methylation and gene expression was assessed using the
Affymetrix Human Exon 1.0 ST Array in one of the participating cohorts: The Framingham Heart Study. Methodological details are provided in Appendix 1.

ethics
Ethical permission for each cohort is described in Appendix 1. Written informed consent
was obtained from all subjects.
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Statistical analysis
Epigenome-wide association testing
For each cognitive test, two linear regression models were considered - a basicadjustment model and a full-adjustment model. Both models treated methylation at the
CpG sites (untransformed methylation beta value) as the dependent variable with the
cognitive test score as the independent predictor of interest. In the basic-adjustment
model, covariates included age, sex, white-blood cell counts (either measured or
imputed),38 technical covariates such as plate, chip, array and hybridization date, and,
where required, genetic principal components to account for population stratification.
In the fully adjusted model, the following additional covariate terms were included: a
quadratic term for age, an age × sex interaction; smoking status (current, ever, never)
and body mass index. The findings from the fully adjusted model were considered as
the primary output. Measurement details for all variables are presented in Appendix
1. Age was standardized within cohort to mean 0, variance 1, to avoid potential model
convergence issues. Individuals with prevalent dementia or clinical stroke (including
self-reported) were excluded.
Quality control filtering
Prior to the meta-analysis, all probes on sex chromosomes were removed along with
non-CpG probes, and any cross-reactive probes as reported by Chen et al.39 Genomic
correction was applied to any cohort-specific results file with an empirical lambda of
more than 1. The total number of probes included in the meta-analysis for each cognitive trait ranged between 421,335 and 421,633.
Trait-specific meta-analysis
The primary analyses were conducted in R;40 sample-size weighted meta-analyses were
conducted in METAL.41 Several significance thresholds were considered. The most liberal threshold was a within meta-analysis Benjamini-Hochberg false discovery rate of
Q < 0.05. Next was a within meta-analysis Bonferroni corrected p-value threshold: 0.05/
nprobes_max = 0.05/421,633 = 1.2×10-7. Finally, the most conservative threshold applied was
a Bonferroni corrected p-value that also adjusted for the seven meta-analyses: 0.05/
(nprobes×nmeta-analyses) = 0.05/(421,633×7) = 1.7×10-8.
Summary meta-analysis combining all cognitive traits
Finally, a meta-analysis of the summary output from the seven meta-analyses was
conducted for the fully adjusted models using the CPASSOC software42 in R. As the
cohorts contributed to multiple EWAS, and as the as cognitive test scores are positively
correlated,43 a correlation matrix of the CpG Z-scores for the seven cognitive traits was
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included to reduce the false-positive rate.42 A test assuming heterogeneity was assumed
and default input arguments were set.
Methylation quantitative trait loci
To determine if the significant EWAS findings (at the most conservative threshold of
p-value < 1.7×10-8) were partly under genetic control, a methylation QTL analysis lookup
was performed using data from the Lothian Birth Cohorts of 1921 and 1936 (combined
n = 1,366), and the Brisbane Systems Genetics Study (n = 614).44 The discovery and replication thresholds set in that study were p-value < 1×10-11 and p-value < 1×10-6, respectively, with the combined LBC cohorts acting as a discovery dataset (p-value < 1×10-11)
with BSGS as the replication study (p-value < 1×10-6) and vice versa. SNPs within 2 Mbp
of a CpG site were labeled cis methylation QTLs, and only the most significant SNP for
each CpG were considered.
Longitudinal change in methylation
For the significantly associated CpG probes identified in the meta-analyses, longitudinal
data from the Lothian Birth Cohort 1936 were used to chart change in methylation
at these CpGs between ages 70 and 76 years. Stability in methylation levels might be
indicative of potential genetic control or a long-term fixed effect of differential cognitive
function on the probe. Variability in methylation levels may be a by-product or cause of
cognitive change over time. Methylation data were available on participants at ages 70
(n = 920), 73 (n = 800) and 76 (n = 618) years. Linear mixed models with random intercept
terms, adjusting for sex, imputed white-blood cell counts and technical variables, were
used to determine the rate of change over time (the coefficient for the fixed effect age
variable in the model) for each probe.
structural brain-imaging associations with methylation
As cognitive function is a brain-related phenotype, it was of interest to see if bloodbased methylation signatures for cognitive function were related to brain-imaging
measures. Structural MRI data and covariate information were also available in 552
participants at the second wave of the Lothian Birth Cohort 1936 - data from only the
first wave of the cohort were included in the EWAS. The top associations from the EWAS
meta-analyses were assessed at the second wave of the Lothian Birth Cohort 1936 in
relation to age- and sex-adjusted brain structural fractional anisotropy and mean diffusivity using linear regression models, adjusting for age, sex, imputed white cell counts
and technical covariates.
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Blood-brain methylation correlations
Lookup analyses of significant CpG sites were performed in published data sets for both
blood and brain (prefrontal cortex, entorhinal cortex, superior temporal gyrus, and
cerebellum) based EWAS findings for Braak staging and Alzheimer’s disease status.21 A
second lookup was performed using results from blood and Brodmann areas 7, 10 and
20 from post-mortem samples of 16 individuals.45
Gene expression associations
Transcriptome-wide association studies (TWAS) were conducted in the Framingham
Heart Study for any significant probes from the cognitive EWAS. Linear mixed effects
models with expression of each gene as the dependent variable, methylation as exposure and identical covariates to the EWAS were considered. A Bonferroni correction was
applied (p-value < 0.05/nprobes = 0.05/17,873 = 2.8×10-6) to identify statistically significant
associations.

RESULTS
Study sample characteristics
Participants came from 11 cohorts - ranging in size from 219 to 2,307 individuals (Q1–Q3:
435–920), with between 0 and 100% female participants (Q1–Q3: 52–65%), mean age
ranged from 56 to 79 years (Q1–Q3: 60–73). Two of the cohorts (ARIC and GENOA) included participants of African American ancestry; all other cohorts included participants
of European ancestry. The cohort-specific summary details for each cognitive test are
presented in Supplementary Table 1. The basic-adjustment meta-analytic sample-size
ranged from 2,557 individuals for the Trail Making Test to 6,809 individuals for the MMSE.
Similar sample-sizes were observed for the fully adjusted models with the meta-analytic
results presented in Fig. 1 and Table 1.

Epigenome-wide association study model diagnostics
Heterogeneity was observed in the EWAS inflation statistics, both within and across
cohorts (Supplementary Table 2). For example, the minimum and maximum lambda
values in LBC1936 were 1.05 and 1.25, respectively. Prior to meta-analysis, within-cohort
genomic correction was applied where lambda exceeded 1. The meta-analysis genomic
inflation statistics for the basic and fully adjusted models ranged from 0.93 to 1.30, and
0.92 to 1.26, respectively (Table 1).
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Digit Test

Semantic Verbal Fluency

Phonemic Verbal Fluency

2
Fig. 1. Meta-analysis EWAS Manhattan Plots for the seven cognitive tests - full adjustment models*. *Models adjusted for age, sex, age × sex, age2, self-reported smoking status, body mass index, white-blood cell
counts, technical covariates and principal components (population stratification).
Table 1. Summary of meta-analysis results for the seven cognitive tests
cognitive test
MMsea

Trail
Making

Logical
Memory

Vocabulary

Digit
Test

semantic Verbal
Fluency

6405

6809

2557

2988

3013

4794

3678

λ m1

1.3

1.21

0.95

0.97

1.08

1.06

0.93

N locim1

4

1

0

0

3

29

0

6390

6780

2549

2983

3007

4780

3658

λ m2

1.26

1.16

0.97

0.99

1.1

1.03

0.92

N locim2

2

1

0

0

1

2

0

N participants
m1

N participants
m2

Phonemic Verbal
Fluency

a

MMSE Mini-Mental State Examination;
m1 model 1, adjusted for age, sex, cell counts, technical covariates and population stratification (genetic
principal components-cohort specific);
m2 model 2, adjusted for model 1 covariates, smoking, body mass index, age2 and an age × sex interaction
term;

epigenome-wide association study of seven cognitive traits
A list of the within-test epigenome-wide significant associations within a given cognitive test across both models are presented in supplementary Table 3. Significant associations (p-value < 1.2×10-7) were observed in the basic and full adjustment models
for Phonemic Verbal Fluency (n = 4 and n = 2), MMSE (n = 1 for both models), Vocabulary
(n = 3 and n = 1), and Digit Test (n = 29 and n = 2). From the basic-adjustment model, significant CpGs were located in genes associated with, for example: alcohol metabolism
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(ALDH2, Digit Test, cg12142865),46 smoking (AHRR, Digit Test, cg05575921),17 inflammation (CCR9 and PRRC2A, cg10475172 and cg14943908, respectively)47, 48 and neurodegeneration through the beta-amyloid precursor protein interactor GAPDH (Digit Test,
cg00252813).49 In the fully adjusted model, significant CpGs were located in genes
associated with, for example: inflammation (SOCS3, Digit Test, cg18181703),50 epithelial
cell splicing (ESRP2, Vocabulary, cg04513006)51 and transcription activation of NOTCH
proteins (MAML3, Phonemic Verbal Fluency, cg16201957).52 No CpGs were significantly
associated with the Trail Making, Logical Memory or Semantic Verbal Fluency tests.
Methylation at cg21450381 was not associated with any of the six other cognitive traits
in the fully adjusted meta-analytic results at a nominal significance threshold of p-value
< 0.05 (Table 2). However, cg12507869 was associated with lower scores for both Logical
Memory (p-value = 0.043) and Vocabulary (p-value = 9.4×10-5).
Table 2. Lookup of top EWAS associations across all cognitive tests in the fully adjusted models. The pvalues for the initial EWAS associations at p-value < 1.7×10-8 are highlighted in bold
Cognitive Test

N

Z

P

cg21450381

4780

0.51

0.61

cg12507869

4780

-1.44

0.15

cg21450381

3007

-0.61

0.54

cg12507869

3007

-3.91

9.4×10-5

cg21450381

3658

-1.11

0.27

cg12507869

3658

-1.18

0.24

cg21450381

2983

-1.65

0.099

cg12507869

2983

-2.03

0.043

cg21450381

6780

-5.66

1.6×10-8

cg12507869

6780

-1.26

0.21

cg21450381

2549

1.06

0.29

cg12507869

2549

0.87

0.38

cg21450381

6390

-0.61

0.54

cg12507869

6390

-5.96

2.5×10-9

Digit Test

Vocabulary

Semantic Verbal Fluency

Logical Memory

MMSE

Trail-making Test

Phonemic Verbal Fluency

MMSE Mini-mental state examination;
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Variation in results when modifying the significance threshold
Using a less conservative FDR correction for multiple testing identified associations at
a q-value threshold of 0.05 in both the basic and fully adjusted models for Phonemic
Verbal Fluency (n = 49 and n = 2), MMSE (n = 1 for both models), Vocabulary (n = 7 and
n = 3) and Digit Test (n = 309 and n = 14). The FDR-significant probes are presented in
supplementary Table 4.
After Bonferroni correction for CpG sites and the seven cognitive traits - p-value
< 0.05/(420,000×7) - two remaining differentially methylated CpGs were cg21450381
(R2 = 0.47%, p-value = 1.6×10-8) with MMSE scores, and cg12507869 (R2 = 0.55%, p-value = 2.5×10-9) with Phonemic Verbal Fluency. In both cases, higher methylation was associated with lower cognitive scores across all of the contributing cohorts. cg21450281
is located in an intergenic region of chromosome 12; cg12507869 is located in the
inositol polyphosphate-5-phosphatase, 40 kDa (INPP5A) gene on chromosome 10. Both
probes were approximately normally distributed in the Lothian Birth Cohort 1936 (Fig.
2). A forest plot of the Z-scores by cohort sample-size is presented in Fig. 3 and shows
no evidence of ethnic outliers or single cohorts driving the associations.

Fig. 2. Histogram showing the distribution of beta values for the two significant CpGs in the Lothian Birth
Cohort 1936 (n = 920).

combined meta-analysis of all seven cognitive traits
There was no evidence from the combined meta-analytic results of the seven tests for a
globally significant CpG across all tests in the fully adjusted model (minimum BenjaminiHochberg FDR q-value of 0.057 for cg12507869).
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Fig. 3. Forest plots of the Z-scores by cohort sample size for the two significant CpGs. ARIC Atherosclerosis
Risk in the Community, FHS Framingham Heart Study Offspring Cohort, GENOA Genetic Epidemiology Network of Arteriopathy, InCHIANTI Invecchiare in Chianti, LBC Lothian Birth Cohort, MOBILIZE Maintenance
of Balance, Independent Living, Intellect and Zest in the Elderly of Boston, NAS Normative Aging Study, RS
Rotterdam Study, RS-Bios Rotterdam Study-Biobank-based Integrative Omics Studies.

Genetic contributions to cognitive-related differential methylation
A methylation QTL lookup44 analyses identified no SNPs to be associated with
cg21450381. The top SNP for cg12507869 (rs113565688 in the INPP5A gene on chromosome 10) explained around 1.2% of the variance in methylation (p-values of 3.6×10-13
and 5.4×10-5 in the Australian and Scottish cohorts, respectively). There is no overlap
of this SNP with cognitive traits based on a recent GWAS conducted in the UK Biobank
cohort: rs113565688 association with memory (p-value = 0.55), reaction time (p-value
= 0.42), verbal-numerical reasoning (p-value = 0.17) and educational attainment (pvalue = 0.13).8

Longitudinal changes in methylation at cognitive-related differential
methylation sites
Longitudinal analyses over three waves of data (ages 70, 73 and 76 years) from LBC1936,
adjusting for sex, imputed white-blood cell counts and technical variables, found no
evidence for a linear change in the methylation of either probe over a relatively narrow
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period in later-life. The mixed model standardized effect size for change in cg12507869
was 0.02 standard deviations per year, p-value = 0.13; the standardized effect size for
cg21450381 was -0.02, p-value = 0.40. Without adjustment for covariates, the across
wave correlations for cg12507869 were 0.62 (age 70: age 73), 0.63 (age 70: age 76) and
0.68 (age 73: age 76). The corresponding correlations for cg21450381 were 0.04, 0.10
and 0.30, respectively.

Association of brain Mri features with cognitive-related differential
methylation
There were no significant associations between the top two CpGs and either of the brain
MRI measures of white matter connectivity (mean diffusivity minimum p-value = 0.56;
fractional anisotropy minimum p-value = 0.28) at age 73 in the LBC1936 (n = 552).

correlation of blood and brain methylation at the cognitive-related differential
methylation
Two blood-brain comparisons were conducted. The first, using a blood-brain DNA
methylation comparison tool18 [http://epigenetics.essex.ac.uk/bloodbrain/], provided
no evidence for a significant correlation between blood-methylation at either probe
with methylation in four brain regions (prefrontal cortex, entorhinal cortex, superior
temporal gyrus and cerebellum, supplementary Figs. 1 and 2). Whereas the mean of
the cg21450381 probe was similar to the means for the four brain regions, the mean of
the cg12507869 probe in blood was markedly different (hypomethylated) to the means
for the prefrontal cortex, entorhinal cortex, superior temporal gyrus (supplementary
Figs. 1 and 2). It was, however, similar to the mean of the cerebellum. The second comparison, using BECon45 [https://redgar598.shinyapps.io/BECon/] showed the same mean
methylation levels for cg21450381 between blood and Brodmann areas 7, 10 and 20;
cg12507869 was again hypomethylated in blood compared to the three brain regions.
There were moderate correlations between blood-methylation and Brodmann area
20 for both CpGs (r = 0.43 for cg12507869 and r = -0.46 for cg21450381) and between
Brodmann area 7 and cg12507869 (r = 0.31).

Association of cognitive-related differential methylation with Braak staging
and Alzheimer’s disease
None of the six CpGs that were epigenome-wide significant in the fully adjusted EWASs
at p-value < 1.2×10-7 were associated with Braak staging or Alzheimer’s case-control
status in either blood or brain-based methylation (minimum FDR q-value 0.51, supplementary Table 5).
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Transcriptome-wide association study
There were no significant TWAS results for cg21450381. The minimum p-value observed
was 0.00013 (Q = 0.51). There were nine significant TWAS results for cg12507869 at pvalue < 2.8×10-6 and 41 at Q < 0.05. There was a nominal inverse association between the
INPP5A transcript and CpG (p-value = 0.049, Q = 0.65). The full TWAS output for the two
CpGs is shown in Supplementary Tables 6 and 7.

DISCUSSION
This study presents a meta-analysis of the relationship between blood-based DNA methylation and cognitive function. We analyzed seven different cognitive tests and found
two epigenome-wide methylation correlations: cg21450381, located in an intergenic
region of chromosome 12, with global cognitive function (as measured by the MMSE);
and cg12507869, located in the INPP5A gene on chromosome 10, with phonemic verbal
fluency. Methylation at the latter CpG was also associated with two other cognitive tests
(logical memory and vocabulary) at a nominal p-value < 0.05 threshold. Genetic analyses
of the top two CpGs showed a modest cis regulation for one of the probes, suggesting
that the vast majority of the methylation variation at the cognitive-related differentially
methylated sites are due to environmental influences. Blood-based methylation levels
at both of the CpGs correlated with methylation levels in Brodmann area 20 (cerebral
cortex).
INPP5A is a member of the inositol polyphosphate-5-phosphatase (INPP5) family of
genes that encode enzymes that hydrolyze inositol 1,4,5 triphosphate (IP3). It is involved
in the mobilization of intracellular calcium and has been implicated in cerebellar degeneration in mice.53 A second INPP5 family member, INPP5D, has been associated with
Alzheimer’s Disease and cognitive decline,54, 55 further implicating this gene family in
cognitive functions. cg21450381 is located in an intergenic region of chromosome 12,
that contains a histone modification mark (H3K27Ac), DNAaseI hypersensitivity clusters
and evidence of transcription factor-binding sites, which indicates that the region may
be involved in gene regulation.56
In a TWAS analysis of the top two probes in the Framingham Heart Study (n > 1,900),
there was no evidence for an association between cg21450381 and blood-based gene
expression. Of the nine Bonferroni-significant transcripts in the TWAS of cg12507869,
eight were trans associations, with the cis association occurring in ADAM12, which is
more than 6 Mb from INPP5A. There was no evidence of a cis effect of the CpG on the
INPP5A expression levels.
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Disentangling correlation from causation is particularly tricky when studying epigenetic
marks in a non-target tissue. By increasing the sample sizes of the meta-analytic EWAS
and replicating any findings across different cognitive domains will reduce the chances
of false-positive associations. It is, of course, possible that a reliable blood-based epigenetic marker of cognitive function may be several degrees of separation away from
the biological processes that drive cognitive skills. For example, the signal could be in
response to neurotoxic events, such as inflammation, oxidative stress or small vessel disease. However, the discrimination of cause from consequence is something that affects
many epigenetic epidemiology studies. Approaches that may overcome this include
Mendelian randomization studies where a methQTL can be used as an instrument or the
use of mouse models to dissect functional consequences of DNA methylation on gene
regulation.
There are additional limitations of this study: a varying number of participants with
cognitive data available for each test; heterogeneity in relation to the ethnicity and
geographical location of the participants across cohorts; and relating a blood-based
methylation signature to a brain-based outcome. We attempted to counter these limitations by: plotting cohort sample-size by Z-score to see if there was bias due to outliers
or clustering by ethnicity; adjusting for population stratification in the cohorts with admixture; correlating the blood-based CpG associations with methylation levels in several
brain regions; looking at the association between brain region-specific methylation and
Alzheimer’s disease phenotypes for the blood-based CpG associations. It is possible that
bias may have been introduced in the secondary analyses that focused on the MRI, gene
expression and longitudinal methylation data, as both the LBC1936 and Framingham
studies contributed to the discovery meta-analyses. Re-running the meta-analyses
without these cohorts yielded: p-values of 1.3×10-7 and 7.1×10-6 for the phonemic verbal
fluency finding (cg12507869), excluding Framingham and LBC1936, respectively; and
p-values of 1.7×10-8 and 3.3×10-6 for the MMSE finding (cg21450381), again excluding
Framingham and LBC1936, respectively. Whereas the longitudinal methylation and
MRI findings were null, the cis and trans expression-methylation associations warrant
confirmation in an independent sample. The methQTL findings were based on highly
stringent discovery and replication p-value thresholds in both LBC and an independent
cohort, BSGS.
Neither of the top two CpGs showed signs of linear change in methylation levels between the ages of 70 and 76 years in one of the participating studies (LBC1936) that had
three waves of longitudinal data. It is possible that non-linear changes may be present
although additional waves of data collection would be required to test this robustly. In
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addition, a 6-year window is possibly too narrow to observe substantial changes in the
CpG levels.
It is notable that the two significant CpG associations were found for the cognitive
tests that were completed by the largest number of participants (n > 6,000). The study
provided results for a list of cognitive tests that cover several major cognitive domains:
memory, processing speed, executive function, vocabulary and global ability. The heterogeneity with respect to ethnicity and geographic location can allow us to generalize
our findings to multiple populations.
Blood is the most feasible tissue for epigenetic epidemiology analyses of cognitive function. Brain would be the ideal target tissue although this would make it impossible to
have simultaneous cognitive function data. Moreover, epigenome-wide studies of other
brain-related outcomes, such as schizophrenia, have identified putative blood-based
methylation signatures.22
In conclusion, we have presented evidence for blood-based epigenetic correlates of cognitive function. Specifically, we identified methylation sites that are linked to an aspect
of executive function and global cognitive ability. The latter finding relied on a relatively
crude cognitive test (the MMSE), which is commonly used to identify individuals at risk
of dementia. One of the two CpG sites identified was under modest genetic control,
with a cis SNP explaining over 1% of its variance. Unlike other traits, such as smoking
and body mass index,15, 17 there are relatively modest methylation signatures for cognitive function. However, our analyses concur with other recent studies to suggest that
blood-based methylation signatures may be useful tools to interrogate differences in
brain-related outcomes.
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ABSTRACT
The aim of our study is to investigate whether single-nucleotide dystrophin gene (DMD)
variants associate with variability in cognitive functions in healthy populations. The
study included 1,240 participants from the Erasmus Rucphen Family (ERF) study and
1,464 individuals from the Rotterdam Study (RS). The participants whose exomes were
sequenced and who were assessed for various cognitive traits were included in the
analysis. To determine the association between DMD variants and cognitive ability, linear (mixed) modeling with adjustment for age, sex and education was used. Moreover,
Sequence Kernel Association Test (SKAT) was used to test the overall association of the
rare genetic variants present in the DMD with cognitive traits. Although no DMD variant
surpassed the prespecified significance threshold (p-value < 1×10−4), rs147546024:A>G
showed strong association (β = 1.786, p-value = 2.56×10−4) with block-design test in
the ERF study, while another variant rs1800273:G>A showed suggestive association (β
= −0.465, p-value = 0.002) with Mini-Mental State Examination test in the RS. Both variants are highly conserved, although rs147546024:A>G is an intronic variant, whereas
rs1800273:G>A is a missense variant in the DMD which has a predicted damaging effect
on the protein. Further gene-based analysis of DMD revealed suggestive association (pvalues = 0.087 and 0.074) with general cognitive ability in both cohorts. In conclusion,
both single variant and gene-based analyses suggest the existence of variants in the
DMD which may affect cognitive functioning in the general populations.
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iNTroDUcTioN
The dystrophin gene (DMD) is localized on the X chromosome. Variants in DMD have
been recognized as a cause of the most common form of muscular dystrophy during
childhood, Duchenne muscular dystrophy (DMD).1 This fatal, X-linked disorder leads to
progressive muscle weakness and less well-described non-progressive central nervous
system (CNS) manifestations.2
A consistent finding among patients with DMD is the reduction in full-scale intelligence
quotient. Although most individuals are not intellectually disabled, risk for cognitive
impairment is increased among affected males and up to 30% of patients have intellectual disability.3, 4, 5 Apart from intellectual abilities, frequently reported neurocognitive
function impairment has been published.6 Deficits in short-term memory, executive
functions, visuospatial ability, as well as deficits in some aspect of attention, problems
with narrative, linguistic and reading skills have been described, irrespective of general
intelligence.7-12 Moreover, a higher incidence of different neuropsychiatric disorders,
such as autism spectrum, attention deficit hyperactivity disorder, obsessive-compulsive
disorders, and social behavior problems has been revealed among affected males.13-17
The impact of DMD on cognitive ability in cognitively healthy populations has not been
studied to the best of our knowledge; therefore, in the current study we aim to investigate whether single-nucleotide DMD variants associate with variability in cognitive
functions in general populations, suggesting loci in the DMD contributing to cognition,
besides genuine DMD variants.

MATeriAL AND MeTHoDs
study populations
Our study population consisted of subjects from Erasmus Rucphen Family (ERF) and Rotterdam Study (RS). ERF is a family-based study that includes inhabitants of a genetically
isolated community in the South-West of the Netherlands, studied as part of the Genetic
Research in Isolated Population (GRIP) program.18 Study population includes ~3,000
individuals who are living descendants of 22 couples who had at least six children
baptized in the community church. All data were collected between 2002 and 2005. The
population shows minimal immigration and high inbreeding; therefore, frequency of
rare alleles is increased in this population. All participants gave informed consent, and
the Medical Ethics Committee of the Erasmus University Medical Centre approved the
study.
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The RS is a prospective, population study from a well-defined Ommoord district in the
Rotterdam city that investigates the occurrence and determinants of diseases in the
elderly.19 The cohort was initially defined in 1990 among ~7,900 persons who underwent a home interview and extensive physical examination at the baseline and during
follow-up rounds every 3–4 years. Cohort was extended in 2000 and 2005.19 RS is an
outbred population, predominantly of Dutch origin. The Medical Ethics Committee of
the Erasmus Medical Center, Rotterdam, approved the study. Written informed consent
was obtained from all participants.

Data collection procedure
Participants from both cohorts underwent extensive neuropsychological examination.
In ERF study, different cognitive domains were assessed using Dutch validated battery of
neuropsychological tests.20,21 We focused on neurocognitive domains which are known
to be affected in patients with DMD.8-12 General cognitive ability was assessed with the
Dutch Adult Reading Test (DART). Memory function was measured with a word learning
test from which immediate recall and learning scores were derived while executive function was assessed with the Trail Making Test (TMT) parts A and B22 and verbal fluency
tests.22 Visuospatial ability was assessed with the WAIS-III block-design subtest.
In the RS, global cognitive function was assessed with the Mini-Mental State Examination
(MMSE) test, while executive function and information processing speed were assessed
with the Letter-Digit Substitution Task (LDST),23 the Word Fluency Test (WFT)24 and the
abbreviated Stroop test.25 Examination was performed at baseline (MMSE) and during
follow-up rounds (MMSE, LDST, and WTF).
Participants from both cohorts who had dementia or clinical stroke were excluded from
the analysis as these conditions can influence neuropsychological assessment.

Genotyping/sequencing
The exomes of 1,336 individuals from the ERF population were sequenced ‘in-house’ at
the Center for Biomics of the Cell Biology Department of the Erasmus MC, The Netherlands, using the Agilent version V4 capture kit (Agilent Technologies, Santa Clara,
CA, USA) on an Illumina Hiseq2000 sequencer (Illumina, San Diego, CA, USA) using the
TruSeq Version 3 protocol (Illumina). The sequence reads were aligned to the human
genome build 19 (hg19) using BWA and the NARWHAL pipeline.26,27 The aligned reads
were processed further using the IndelRealigner, MarkDuplicates and TableRecalibration
tools from the Genome Analysis Toolkit (GATK) and Picard (http://picard.sourceforge.
net). Genetic variants were called using the Unified Genotyper tool of the GATK. About
1.4 million single-nucleotide variants (SNVs) were called and after removing the low102
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quality variants (QUAL < 150) we retrieved 577,703 SNVs in 1,309 individuals. Further,
for prediction of the functionality of the variants, annotations were performed using the
SeattleSeq database (http://snp.gs.washington. edu/SeattleSeqAnnotation131).
In the RS, exomes of 1,764 individuals from the RS-I population were sequenced using
the Nimblegen SeqCap EZ V2 capture kit (Roche NimbleGen, Madison, WI, USA) on an
Illumina Hiseq2000 sequencer and the TruSeq Version 3 protocol. The sequences reads
were aligned to the hg19 using Burrows-Wheeler Aligner.27 Subsequently, the aligned
reads were processed further using Picard (http://picard.sourceforge.net), SAMtools28
and GATK.29 Genetic variants were called using Unified Genotyper Tool from GATK.
Samples with low concordance to genotyping array (< 95%), low transition/transversion
ratio (< 2.3) and high heterozygote to homozygote ratio (> 2.0) were removed from the
data. The final data set consisted of 903,316 SNVs in 1,524 individuals.

statistical analysis
Baseline descriptive analysis was performed with SPSS version 17 (IBM, New York, NY,
USA). Deviation from normality of cognitive functions was assessed by histograms and
P-P plots. As the ERF study includes related individuals, all single variants in DMD were
tested for association applying additive linear-mixed modeling with the ‘mmscore’ function adjusting for age, sex and education in the GenABEL library of the R software.30 The
‘mmscore’ function uses the relationship matrix estimated from genomic data in the
linear mixed model to correct for relatedness among the samples. Additionally, for the
most interesting results gender-stratified analysis was also performed. As most of these
cognitive tests are correlated (the Pearson correlation coefficient ranged from 0.219 to
0.670), to adjust for multiple testing we first calculated the effective number of independent tests using the eigenvalues of a correlation matrix using the Matrix Spectral
Decomposition (matSpDlite) software,31 finally Bonferroni correction was applied for the
effective number of independent tests. The same strategy was also adopted for modeling linkage disequilibrium between the SNVs of the DMD. Considering the number of
independent cognitive tests and independent variants, the significance threshold was
set to 0.05/(4 independent cognitive tests×124 independent variants) = 1×10−4, whereas
suggestive threshold was set to 1/(4 independent cognitive tests×124 independent variants) = 2×10−3. SNVs were coded 0, 1, 2 for genotypes AA, AB, BB in females, respectively,
and 0, 2 for genotypes A, B in males.
Since sequencing is likely to reveal several variants that may be population specific, we
also performed the gene-based Sequence Kernel Association Test (SKAT), a test specifically designed to analyze rare sequence variation in a specific gene/region.32 Assessing
the joint effect of multiple variants within the gene/region, the SKAT is proposed as a
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more powerful approach for rare variants than a classical single variant analysis and several burden tests.32 The significance threshold for gene-wise analysis was set to 0.05/4
independent cognitive tests = 0.0125, while the suggestive threshold was set to 1/4
independent test = 0.25.
To assess the relationship between the SNVs outside the protein-coding regions with
gene expression in the tissue, we used the Genotype-Tissue Expression (GTEx) project
database.33
The data were deposited in the GWAS Central database, under the accession number
HGVST1824 (http://www.gwascentral.org/study/HGVST1824).

RESULTS
General characteristics of the studied populations are shown in Table 1. The mean age in
ERF was 48 years and 39% of the participants were males while mean age in RS was around
68 years and 44% of the participants were males. Around 30% of participants in the ERF
study had only primary education compared with around 36% subjects in the RS.
Table 1. Descriptive statistics of the study populations
ERF

RS baseline

RS follow up

N

1241

1464

902

Age

47.9 (14.4)

68.1 (9.4)

72.0 (7.1)

Gender (% of males)

39.3%

44.3%

44.8%

Education (% of only primary education)

29.8%

35.6%

29.3%

27.7 (1.8)

27.7 (2.0)

Cognitive tests
Dutch Adult Reading Test, mean (sd)

58.56 (20.31)

AVLT - Immediate recall, mean (sd)

4.37 (1.69)

AVLT - Learning, mean (sd)

33.55 (9.01)

Ratio TMT-B / TMT-A, mean (sd)

2.68 (1.02)

Verbal fluency, mean (sd)

61.66 (18.21)

Block design test, mean (sd)

8.24 (2.77)

Mini-mental state examination, mean (sd)
Letter-Digit Substitution Task, mean (sd)

27.0 (7.2)

Word Fluency Test, mean (sd)

21.3 (5.5)

Abbreviations: AVLT, Auditory Verbal Learning Test; ERF, Erasmus Rucphen Family; N, number of participants; RS, Rotterdam Study; TMT-A, TMT-B, Trail Making Test parts A and B.
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Number of SNVs in the DMD discovered by exome sequencing was 165 in the ERF and
482 in the RS (supplementary Table 1). Around 70% of variants in the DMD had minor
allele frequency (MAF) lower than 0.05 in ERF compared with around 98% of variants in
the RS.
The results of the association analysis between SNVs in the DMD and cognitive functions
with nominal level of significance in ERF study are presented in Table 2. Although none
of the findings surpassed multiple testing correction using a Bonferroni threshold of
1×10−4, strong association was observed between rs147546024:A>G (β = 1.786, p-value
= 2.56×10−4) and the block-design test. Gender-stratified analysis showed nominally
significant association in both genders (β = 1.796, p-value = 0.009 in males and β =
1.623, p-value = 0.018 in females). This rare (A→G) variant with MAF of 0.011 was localized in the intron 1 of the DMD (chrX.hg19:g.33146086A>G) and although being highly
conserved over species (conservation score GERP = 4.08) has an unknown effect on the
protein. On the basis of localization, we studied the relationship of this variant with gene
expression in human tissues GTEx database but no significant eQTLs were found for this
variant. The family-based design of the ERF study allowed us to check whether all the
carriers (n = 24) of this variant were closely related. All carriers were connected to each
other in 10 generations (Figure 1).
Next, we explored the association of rs147546024:A>G in the population-based study
(RS). Even though rs147546024:A>G is a previously identified genetic variation in dbSNP
database (present in 6 copies in 1000 Genomes with an MAF of 0.004) it was not present in RS and was not in linkage disequilibrium with any of the other SNVs of DMD.
This prompted us to look for overlapping variants between the two studies. Among
34 overlapping variants we identified the most interesting overlapping finding that is
shown in Table 3. Among these variants, rs1800273 (chrX.hg19:g.31986607G>A) had
similar MAF in both studies (0.038 in the ERF and 0.033 in the RS), similar effect size
and same direction of the effect in both cohorts and was suggestively associated with
block-design test in the ERF study (β = −0.424, p-value = 0.066) and with MMSE in RS (β
= −0.465, p-value = 0.002) (Table 3). This G→A variant is localized in exon 45 of the DMD
and is classified as a missense variant with a predicted damaging effect on the protein
(PolyPhen score = 0.99, conservation score GERP = 2.52). This variant is present in 23
copies in 1000 Genomes with an MAF of 0.014. All carriers of the variant in the ERF were
connected to each other (Figure 2).
In the gene-based analysis using SKAT suggestive associations (p-values 0.087 and
0.074) were also observed both in ERF and in RS for DART and MMSE, respectively.
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AVLT - Learning

AVLT - Immediate recall

Memory

Dutch Adult Reading Test

General cognitive ability

Cognitive test

32715801 G
31224881 A
31224684 G
31224994 G

23:32715801

rs2293668
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Genomic
positiona

Table 2. Association of DMD variants with cognitive abilities in ERF study

Effect

1194 1.145

1228 1.161

1228 1.161

1221 6.139

1221 0.836

1228 0.311

1225 -2.814

1221 -8.105

1225 -1.639

1225 -1.639

1225 -1.815

1215 -3.053

1146 -3.246

1225 -9.496

1225 -3.448

1225 -3.448

1225 3.226

1222 3.839

N

0.468 1.70E-02

0.472 1.62E-02

0.472 1.62E-02

2.015 2.93E-03

0.408 4.85E-02

0.138 3.04E-02

1.428 4.96E-02

4.089 4.82E-02

0.798 4.07E-02

0.798 4.07E-02

0.882 4.03E-02

1.460 3.72E-02

1.530 3.44E-02

4.213 2.47E-02

1.528 2.45E-02

1.528 2.45E-02

1.419 2.35E-02

1.456 8.59E-03

SE

Nominal
p-value

0.077

0.076

0.076

0.003

0.003

0.035

0.042

0.006

0.160

0.160

0.124

0.038

0.034

0.004

0.035

0.035

0.043

0.042

MAF

0.141

0.467

0.467

1

1

0.282

0.105

1

0.499

0.499

0.081

0.161

0.006

1

1

1

0.392

0.392

HWE
p-value

unknown

unknown

unknown

unknown

unknown

0.01

unknown

unknown

unknown

unknown

unknown

unknown

unknown

unknown

0.981

0.281

unknown

unknown

PolyPhen
prediction

3.65

3.96

1.29

2.84

2.84

2.92

2.83

3.9

-1.32

2.12

2.76

4.25

-0.067

-1.47

5.4

1.66

-1.75

0.018

GERP
conservation
score
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effect

1220 -2.513

1220 -1.673

1218 -2.144

1211 1.786

1229 -4.038

1229 -8.246

1225 7.426

1202 -0.098

1223 -0.101

1228 1.419

1228 -7.458

1.043 2.03E-02

0.650 1.32E-02

0.629 1.01E-03

0.470 2.56e-04

1.993 4.95E-02

3.758 3.34E-02

3.124 2.12E-02

0.048 4.55E-02

0.048 3.99E-02

0.685 4.30E-02

3.541 3.97E-02

se
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p-value
MAF

0.002

0.004

0.004

0.011
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0.004

0.007

0.149
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0.001

1

1

1

1

1

1

1

0.570

0.072

0.282

1.000
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2.15
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2.06
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Abbreviations; AVLT, Auditory Verbal Learning Test; DMD, dystrophin gene; GERP, the program that generates the conservation score; HWE, Hardy-Weinberg equilibrium;
MAF, minor allele frequency; N, number of individuals; SE, standard error; TMT-A, TMT-B, Trail Making Test parts A and B. The most significant finding is printed in bold.
a
Genomic positions are according to hg19 assembly.

Block design test

Visuospatial

Verbal fluency

Ratio TMT-B / TMT-A

Executive

cognitive test

Genomic
positiona

reference
allele

Table 2. Association of DMD variants with cognitive abilities in ERF study (continued)
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Figure 1. Carriers of the SNV that achieved the strongest association in the ERF. Carriers are indicated in
black.
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Figure 2. Carriers of the overlapping SNV in the ERF. Carriers are indicated in black.
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N

G

G
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A

A

Variant
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-0.465

-0.424

Effect

0.151
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SE
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p-value

0.033
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MAF

0.999

0.999

PolyPhen
prediction

2.52

2.52

GERP
conservation
score

Abbreviations: ERF, Erasmus Rucphen Family; GERP, the program that generates the conservation score; MAF, minor allele frequency; MMSE, mini-mental state examination; N, number of individuals; RS, Rotterdam study; SE, standard error.
a
Genomic positions are according to hg19 assembly.

MMSE
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Block design test

ERF

Genomic
positiona

Table 3. Overlapping variant in both cohorts
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DiscUssioN
The aim of this study was to investigate possible impact of genetic variants in the DMD
on cognitive ability in the general population. Even though none of the DMD variants
surpassed the prespecified significance threshold, rs147546024:A>G was suggestively
associated with block-design test in ERF, whereas rs1800273:G>A was nominally associated with MMSE test in the RS and marginally associated with block-design test in ERF.
rs147546024:A>G is localized in the intron 1,196 bp far from the promoter of full-length
protein isoform (Dp427p), which is expressed predominantly in the Purkinje cells of the
hippocampus. The frequency of this variant in 1000 Genomes was observed to be 0.005
in individuals of European origin compared with ERF where the frequency was 0.011.
This enrichment is expected due to genetic drift and isolation of the ERF population.18
Functional prediction of this variant showed high conservation score and unknown effect on the protein while gene expression analysis found no significant eQTLs in various
human tissues. Interestingly, the rare allele of rs147546024:A>G was associated with
better cognitive performance on block-design test which is designed to assess visuospatial ability. Similar to some studies which have described a sex difference in cognitive
ability with a male advantage on the spatial domains,34 our study confirmed slight, but
not significant, higher scoring of males on block-design test. It is known that better
performance on block-design test is associated with autistic spectrum disorder35-37 and
DMD is recognized as one of susceptibility genes for autism disorder.38,39 Suppression of
the global configuration to process the information in a detailed manner, essential for
this test, is described as a main characteristic of autistic patients.40-43
Another biologically interesting finding while searching for overlapping variants in both
studies was the missense G→A variant, rs1800273:G>A, which we found associated with
block-design test in ERF and the test of global cognitive ability (MMSE) in RS. This variant
was observed at a frequency of 0.033 in the individuals of European origin and absent
in those of African and Asian origin. Localized in exon 45 of the DMD, this variant was
classified as a missense variant with a predicted damaging effect on the protein. Since
the DMD has three upstream and four intragenic promoters that control expression of
full-length (Dp427c, Dp427m and Dp427p) and short protein isoforms (Dp260, Dp140,
Dp116 and Dp71), exon 45 is present in the four different isoforms (Dp427c, Dp427m,
Dp427p and Dp260) among which Dp427c and Dp427p are expressed in the brain.44
The Dp427c is expressed predominantly in neurons of the cortex and the CA regions
of the hippocampus. It has been shown that this form of protein dystrophin colocalizes
with inhibitory GABA receptor clusters at the postsynaptic membranes of hippocampal
and neocortical pyramidal neurons where the synapse function is modulated.45, 46, 47, 48
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According to various studies this dystrophin isoform has a stabilizing effect on the GABA
receptors by limiting their lateral diffusion outside the synapse.49,50 Importance of GABA
receptors for the regulation of cognition, emotion and memory is increasingly being
recognized.51,52 The Dp427p is expressed in the cerebellar and hippocampal Purkinje
cells and in the cortical brain.53,54 However, exon 45 does not affect three shorter DMD
isoforms (Dp140, Dp116 and Dp71) which are known to be associated with cognitive
function in DMD.55,56 rs1800273:G>A was detected earlier in DMD patients and is present in the Leiden Muscular dystrophy database.57 Since majority of DMD patients have
cognitive impairment, the association of rs1800273:G>A with DMD may represent association with cognitive impairment. However, the presence of this variant and lack of
the dystrophin protein - which can by itself lead to cognitive impairment - would make
it difficult to study the separate effect of this variant in DMD patients.
One of the difficulties that our study had to deal with is heterogeneity in classification
of phenotypes. Even though various cognitive tests are used in the studied populations,
different cognitive domains can be compared since they are correlated. Therefore, moderate correlation (the Pearson correlation coefficient of 0.429, p-value < 0.0001) between
visuospatial ability and global cognition ability in the ERF, as well as correlation (the
Pearson correlation coefficient of 0.460, p-value < 0.0001) between visuospatial ability
and executive function which is recognized as a central domain of cognitive functioning58,59 allow us to compare association of the most interesting overlapping variant with
block-design test in the ERF and MMSE test in the RS.
The majority of variants called in our study were rare variants. Even though there is
growing evidence that rare variants contribute to etiology of different complex traits,
the search for rare variants is very difficult and challenging. Standard methods used to
test for association with single common genetic variants are not powerful enough for
the analysis of rare variants.60, 61, 62 Therefore with the available sample size, our study had
limited power to detect association. This we attempted to overcome using the recently
proposed gene-based analysis (SKAT) design for rare variant analysis.32 Assessing the
cumulative effect of multiple variants in DMD implied only suggestive p-value for both
cohorts. Still like other approaches that deal with rare variants this approach also has
limitations in terms of power but suggestive p-values generated by SKAT pointed out
that variants in the DMD may affect cognitive functioning in healthy populations.
In conclusion, analyzing the sequence variants in the exon of DMD in two cognitively
healthy cohorts we find evidence of association of DMD with cognitive functioning in
healthy individuals. Larger studies are required for confirmation.
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ABSTRACT
Duchenne muscular dystrophy (DMD) is the most common form of muscular dystrophy
during childhood. Mutations in dystrophin (DMD) gene are also recognized as a cause
of cognitive impairment. We aimed to determine the association between intelligence
level and mutation location in DMD genes in Serbian patients with DMD. Forty-one
male patients with DMD, aged 3 to 16 years, were recruited at the Clinic for Neurology and Psychiatry for Children and Youth in Belgrade, Serbia. All patients had defined
DMD gene deletions or duplications [multiplex ligation-dependent probe amplification
(MLPA), polymerase chain reaction (PCR)] and cognitive status assessment (Wechsler
Intelligence Scale for Children, Brunet-Lezine scale, Vineland-Doll scale). In 37 patients
with an estimated full-scale intelligence quotient (FSIQ), six (16.22%) had borderline
intelligence (70 < FSIQ ≤ 85), while seven (18.92%) were intellectually impaired (FSIQ <
70). The FSIQ was not associated with proximal and distal mutations when boundaries
were set at exons 30 and 45. However, FSIQ was statistically significantly associated with
mutation location when we assumed their functional consequence on dystrophin isoforms and when mutations in the 5’-untranslated region (5’UTR) of Dp140 (exons 45–50)
were assigned to affect only Dp427 and Dp260. Mutations affecting Dp140 and Dp71/
Dp40 have been associated with more frequent and more severe cognitive impairment.
Finally, the same classification of mutations explained the greater proportion of FSIQ
variability associated with cumulative loss of dystrophin isoforms. In conclusion, cumulative loss of dystrophin isoforms increases the risk of intellectual impairment in DMD
and characterizing the genotype can define necessity of early cognitive interventions in
DMD patients.
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iNTroDUcTioN
Duchenne muscular dystrophy (DMD) is the most common form of muscular dystrophy
during childhood, affecting 1 in 3,500 live born males.1 This fatal, X linked disease, leads
to progressive muscular weakness and less well described non progressive central nervous system manifestations.
The consistent finding in patients with DMD is reduction in a full-scale intelligence quotient (FSIQ) by one standard deviation (SD) from the population mean.1,2 Although most
affected boys are not intellectually disabled, the risk of cognitive impairment is increased
in DMD patients. Therefore, up to 30% of patients have intellectual disability with a FSIQ
of less than 70, including around 3% of them with severe impairment and FSIQ of less
than 50.2,3 Duchenne muscular dystrophy is caused by various types of mutations within
the dystrophin gene (DMD),4 which changes the reading frame of coding transcripts affecting the production of protein dystrophin.5 Expression of the dystrophin is controlled
by three upstream promoters, which produce full-length dystrophin isoform (Dp427)
and four internal promoters that regulate production of shorter dystrophin isoforms
(Dp260, Dp140, Dp116 and Dp71).6–9 Dp427 is expressed in skeletal and cardiac muscle,
brain and Purkinje cells, Dp260 is expressed in retina,10 Dp140 in brain, retina and kidney,11 while Dp116 is present in peripheral nerves.12 Dp71 is the most abundant isoform
in non muscular tissues and represents the major product in the adult brain.13 The dystrophin is a part of dystrophin-associated glycoprotein complex, and in the brain, it is
involved in the clustering of ion channels and postsynaptic membrane receptors during
synaptogenesis,9 suggesting that loss of its function may be responsible for intellectual
impairment and cognitive deficits in DMD patients. Cognitive deficit is likely the result
of cumulative loss of Dp427, Dp140 and Dp71,9,14 whereas loss of Dp71 contributes to
the severity of cognitive impairment.14,15 Recently, one more dystrophin isoform (Dp40),
produced from the same promoter as Dp71 but by the use of an alternative polyadenylation site, has been implicated in presynaptic function.16
Although cognitive impairment has frequently been reported, systematized data on
the cognitive profile of patients with DMD in Serbia is lacking. Therefore, the aim of
this study was to determine frequency of intellectual impairment and to examine association of intelligence level with mutation location and affected dystrophin isoforms
among our patients with DMD.
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MATERIALS AND METHODS
Patient Data
Forty-one patients with DMD were recruited retrospectively at the Clinic for Neurology
and Psychiatry for Children and Youth in Belgrade, Serbia, during the period between
1992 and 2013. The diagnosis of DMD was based on the clinical onset of the disease
before 5 years of age, initial or clear neurological signs of decline of motor function at
the age of 6 years, decline of motor function or positive family history of DMD for boys
younger than 6 years, elevated serum creatine kinase levels and confirmed mutation in
the DMD gene. All recruited patients were unrelated except of one sibling pair.
All patients and/or their parents gave informed consent concerning the use of the data
for research. This study was approved by the Ethics Committee of the Clinic for Neurology and Psychiatry for Children and Youth, Belgrade, Serbia.

Methods: Genetic Analysis
Deletions and duplications were detected via multiplex ligation-dependent probe amplification (MLPA) using two probe mixes, P034 and P035 (MRC Holland, Amsterdam, The
Netherlands)17 at the Center for Human Molecular Genetics at the Faculty of Biology in
Belgrade, Serbia. A few samples were analyzed via multiplex polymerase chain reaction
(PCR)18–20 at the Institute of Human Genetics at the Faculty of Medicine in Belgrade, Serbia, were included in the analyses as the mutation location allowed us to unequivocally
assign the altered dystrophin isoforms.
Mutations were described using Human Genome Variation Society (HGVS) nomenclature.21 The positions of the mutations were determined in relation to reference
sequence NM_004006 (GenBank) at cDNA level and in relation to reference sequence
UniProtKB:11532 (Uni ProtKB/Swiss-Prot) at protein level. The mutation effect on the
reading frame was determined using software DMD gene reading frame checker (available at http://www.dmd.nl/).
Since the effect of mutation location on FSIQ was expected to be different, all mutations
were divided into two structural groups according to previously applied classifications.22,23 The mutations localized upstream from exon 30 (1–30) and the mutations
localized upstream from exon 45 (1–45) were defined as proximal mutations, while the
mutations downstream from exon 30 (31–79) or exon 45 (46–79) were considered as
distal mutations.
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Considering the complex organization of DMD gene and dystrophin isoforms produced
from the inner promoters, mutations were assigned to altered expression of dystrophin
isoforms (Dp427, Dp260, Dp140, Dp116, Dp71, and Dp40), and were divided into various
groups. We took into consideration that the Dp140 transcript has a long 5’ untranslated
region (5’UTR), consisting of exons 45–50, so that the effect of mutations in this region
on Dp140 expression could not be confidently predicted. Therefore, we also analyzed
clustering, in which mutations within this region (Dp140utr) were assumed to be coding
exon mutations affecting only expression of Dp427 and Dp260 but not Dp140, while
mutations in the promoter and protein coding region of Dp140 (Dp140pc) were assigned to affect expression of Dp140.14 As the promoter that regulates Dp140 expression
lies within intron 44 of the DMD gene, all patients who had a deletion breakpoint within
intron 44 were tested by PCR for the presence of the Dp140 promoter using the following primers: IN44F (5’-GCC CTA AGT GCT TCC AGA AA-3’) and IN44R (5’-CTC ACA GCT CCT
GCA TCA GA-3’). This original approach allowed us to accurately group patients with the
affected Dp140 expression. To assess the cumulative effect of dystrophin isoforms on
FSIQ, the patients were divided into three groups with respect to the preservation or loss
of Dp140 and Dp71/Dp40.

cognitive Assessment
All DMD patients were psychologically tested. Taking into account the patients’ age, different psychological instruments were used for cognitive status assessment.
In order to assess intelligence level in children younger than 16 years and 11 months,
the Wechsler Intelligence Scale for Children (WISC) was used.24 The test generates FSIQ,
which represents overall cognitive ability. Patients with FSIQ ≤ 70 were considered
mentally disabled, while patients with FSIQ ranging between 70 and 85 (70 < FSIQ ≤ 85)
were defined as borderline.
The Brunet-Lezine scale, statistically adapted for our population, was applied in order
to assess psychomotor developmental quotient (DQ) in children from 0 to 30 months.25
With complementary tests, this scale can be used until 6 years of age.
The Vineland-Doll scale was used to measure social maturity in individuals with mental
retardation or individuals who had difficulty performing in testing situations.26 Based on
literature findings, an estimate of social quotient (SQ) provided by this test, was highly
correlated (0.80) with intelligence.
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Statistical Analysis
Exploration of normality, assessed with the Shapiro-Wilk test, revealed normal distribution of age and FSIQ in our sample. Therefore, parametric tests were used for further
analysis. To investigate whether the mean FSIQ was statistically different from normative
values (100 ± 15) one sample t-test was applied. To evaluate whether age had an impact
on cognitive status, the Pearson correlation coefficient was calculated. The results were
considered significant when probability was less than 0.05.
The cognitive abilities of patients with mutations localized in proximal and distal parts
of the DMD gene were compared using the parametric one-way t-test for independent
samples. The same test was used to assess an effect of loss of different dystrophin isoforms on FSIQ. In order to adjust for multiple testing, we made an adjustment of p-value
calculating Bonferroni correction (0.05/3 tests = 0.017). To determine whether Dp140
and Dp71/Dp40 were associated with cognitive abilities, patients with presumably intact or absent Dp140 and/or Dp71/Dp40 were compared using one-way ANOVA analysis
of variance. Statistical analyses were performed using commercially available software
(Statistical Package for the Social Sciences, IBM Corporation, Armonk, NY, USA; Statistics
for Windows, SPSS Version 20.0).

RESULTS
Clinical and Genetic Characteristics
Forty-one patients with genetically confirmed deletion or duplication in the DMD
gene and cognitive status assessment were recruited at the Clinic for Neurology and
Psychiatry for Children and Youth in Belgrade, Serbia. All affected patients were males,
aged 3 to 16 (8.34 ± 2.56) years. Deletions were confirmed in 37 patients (90.24%),
while duplications were identified in four patients (9.75%). The identified deletions and
duplications, description of the mutations at cDNA and protein level, mutation effect on
reading frame, as well as dystrophin isoforms impaired by mutation, the age at the onset
of disease, the age at psychological testing and data of the psychological exploration
are shown in Table 1. Although patients with in-frame mutations could express milder
phenotypes, all our patients with in-frame mutations developed a DMD phenotype: one
patient showed delayed psychomotor development and was wheelchair-bound at the
age of 10 (ID 28), the second had the onset of the disease at the age of 3.5 years and
developed positive Gowers sign at the age of 7 (ID 5), and two boys, the youngest one
(IDs 2 and 38), expressed initial signs of motor decline at the age of 6.
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2

5

3

2

2

5

2

4

pdd

2

?-3

<2

4

5

<2

5

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

2

4

6

5

3

2

5

1

3

sex-Age
at onset
(years)

iD

c.6439-?_7309+?del

deletion of exon 50

deletion of exons 49_50

deletion of exons 49_50

deletion of exons 48_50

deletion of exons 48_50

deletion of exons 46_50

deletion of exons 46_50

deletion of exons 46_48

deletion of exons 46_47

c.7201-?_7309+?del

c.7099-?_7309+?del

c.7099-?_7309+?del

c.6913-?_7309+?del

c.6913-?_7309+?del

c.6615-?_7309+?del

c.6615-?_7309+?del

c.6615-?_7098+?del

c.6615-?_6912+?del

c.6439-?_7309+?del

deletion of exons 45_50

deletion of exons 45_50a

c.6439-?_6614+?del

deletion of exon 45a
a

c.650-?_4845+?del

c.2381-?_3162+?del

c.1813-?_2168+?dup

c.650-?_1482+?dup

c.94-?_2292+?del

c.94-?_2168+?del

c.94-?_649+?dup

p.S2437L fs*9

p.S2437L fs*9

p.S2437L fs*9

p.S2437L fs*9

p.S2437L fs*9

p.R2205S fs*16

p.R2205S fs*16

p.E2367K fs*4

p.V2305F fs*16

p.S2437L fs*9

p.S2437L fs*9

p.L2206A fs*17

p.A1616G fs*7

p.N1055E fs*12

p.L724F fs*2

p.V495M fs*13

p.F32_N764del

p.L724V fs*4

p.D217V fs*7

p.F32_N88del

N/A

c.(?_-128297)_31+?del
c.94-?_264+?del

Mutation at
Protein Level

Mutation at
cDNA Level

deletion of exons 8_34

deletion of exons 20_23

duplication of exons 16_17

duplication of exons 8_12

deletion of exons 3_18

deletion of exons 3_17

duplication of exons 3_7

deletion of exons 3_4

deletion of exon 1 and
Dp427c

Detected
DMD Gene

out of frame

out of frame

out of frame

out of frame

out of frame

out of frame

out of frame

out of frame

out of frame

out of frame

out of frame

out of frame

out of frame

out of frame

out of frame

out of frame

in frame

out of frame

out of frame

in frame

N/A

Mutation
effect

Dp427, Dp260, Dp140utr

Dp427, Dp260, Dp140utr

Dp427, Dp260, Dp140utr

Dp427, Dp260, Dp140utr

Dp427, Dp260, Dp140utr

Dp427, Dp260, Dp140utr

Dp427, Dp260, Dp140utr

Dp427, Dp260, Dp140utr

Dp427, Dp260, Dp140utr

Dp427, Dp260, Dp140utr

Dp427, Dp260, Dp140utr

Dp427, Dp260, Dp140utr

Dp427, Dp260

Dp427

Dp427

Dp427

Dp427

Dp427

Dp427

Dp427

Dp427

Affected
Dystrophin
isoforms

9
7
7
9
12

94
63
99
63

94

10

7

68

89

6

105

114

9
10

118

5

9

109
96

8
6

111

10

88
100

7
10

106

9

75
110

6
11

96

9

72
100

Age at
FsiQ Test
(years)

FsiQ

Table 1. Observed deletions and duplications for all examined patients with Duchenne muscular dystrophy and corresponding cognitive abilities.
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4.5

4

3.5

4

2.5

pdd

N/A

5

3.5

5

3

<2

4

2.5

pdd

5

3

4

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

Sex-Age
at Onset
(years)

ID

c.6291-?_6438+?del
c.6439-?_7660+?del

deletion of exon 44a

deletion of exons 45_52a

c.6439-?_10921+?del

deletion of exons 45_76a

c.6913-?_7309+?del
c.6439-?_10921+?del

deletion of exons 48_50

deletion of exons 45_76a

c.961-?_3162+?del

c.6439-?_10394+?del

deletion of exons 45_73b

deletion of exons 10_23

c.90834-?_9163+?del

deletion of exon 61

c.76610?_7872+?del

N/A

deletion of exon 53b

deletion of exon 53

c.7543-?_7660+?del

deletion of exon 52

c.7310-?_7542+?del

N/A

deletion of exons 50_53b

deletion of exon 51

c.6763-?_7542+?del
N/A

deletion of exons 50_53b

c.6763-?_7542+?del

deletion of exons 47_51

deletion of exons 46_52

c.6615-?_7542+?del

c.6291-?_6438+?del

deletion of exons 46_51

c.7201-?_7309+?del

deletion of exon 50

Mutation at
cDNA Level

deletion of exon 44a

Detected
DMD Gene

p.G3641V fs*16

p.S2437L fs*9

p.H321_Q1054del

p.G3641V fs*16

p.D3466R fs*2

p.T3055R fs*34

p.Q2625T fs*18

N/A

p.I2554L fs*22

p.A2515C fs*33

N/A

N/A

p.I2255_K2514del

p.R2205S fs*2

p.A2515Q fs*23

p.I2554L fs*22

p.E2147N fs*16

p.E2147N fs*16

p.S2437L fs*9

Mutation at
Protein Level

out of frame

out of frame

in frame

out of frame

out of frame

out of frame

out of frame

N/A

out of frame

out of frame

N/A

N/A

in frame

out of frame

out of frame

out of frame

out of frame

out of frame

out of frame

Mutation
Effect

Dp427, Dp260, Dp140pc,
Dp116, Dp40

Dp427, Dp260, Dp140utr

Dp427

Dp427, Dp260, Dp140pc,
Dp116, Dp40

Dp427, Dp260, Dp140pc,
Dp116, Dp40

Dp427, Dp260, Dp140pc,
Dp116

Dp427, Dp260, Dp140pc

Dp427, Dp260, Dp140pc

Dp427, Dp260, Dp140pc

Dp427, Dp260, Dp140pc

Dp427, Dp260, Dp140pc

Dp427, Dp260, Dp140pc

Dp427, Dp260, Dp140pc

Dp427, Dp260, Dp140pc

Dp427, Dp260, Dp140pc

Dp427, Dp260, Dp140pc

Dp427, Dp260, Dp140pc

Dp427, Dp260, Dp140pc

Dp427, Dp260, Dp140utr

Affected
Dystrophin
Isoforms

DQ 82

DQ 104

SQ 41

58

44

55

84

98

101

87

79

75

96

88

95

50

94

71

95

FSIQ

4

3

6

7

16

8

6

7

11

11

7

7

10

9

14

9

11

8

6

Age at
FSIQ Test
(years)

Table 1. Observed deletions and duplications for all examined patients with Duchenne muscular dystrophy and corresponding cognitive abilities. (continued)
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pdd

41

duplication of exons 52_55,
63_67, triplication of exons
68_79

Detected
DMD Gene

Mutation
effect
out of frame

Mutation at
Protein Level
p.A3270P fs*22

Mutation at
cDNA Level
c.7543-?_8217+?dup,
c.9225-?_9807+?dup,
c.9808-?_(*2691_?)trip

Dp427, Dp260, Dp140pc,
Dp116, Dp40

Affected
Dystrophin
isoforms

Age at
FsiQ Test
(years)
6

FsiQ
SQ 58

ID: identification number; FSIQ: full-scale intelligence quotient; N/A: not available; ppd: psychomotor development delay; SQ: social quotient; DQ: developmental quotient. Mutations at the cDNA and protein levels were described according to nomenclature suggested by the Human Genome Variation Society (HGVS), (15); mutations at
the cDNA level were determined in relation to the reference sequence NM_004006 (GenBank), and at the protein level in relation to reference sequence UniProtKB:P11532
(Uni-ProtKB/Swiss-Prot); mutation effect on reading frame was determined using software DMD gene reading frame checker (available at http://www.dmd.nl/).
a
The patient was tested for the presence of the Dp140 promoter region in intron 44.
b
The mutation was detected with multiplex PCR; therefore, it was not possible to identify its precise nomenclature on cDNA and protein levels or its effect on the open
reading frame.

sex-Age
at onset
(years)

iD

Table 1. Observed deletions and duplications for all examined patients with Duchenne muscular dystrophy and corresponding cognitive abilities. (continued)
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The FSIQ was estimated for 37 participants, DQ was estimated for two patients, while SQ
was assessed for two patients. The patients with estimated DQ and SQ were excluded
from statistical analysis and they are described separately (Table 2).
Table 2. Scores according to different psychological tests.
Psychological Exploration

n

Mean Value (range)

FSIQ

37

87.57±18.79 (44, 118)

DQ

2

(82, 105)

SQ

2

(41, 58)

n: number of patients; FSIQ: full scale intelligence quotient; DQ: development quotient; SQ: social quotient.

General intelligence evaluation of the analyzed population demonstrated statistically
significant difference from population normative values (t = −4.024, p-value = 0.00015).
The FSIQ with mean of 87.57 (SD 18.79) had a broad range of values between 44 and
118. Thirteen patients (35.14%) had FSIQ lower than 85, of whom six patients (16.22%)
had borderline intelligence levels (70 < FSIQ ≤ 85), while seven patients (18.92%) were
considered intellectually disabled (FSIQ ≤ 70). Two intellectually disabled patients were
severely impaired (FSIQ < 50). Above average FSIQ was assessed in four patients (FSIQ
≥ 110). Assessed correlation coefficient showed no significant association between age
and FSIQ (Pearson’s r = −0.129).

Association of Intelligence Level with Mutation Location and Affected
Dystrophin Isoforms
The analysis of the intellectual ability with respect to the structural classification of
mutation locations did not show statistically significant difference in the mean FSIQ
between the patients with mutation proximal and distal to exon 30 (t = 1.23, p-value
= 0.114) (Table 3). The patients with mutation proximal to exon 30 had a mean FSIQ
of 94.75 (SD 15.14), while for the patients with mutations distal to exon 30, the mean
FSIQ was 88.59 (SD 19.44). A similar result was observed when exon 45 was used as a
boundary (t = 1.45, p-value = 0.130) (Table 3). The patients with the mutation proximal
Table 3. Association between proximal and distal mutations and full scale intelligence quotient.
Location of Mutation in the DMD Gene

n

Mean FSIQ (SD)

t-Test

Proximal to exon 30 (1-30)
Distal to exon 30 (31-79)

8
29

94.75 (15.14)
88.59 (19.44)

t = 1.23; df = 35; p = 0.114

Proximal to exon 45 (1-45)
Distal to exon 45 (46-79)

11
26

93.00 (14.71)
85.27 (20.09)

t = 1.45; df = 35; p = 0.130

FSIQ: full scale intelligence quotient; n: number of patients; SD: standard deviation.
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to exon 45 had a mean FSIQ of 93.0 (SD 14.71), while for the patients with mutation in
the distal part, the mean FSIQ was 85.27 (SD 20.09).
However, the analysis of intellectual ability with respect to mutation location assigned
to the impaired dystrophin isoforms indicated statistically significantly different scoring between patients whose mutations affected expression of Dp427 and Dp260, and
patients whose mutations additionally affected expression of Dp140, Dp116, Dp71 and
Dp40 (t = 2.67, p-value = 0.0057) (Table 4). This result was obtained after the group
of patients with a mutation in the Dp140utr region was clustered together with the
patients whose mutations altered expression of Dp427 and Dp260. The frequency of
borderline intellectual ability in the group of patients with altered Dp427, Dp260, and
Dp140utr, was 9.09%, while in the group of patients with altered Dp140pc, Dp116, Dp71
and Dp40, it was 26.67%. The frequency of intellectual disability in the two groups was
Table 4. Association between mutation locations assigned to altered expression of dystrophin isoforms
and full-scale intelligence quotient.
Location of the Mutation in the DMD
Gene

Affected Dystrophin
isoforms

Proximal to intron 29

Dp427

Distal to intron 29

+Dp260, Dp140, Dp115,
Dp71, Dp40

Proximal to intron 44

Dp427, Dp260

Dp140 promoter and distal to intron 44

+Dp140, Dp116, Dp71,
Dp40

n

Mean FsiQ (sD) t-Test

8 94.75 (15.14)
29 85.59 (19.44)

t = 1.23, df = 35,
p = 0.113

9 95.33 (14.27)
28 85.07 (19.59)

Proximal to exon 51 excluding the Dp140 Dp427, Dp260, Dp140utr
promoter

22 93.86 (16.36)

Dp140 promoter and distal to exon 51
including exon 51

+Dp140pc, Dp115, Dp71,
Dp40

15 78.33 (18.79)

Proximal to intron 55

Dp427, Dp260, Dp140

34 90.68 (16.10)

Distal to intron 55

+Dp116, Dp71, Dp40

3 52.33 (7.37)b

Proximal to intron 62

Dp427, Dp260, Dp140,
Dp116

Distal to intron 62

+Dp71, Dp40

t = 1.45, df = 35,
p = 0.078

t = 2.67, df = 35,
p = 0.0057a

–
35 89.66 (16.97)
–
2 51.00 (9.90)c

n: number of patients; FSIQ: full scale intelligence quotient; SD: standard deviation; Dp140:
Dp140utr+Dp140pc; Dp140utr: 5′ untranslated region of Dp140; Dp140pc: promoter and protein coding
region of Dp140; +: additionally affected dystrophin isoforms; −: only few observation in one group, statistical test was not reliable.
a
p < 0.01 statistical significance (Bonferroni correction 0.05/3).
b
Three patients with FSIQ of 55, 44 and 58.
c
Two patients with FSIQ of 44 and 58.
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13.64 vs. 26.67%. Furthermore, three patients had affected Dp116, Dp71, and Dp40 and
they were intellectually disabled (IDs 36, 37 and 41). Considering the few observations
in this group of patients, a statistical test was not performed.
Additionally, 28 patients with the mutation affecting Dp140, were classified into groups
based on the mutation localization in Dp140utr or Dp140pc. The patients with mutation
within the Dp140utr region had a mean FSIQ of 92.85 (SD 18.16), while for patients with
a mutation in the Dp140pc region, the mean FSIQ was 78.33 (SD 18.79). The difference in
the mean FSIQ was statistically significantly different (t = 2.07, p-value = 0.024) between
those two groups.
Finally, the distribution of FSIQ with respect to functional consequence on the Dp140
and Dp71/Dp40 isoforms indicated that cognitive impairment in DMD patients was associated with the cumulative loss of dystrophin isoforms (Figure 1). A greater proportion
of variability in FSIQ was explained after assuming that mutations within the Dp140utr
affect the functional loss of Dp427 and Dp260, but not Dp140 (F = 7.454, p-value = 0.002
vs. F = 5.76, p-value = 0.007).

Figure 1. Distribution of FSIQ with respect to the preservation or loss of Dp140 and Dp71/Dp40 indicates
that cognitive impairment in DMD patients is associated with the cumulative loss of dystrophin isoforms. A
greater proportion of variability on FSIQ was explained after clustering mutations within the Dp140utr together with mutations affecting expression of Dp427 and Dp260 isoforms, but no expression of the Dp140
isoform. FSIQ: full scale intelligence quotient; +/−: preservation/absence of appropriate dystrophin isoform;
Dp140-Dp140utr+Dp140pc: Dp140utr: 5′ untranslated region of Dp140; Dp140pc: promoter and protein
coding region of Dp140.

For the youngest two patients, psychomotor development was measured with a scale
for early infancy. Estimated DQ suggested normal psychomotor development (DQ = 105)
for a boy (ID 39) whose mutation affected expression of Dp427, Dp260, and Dp140utr,
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while slightly delayed psychomotor development (DQ = 82) was reported for the other
boy (ID 40) whose mutation affected expression of all dystrophin isoforms.
Moreover, for two DMD patients with difficulties in a test situation, SQ was estimated.
One patient (ID 38), with autistic like-behavior and undeveloped speech, had SQ 41,
while the other (ID 41) had SQ 58. The patient with autistic like-behavior had a deletion
that altered expression of Dp427 only, while duplication/triplication in the distal part
of the DMD gene caused loss of all dystrophin isoforms in the other patient. Cognitive
assessment for one sibling pair showed intellectual impairment in one sibling (ID 37),
while slightly delayed psychomotor development was noted in the other (ID 40).

DiscUssioN
The aim of this study was to determine the frequency of intellectual impairment and
relationship between intelligence level and dystrophin mutations in the Serbian group
of patients with DMD. Consistent with previously published studies, general intellectual
level in our study group was statistically significantly different from normative values.27
The FSIQ was reduced for almost 1 SD (15 FSIQ points) from population average, which
is in agreement with the results from other DMD cohorts28–30, or DMD plus intermediate muscular dystrophy cohorts.31 Seven boys in our sample (18.92%) had intellectual
impairment with FSIQ < 70, which is slightly lower but still in agreement with the results
reported in other studies (19–35%).2,3,28–30
The majority of patients in our study had confirmed causal deletion in the DMD gene, so
it was difficult to analyze the effect of mutation type on intellectual level. Even though
only four patients had duplication in the DMD gene, three of them (IDs 3, 6 and 7) had
normal intellectual ability, while for one patient (ID 41), the estimated SQ, which highly
correlates with FSIQ, was low. The patients with normal intellectual ability had a duplication in the proximal part of the DMD gene that affected expression of Dp427, while
the patient with low SQ had a duplication/triplication that altered the expression of all
dystrophin isoforms. Our study did not include patients with DMD clinical presentation
without deletion or duplication and with possible point mutations. However, Taylor et
al.14 published a study in which there was no significant correlation between mutation
type and FSIQ.
Despite the fact that some of the previously published studies found association between the structural location of mutations and FSIQ,22,23,28 we were not able to replicate
this association in our study when boundaries for proximal and distal mutations were
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set at exon 30 and exon 45. However, association between the intellectual ability of
DMD patients and mutation location in regard to their functional consequence, loss of
expression of different dystrophin isoforms,14 was confirmed with our results.
The loss of the Dp427 isoform is a common feature among all DMD patients, which may
result in cognitive impairment. Dp427 is expressed in the neocortex, cerebellum and
amygdala,6,32,33 where it plays not only a structural role in central synapses but likely
regulates GABAA receptor clustering at inhibitory synapses.9 In eight patients whose mutations abolished the expression of Dp427, two boys (IDs 1 and 4) (25%) had borderline
FSIQ, while none had an intellectual impairment (FSIQ < 70). However, the mutations
affecting the expression of Dp140 and Dp71/Dp40, in addition to Dp427, have been
associated with higher frequency and severe cognitive impairment in our DMD patients,
suggesting the effect of cumulative loss of dystrophin isoforms and the important role
of Dp140 and Dp71/Dp40 on intellectual ability. This finding is in agreement with the
results of previously published studies.14,15,34–36
The role of the Dp140 isoform on intellectual functioning was recognized by Felisariet et
al.,37 who described the association between the mutations affecting the expression of
Dp140 and intellectual ability in DMD patients, has been replicated in other studies.14,28,29
Dp140 is detected throughout the brain (cerebral cortex, cerebellum, hippocampus,
brain stem and olfactory bulb) and in the spinal cord,11 but its function is still unclear.
Our results suggest statistically significantly lower FSIQ in patients with altered Dp140,
Dp116, Dp71 and Dp40 compared to patients with the mutations affecting only the
expression of Dp427 and Dp260. However, a statistically significant difference has been
obtained after clustering mutations in the Dp140utr region together with the mutations affecting the expression of Dp427 and Dp260. Additionally, statistically significant
difference in the mean FSIQ was obtained when patients with the mutation affecting
Dp140 were classified into groups with the mutation localization in 5’UTR (Dp140utr) or
in promoter and protein-coding region (Dp140pc). These results underline the importance of assuming that the expression of the Dp140 isoform is not mainly affected by
mutations located in its long 5’UTR, which includes frequently deleted exons 45–50. All
the same, in our group of patients, three boys (IDs 14, 19 and 21) with mutations in the
Dp140utr coding region were intellectually impaired, suggesting that some regulatory
elements in the 5’UTR might be affected, influencing the alteration in the expression of
Dp140. Our results are in agreement with a previously published study suggesting that
mutations in the Dp140utr have a lesser effect on FSIQ when compared to the mutations
affecting Dp140pc.14
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The Dp71 isoform is a major product of the DMD gene in the brain. It has been confirmed
that Dp71 is abundant in the fetal as well as adult brain, particularly in the cerebral
cortex and hippocampus.38 Although the function of this isoform remains unknown, it
has been reported that Dp71 has a role in the stabilization and/or formation of the synaptic membrane.39 The dysfunctions of proteins involved in the regulation of synaptic
structure and function influence neuronal connectivity and the ability of the brain to
process information, and may be related to the cognitive impairment.36 Additionally,
it was shown that Dp71 has a regulatory role in excitatory synapse organization and
function, by clustering glutamate receptors and organizing signaling in postsynaptic
densities.15 The systematic occurrence of mild-to-severe mental retardation was noticed
in more than 50 patients with dystrophinopathies and the mutation located in the
Dp71.15 Although the number of patients with altered Dp71 in our study was small (n
= 2), which is in accordance with the low frequency of deletions and duplications in
the most distal part of the DMD gene, both patients (IDs 36 and 37) were intellectually
disabled, whereas one (ID 36) had the lowest FSIQ (44) within the entire study group. The
mutations affecting the expression of Dp71 also effect the expression of all dystrophin
isoforms, supporting the importance of cumulative loss of dystrophin isoforms apart
from the loss of Dp71 only, reported in this and other studies.14,15,34
Until recently, the role of the shortest isoform Dp40 in the brain was unknown. A finding that Dp40 is enriched in the synaptic vesicle fraction where it assembles a group of
presynaptic proteins involved in the exocytosis of synaptic vesicles, indicates that Dp40
might have an important role in presynaptic function.16 Even though other studies did
not analyze the effect of Dp40, the patients with intellectual impairment had mutations
that influenced the expression of both Dp71 and Dp40,15,16,34 implying that Dp40 might
have a function relevant to cognitive processes.
Interestingly, one pair of siblings who were observed in our study had the mutation
that affects Dp71, but the use of different psychological instruments made it difficult to
correlate genetic data with cognitive ability assessment and to analyze variation in DMD
expression between siblings (IDs 37 and 40) with the same mutations. Unlike the FSIQ,
the DQ is a ratio reflecting the child’s overall development without precisely defined
correlation with FSIQ in later life. Still, the infant who scores low often turns out to be
intellectually disabled.40
In addition, the association of DMD with neuropsychiatric disorders has also been recognized. Wu et al.41 published a study in which they confirmed a previously unrecognized
relation between DMD and an autistic spectrum disorder. Therefore, it is not surprising
that one boy (ID 38) with autism like-behavior, qualitatively different from the behavior
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of DMD boys with mental retardation, was described in our sample. His SQ, which was
estimated to be 41, indicates below average achievement and impairment in adaptability, including communication, daily living, and socialization. The mutation in this boy
affected only the expression of Dp427.
The limitations of our study were the retrospective design and limited sample size, but
since psychological testing is a standard procedure in the care of DMD patients at the
Clinic for Neurology and Psychiatry for Children and Youth, Belgrade, Serbia, we enabled
an unbiased selection of recruited patients, overcoming selection issues discussed in
other studies.2 The non-longitudinal design of our study excluded the possibilities of
defining subtypes within DMD23 and to define the clinical severity of two very young
DMD patients (IDs 2 and 38) with in-frame mutations. In general, in-frame mutations are
associated with milder form of dystrophinopathy, but exceptions to the reading frame
hypothesis exist.42
In summary, the classification of the mutations based on their functional consequence
on dystrophin isoforms, with the assumption that the expression of Dp140 is not mainly
affected by the mutations in its 5’UTR, explained the genetic influence on variability of
FSIQ with the effect of cumulative loss of dystrophin isoforms, suggesting an important
role of Dp140, Dp71 and Dp40 isoforms on intellectual ability. Defining the functional
loss of dystrophin isoforms allows the recognition of the subgroup of DMD boys with
greater risk for cognitive problems. Early interventions and the support in cognitive,
emotional and behavioral development could be very useful and more effective than
interventions in the older period of childhood or adolescence.
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ABSTRACT
Carotid intima-media thickness (cIMT) is an established heritable marker for subclinical
atherosclerosis. In this study, we aim to identify rare variants with large effects driving
differences in cIMT by performing genome-wide linkage analysis of individuals in the
extremes of cIMT trait distribution (> 90th percentile) in a large family-based study
from a genetically isolated population in the Netherlands. Linked regions were subsequently explored by fine-mapping using exome sequencing. We observed significant
evidence of linkage on chromosomes 2p16.3 (rs1017418, heterogeneity LOD (HLOD) =
3.35), 19q13.43 (rs3499, HLOD = 9.09), 20p13 (rs1434789, HLOD = 4.10) and 21q22.12
(rs2834949, HLOD = 3.59). Fine-mapping using exome sequencing data identified a noncoding variant (rs62165235) in PNPT1 gene under the linkage peak at chromosome 2
that is likely to have a regulatory function. The variant was associated with quantitative
cIMT in the family-based study population (effect = 0.27, p-value = 0.013). Furthermore,
we identified several genes under the 21q22 linkage peak highly expressed in tissues
relevant for atherosclerosis. To conclude, our linkage analysis identified four genomic
regions significantly linked to cIMT. Further analyses are needed to demonstrate involvement of identified candidate genes in development of atherosclerosis.
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iNTroDUcTioN
Cardiovascular diseases, including heart and cerebrovascular diseases, are listed among
the leading causes of death in developed countries. 1 The underlying pathology in the
majority of cases is atherosclerosis.2 Carotid intima-media thickness (cIMT), a quantitative measure of carotid artery wall thickening, is a marker for subclinical atherosclerosis
that has been shown to predict future cardiovascular events in large epidemiological
studies.3-5 cIMT is determined by both traditional cardiovascular risk factors, such as
aging, blood pressure, body mass index, plasma lipid levels, diabetes mellitus or smoking, and genetic factors.6 Genetic factors play a key role in the etiology of cIMT with
heritability estimates ranging from 30-60%.7,8 Several genome-wide linkage studies of
quantitative cIMT published up to date, reported significant and suggestive evidence
of linkage on chromosomes 2q33-q35, 6p12-p22, 7p, 11q23, 12q24, 13q32-q33, and
14q31.8-11 The largest genome-wide association study (GWAS) of cIMT, including 42,484
individuals, identified only three genomic regions of common non-coding genetic variation on 8q24 (near ZHX2), 19q13 (near APOC1) and 8q23.1 (PINX1) and an additional suggestive region on 6p22 (near SLC17A4).12 In addition, an exome-wide association study
in 52,869 individuals identified the association of protein-coding variants in APOE with
cIMT.13 The identified variants provide valuable insights into the genetic architecture of
cIMT but explain a small proportion of the trait variance.12 A previous sequencing study
of cIMT candidate regions in population-based cohorts yielded inconclusive results due
to limited power.14 A more powerful approach for uncovering the role of rare variants
is a family-based study design due to the higher frequency of the rare variants.15 The
chances of success for family-based studies are even higher in genetic isolates since rare
variants become more frequent due to founder effect, genetic drift and inbreeding.15-17
In this study, we hypothesized that there may be rare variants with large effects driving
differences in cIMT independently of traditional cardiovascular risk factors and that these
variants are enriched in the extremes of the cIMT distribution. To the best of our knowledge, no study to date explored extremes of quantitative cIMT. However, this approach
has been demonstrated as successful for some other quantitative traits. Following the
same approach as described in our study, Amin et al. successfully identified a rare variant
of large effect in large extended families.18 To discover such variants in the extremes of
cIMT distribution, we performed affected-only genome-wide linkage analysis of cIMT
followed by fine-mapping using exome sequencing in a large family-based study from a
genetically isolated population in the Netherlands.
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MATERIAL AND METHODS
Study population
Our discovery population consisted of participants from Erasmus Rucphen Family (ERF)
study. ERF is a family-based cohort that includes around 3,000 inhabitants of a genetically isolated community in the South-West of the Netherlands.19 The community was
constituted as a religious isolate at the middle of the 18th century by a limited number
of founders.19 The population has remained in isolation with minimal immigration rate
and high inbreeding.19,20 All ERF participants are living descendants of a limited number
of founders living in the 19th century. The Medical Ethical Committee of the Erasmus
University Medical Center, Rotterdam approved the study. Written informed consent
was obtained from all participants.

Phenotypes
Participants from ERF underwent extensive clinical examination between 2002 and
2005. cIMT was measured using high-resolution B-mode ultrasonography with a 7.5MHz linear array transducer (ATL UltraMark IV). Maximum cIMT was measured on the 3
still, longitudinal, two-dimensional ultrasound images of the near and far wall from both
left and right arteries, as described previously.21 The mean value of these measurements
was used for the analyses.
Information on covariates for both studies included age, sex, and smoking status.
Body mass index (BMI) was defined as weight divided by the square of height (kg/
m2) and waist-hip ratio (WHR) was computed by dividing the waist and hip circumferences with each other. Hypertension was defined as systolic blood pressure above 140
mmHg, diastolic blood pressure above 90 mmHg or use of medication for treatment of
hypertension. Dyslipidemia was defined as total cholesterol above 6.2 mmol/L or use
of lipid-lowering medication, whereas diabetes was defined as fasting plasma glucose
levels above 7 mmol/L, random plasma glucose above 11.1 mmol/L or use of medication
indicated for treatment of diabetes.

Genotyping
Genotyping on the Illumina 6K Array
Genomic DNA was extracted from peripheral venous blood of all study participants
using the salting out procedure.22 Genotyping was performed using the 6K Illumina
Linkage IV Panels (Illumina, San Diego, CA, USA) at the Centre National de Genotypage
in France. Markers with a minor allele frequency (MAF) < 5%, call rate < 98% or which
failed an exact test of Hardy-Weinberg equilibrium (HWE) (p-value < 10-8) were removed
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during the quality control process. In total 5,250 autosomal variants were available for
analysis.
exome sequencing
The exomes of randomly selected participants from the ERF study were sequenced at
the Cell Biology Department of the Erasmus MC, The Netherlands. Sequencing was performed at a median depth of 57× using the Agilent version V4 capture kit on an Illumina
Hiseq2000 sequencer using the TruSeq Version 3 protocol.23,24 After quality control, we
retrieved 528,617 single nucleotide variants (SNVs) in 1,308 individuals, of which 1,046
had cIMT data available. Annotation of the SNVs was performed using the SeattleSeq
annotation database (http://snp.gs.washington.edu/SeattleSeqAnnotation138/). To
further assess the functionality of the variants, we used RegulomeDB database that annotates SNVs with known and predicted regulatory elements and Combined Annotation
Dependent Depletion (CADD) tool for scoring the deleteriousness of variants.25,26 The
ERF data is available in the European Genome-phenome Archive (EGA) public repository
with ID number EGAS00001001134.

statistical analysis
Linkage analysis
We performed affected only genome-wide multipoint non-parametric linkage (NPL)
analysis in MERLIN 1.1.2 using individuals from the ERF study.27 Individuals that scored
above the 90th percentile of the distribution of the residuals from the regression of cIMT
onto age, age2, sex, smoking status, BMI, WHR, diabetes, dyslipidemia, and hypertension
were set as affected (N = 103). Descriptive characteristics of the selected individuals are
presented in Table 1. The selected individuals were older and higher cIMT measurements
compared to all ERF study participants (Table 1). They also had a higher prevalence of
hypertension, dyslipidemia, and diabetes than all ERF study participants, whereas the
body mass index and waist to hip ratio were comparable (Table 1). These 103 affected
individuals were connected to each other in a large pedigree consisting of 5,083 individuals. To facilitate linkage analysis, the 103 affected individuals were clustered into 21
smaller non-overlapping sub-pedigrees with a maximum bit size of 24 using the PEDCUT software version 1.19.28 Bit size value is used to characterize the maximal number
of subjects of interest who share a common ancestor.28 The number of affected subjects
of interest in the sub-pedigrees ranged from two to eight. MEGA2 software tool version
4.429 was used to create input files for MERLIN. Mendelian inconsistencies were set to
missing within the whole sub-pedigree. There were 543 Mendelian inconsistencies observed among 5,250 autosomal variants. After they were set to missing, 4,707 autosomal
variants were used in the linkage analysis. We also performed affected only parametric
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linkage analysis under the dominant and recessive models assuming incomplete penetrance of 0.5 and a disease allele frequency of 0.01 using MERLIN. Marker allele frequencies were calculated from all genotyped individuals in the pedigrees. Subsequently,
we carried out per family analyses in order to identify families that were contributing
predominantly to the linkage signals, henceforth referred to as ‘contributing families’.
Additionally, we performed variance component linkage analysis in MERLIN using
quantitative cIMT in the total study population. To facilitate analysis PEDCUT software
was used to cluster individuals into 116 non-overlapping sub-pedigrees. The number
of subjects of interest in the sub-pedigrees ranged from two to eighteen. To determine
the significance of each test, the logarithm of the odds (LOD) score was calculated as the
log10 of the likelihood ratio. The LOD score of 3.3 or higher was considered to represent
genome-wide significance threshold, whereas the LOD score of 1.9 was used to declare
genome-wide suggestive threshold.30
Identification of variants under the linkage peaks using exome sequencing
We used exome sequence data to identify variants that could explain observed linkage peaks. To this end, we looked for variants that were shared among the majority of
affected individuals from the contributing families within the respective linkage peak.
We only considered variants with MAF < 5% or absent in 1000 Genome Project (1kG)
and MAF < 5% in the ERF controls which were defined as individuals who scored below
the mean of the distribution of the residuals from the regression of cIMT onto age,
age2, sex, smoking status, BMI, WHR, diabetes, dyslipidemia, and hypertension. The
Table 1. Descriptive statistics of study populations including ERF cases (N=103) selected for the linkage
analysis and ERF overall.
Characteristics

ERF cases

ERF overall

Age, mean (sd)

53.6 (13.6)

48.3 (14.2)

Gender, % of males

45.6%

40.2%

IMT (mm), mean (sd)

1.1 (0.2)

0.8 (0.2)

Smoking, % of ever smokers

44.7%

41.9%

BMI (kg/m2), mean (sd)

26.9 (3.7)

26.7 (4.4)

WHR, mean (sd)

0.9 (0.1)

0.9 (0.1)

Hypertension, % of cases with hypertension

63.1%

48.7%

Dyslipidemia, % of cases with dyslipidemia

51.5%

36.2%

Diabetes, % of patients with diabetes

6.8%

4.5%

Abbreviations: IMT - intima-media thickness, BMI - body mass index, WHR - waist to hip ratio;
Hypertension: systolic blood pressure above 140 mmHg, diastolic blood pressure above 90 mmHg or use of
medication for treatment of hypertension; Dyslipidemia - total cholesterol above 6.2 mmol/L or use of lipidlowering medication; Diabetes - fasting plasma glucose levels above 7 mmol/L, random plasma glucose
above 11.1 mmol/L or use of medication indicated for the treatment of diabetes;
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MAF of variants absent in 1kG project was checked in NHLBI Exome Sequencing Project
(http://evs.gs.washington.edu/EVS/). Candidate variants were subjected to quantitative
trait association analysis with cIMT in the ERF under the same model as in the sharing
analysis (additive, dominant, recessive) using the RVtests software.31 Inverse normalized
residuals from the regression of cIMT onto age, age2, sex, smoking status, BMI, WHR,
diabetes, dyslipidemia, and hypertension were used in the association analysis. To take
into account multiple tests, we first calculated a number of independent tests using the
method of Li and Ji.32 Subsequently, Bonferroni corrected p-value was calculated based
on number of independent tests. GTEx portal (https://www.gtexportal.org/home/) was
used to check for gene expression.

resULTs
The results of affected only genome-wide non-parametric and parametric linkage scans
are illustrated in Figure 1. Regions with significant (LOD > 3.3) evidence of linkage in
either the non-parametric or the parametric analyses are shown in Table 2. Significant
evidence of linkage for cIMT was observed to chromosomes 2p16.3, 19q13.43, 20p13,
and 21q22.12 in the parametric linkage analysis under the dominant model, and to chromosomes 19q13.43 and 20p13 in the parametric linkage analysis under the recessive
model. The families contributing predominantly to these linkage peaks and the distribution of their per-family heterogeneity LOD (HLOD) scores are shown in supplementary
Figure 1-4.
Table 2. Genome-wide significant results of linkage analyses for cIMT. Start and end SNV are reported for
base to base linkage regions.
region* start sNV end sNV
2p16.3

rs1447107 rs1017267 45272197

19q13.43 rs897783
20p13

start
end
position** position**

rs3499

rs1434789 rs241605

21q22.12 rs762173

52031162
137900

rs2836301 33832675

sNV with
max LoD

Dominant recessive
(HLoD)
(HLoD)

Nonparametric
(LoD)

56785785

rs1017418 3.35

2.88

1.40

59093484

rs3499

7.17

9.09

3.73

3915064

rs1434789 4.10

3.87

3.34

40351780

rs2834949 3.59

1.86

2.14

Abbreviations: SNV - Single Nucleotide Variant; HLOD - heterogeneity LOD;
*Regions with significant evidence of linkage are in bold;
**Start and end positions correspond to genetic position of SNV at the start or end of the base to base linkage region according to hg19 assembly;

We next determined to what extent the affected members in these families shared rare
variants under the linkage peaks. Sharing analyses under the base to base linkage peak
at 2p16 (family specific HLOD = 3.63) identified intronic and coding-synonymous vari145
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Figure 1. The results of genome-wide linkage scan for non-parametric (blue) and parametric analyses under the dominant (green) and recessive (red) models. The x-axis
shows 22 autosomal chromosomes, whereas the y-axis shows the LOD scores for non-parametric model and heterogeneity LOD (HLOD) scores for dominant and recessive model. Black dotted line depicts the genome-wide significant threshold, whereas gray dotted line shows the suggestive threshold.
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Figure 2. Genes under the base to base linkage peak at 21q22 and their expression levels in tissues relevant for atherosclerosis according to GTEx database. Gene names are shown on y-axis and tissues on xaxis. Colour depicts expression level estimated as fragments per kilobase of exon model per million reads
mapped (FPKM). The grey box stands for expression level below cutoff (0.5 FPKM), light blue box stands for
low expression level (between 0.5 to 10), medium blue for medium expression level (between 11 to 1000
FPKM), and dark blue for high expression level (more than 1000 FPKM or more than 1000 TPM) and white
for no data available.
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ants (Table 3). The most interesting finding is a variant (rs62165235) with MAF 0.038
in 1kG mapping to PNPT1. The variant, shared by 6 out of 8 affected relatives, is likely
having a regulatory function and affecting transcription factor binding and matched
DNase Footprinting and DNase sensitivity (Category 2b Regulome DB score; Table 3-4).
The variant was sequenced at a read depth of 37x and it showed association with quantitative cIMT in the ERF (effect = 0.27, p-value = 0.013, Table 3) after applying Bonferroni
correction (p-value = 0.05/3 independent tests = 0.017). The effect estimate of the minor
allele C on untransformed cIMT suggested a mean increase of 0.04 mm for each minor
allele (0.04 mm for heterozygote C/T carriers and 0.08 for homozygous C/C carriers)
(Table 3). This variant explained 0.3% of variation in the ERF.
The search for shared variants within the linkage region 19q13.43, 20p13 and 21q22.12
identified several variants to be shared among the affected family members, however,
none of the variants showed significant association with quantitative cIMT (supplementary Table 1-3). There are, however, several potentially interesting candidate genes for
atherosclerosis in each of these linked regions, for instance, among the genes under the
base to base 19q13 and 20p13 linkage peaks, several genes have been implicated in the
pathogenesis of cardiovascular disease, including FCAR, TNNT1, OSCAR, FPR2 under the
19q13 and ADAM33, TRIB3, HSPA12B under the 20p13 peak. The 21q22 region harbors
several genes that are highly expressed in tissues relevant for atherosclerosis, including
IFNAR1, DYRK1A, SON, IFNGR2, MORC3, MRPS6, IL10RB, TMEM50B, CBR1, RCAN1, and TTC3
(Figure 2). According to the Ingenuity Pathway Analysis (IPA) tool (QIAGEN Inc., https://
www.qiagenbioinformatics.com/products/ingenuitypathway-analysis), which exposes
possible functional relationship between the genes by expanding upstream analysis to
include regulators that are not directly connected to targets in the dataset, these genes
connected to a network illustrated in supplementary Figure 5.
There were several regions that showed suggestive evidence of linkage, including
1q31.1, 5q35.3, 7p21.3, 8p22, 12q24.33, 14q22.2, 15q21.3 and 17q25.3. As the 12q24
region has previously been linked to cIMT, we have explored it further (Figure 1). Search
for shared variants within 12q24 identified no variants that can explain linkage signal.
The results of linkage analysis when using cIMT as a quantitative outcome are shown in
supplementary Figure 6.
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DISCUSSION
In this study, we have identified genomic regions at 2p16.3, 19q13.43, 20p13 and
21q22.12 with significant evidence of linkage to cIMT. These regions have not been
reported before. Identification of variants under the linkage peaks using exome sequencing revealed a variant with likely regulatory function mapping to PNPT1 gene at
chromosome 2 and several candidate genes at 21q22.
As the present study targets genes with relatively large effects, we studied the extremes
of cIMT distribution in the discovery population. Even though extreme trait approach
neglects much of the overall distribution of the trait and some rare variants with the
moderate effects may be missed, it has been shown that the power to detect rare variants can be increased due to an excess of rare variants in the upper tails of the distribution.15,34,35 Comparison of the results obtained in the linkage analysis of the extremes
of cIMT distribution and those using cIMT as a quantitative trait revealed no overlap,
highlighting the power of the approach we have followed.
When comparing the results of several genome-wide linkage studies of cIMT that have
been conducted so far, we noticed that a region with suggestive evidence of linkage
in our study, 12q24, has previously been linked to cIMT through the linkage scan.10
Similarly to the previous study which identified 12q24, we did not identify variants by
sharing analysis that could explain the linkage signal. Even though linkage findings from
prior studies already showed limited generalizability across the reported linkage peaks
due to selected nature of the cohorts, the overlap of our finding with the literature suggests that our study population is representative of the general population. However,
the linkage single at chromosome 12q24 is relatively weak in our population.
Among the regions with significant evidence of linkage to cIMT in our study, we
identified 2p16.3 which gave significant linkage signal under the dominant model
and suggestive signal under the recessive model. This region has previously been associated with polycystic ovary syndrome (PCOS) and primary open angle glaucoma
(POAG).36,37Interestingly, women with PCOS are at a greater risk of premature atherosclerosis,38 whereas atherosclerosis associated with vascular conditions that are correlated
with POAG.39 The region has further been implicated in body mass index40 and glycated
hemoglobin levels.41 Both obesity and poor glycemic control are risk factors for variety
of diseases including atherosclerosis and cardiovascular diseases.
Identification of variants under the base to base peak at 2p16 using exome sequence
data revealed a variant that lies in DNase sites, promote histone marks and protein
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binding regions and changes regulatory motifs based on the variant allele change.
The variant is mapped to intron 1 of Polyribonucleotide Nucleotidyltransferase 1
(PNPT1) gene which encodes a protein predominantly localized in the mitochondrial
intermembrane space and is involved in import of RNA to mitochondria (http://www.
genecards.org/cgi-bin/carddisp.pl?gene=PNPT1). PNPT1 has been characterized as a
type I interferon-inducible early response gene.42,43 Type I interferons promote atherosclerosis by enhancing macrophage-endothelial cell adhesion and promoting leukocyte
attraction to atherosclerosis-prone sites in animal models.44 Even though our finding
supports a role of PNPT1 as a candidate gene in atherosclerosis, we acknowledge that
PNPT1 variant is unlikely to be causal and cannot explain the linkage signal at 2p16.3 to
cIMT. Furthermore, we attempted to replicate the association of this variant with cIMT in
the Rotterdam Study, a population-based cohort study (detailed information provided
in supplementary Methods and supplementary Table 4). However, the variant was
not available in the exome sequencing data of the Rotterdam Study.
The other interesting region includes 21q22, which is also known as a Down critical region. Interestingly, persons with Down syndrome are protected against atherosclerosis,
in spite of increases in metabolic disturbances and obesity in Down syndrome.45 Even
though identification of variants using exome sequencing did not identify a causal variant, this region contains several plausible candidate genes which are highly expressed
in relevant tissues46, including IFNAR1, DYRK1A, SON, IFNGR2, MORC3, MRPS6, IL10RB,
TMEM50B, CBR1, RCAN1, and TTC3. DYRK1A signaling pathway is linked to homocysteine
cycle which is associated with an increased risk of atherosclerosis.47,48 IFNGR2 and RCAN1
also play a role in atherosclerosis.49,50 Notably, IPA analysis revealed that those genes
are connected in one network, and directly or indirectly linked to TP53. TP53 encodes
a tumor suppressor gene p53 involved in regulation of cell proliferation and apoptosis. Numerous studies implicated p53 in development of atherosclerosis and vascular
smooth muscle cell apoptosis.51-55 Higher plasma p53 levels were also associated with
an increased cIMT.56 However, it is important to note that network analysis is based on
the knowledge databases that are always evolving and new discoveries happen all time.
Furthermore, we identified 19q13.43 and 20p13 regions with significant evidence of
linkage to cIMT. Several genes under the linkage peak have previously been implicated
in the pathogenesis of cardiovascular disease. The base to base peak at 19q13 encompassed FCAR and TNNT1 genes associated with coronary heart disease57,58 and OSCAR
and FPR2 genes associated with atherosclerosis plaque phenotype,59,60 whereas the
base to base peak at 20p13 encompassed ADAM33 and TRIB3 associated with extent
and promotion of atherosclerosis61-65 and HSPA12B which is found to be enriched in
atherosclerotic lesions.66
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Our study presents the linkage analysis using extreme phenotype approach that was
designed to capture region with genetic variants that have large effects on cIMT. Combination of linkage analysis in a large family-based study and exome sequence data
provide a unique opportunity to explore the variants in the linkage regions. However,
despite these distinct advantages, we were able to identify a genetic variant for only one
of the several linked genomic regions, for which, there may be several reasons including
structural variants, and intronic or intergenic single-nucleotide variants that were not
evaluated in the current study. Interestingly, the 19q13.43, 20p13 and 21q22.12 linkage peaks were previously associated with various phenotypes in our study population
including personality traits and depressive symptoms.67,68
To conclude, our linkage analysis identified four genomic regions at 2p16.3, 19q13.43,
20p13 and 21q22.12 for cIMT. The significant linkage regions contain several plausible
candidate genes. Further analyses are needed to demonstrate their involvement in
atherosclerosis.
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(A)
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Supplementary Figure 1. The pedigree of highest HLOD score contributing family and the results of parametric per-family linkage analysis under the dominant model for the chromosome 2p16.3. (A) Squares represent males and circles females. Solid symbols depict affected family members. These family members
were used in the linkage analysis. Age of individual and carotid intima-media thickness are displayed on
the pedigree. Open symbols denote unaffected individuals (carotid intima-media thickness is displayed
underneath the symbol) or individuals with no data available for analysis (carotid intima-media thickness
is missing). (B) The x-axis shows 22 autosomal chromosomes, and the y-axis shows the heterogeneity LOD
(HLOD) scores for the dominant model.

158

A combined whole-genome linkage scan and exome sequencing for carotid intima-media thickness

(A)

3

(B)

supplementary Figure 2. The pedigree of highest HLOD score contributing family and the results of parametric per-family linkage analysis under the recessive model for the chromosome 19q13.43. (A) Squares
represent males and circles females. Solid symbols depict affected family members. These family members
were used in the linkage analysis. Age of individual and carotid intima-media thickness are displayed on
the pedigree. Open symbols denote unaffected individuals (carotid intima-media thickness is displayed
underneath the symbol) or individuals with no data available for analysis (carotid intima-media thickness
is missing). (B) The x-axis shows 22 autosomal chromosomes, and the y-axis shows the heterogeneity LOD
(HLOD) scores for recessive model.
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Supplementary Figure 3. The pedigree of highest HLOD score contributing family and the results of parametric per-family linkage analysis under the dominant model for the chromosome 20p13. (A) Squares represent males and circles females. Solid symbols depict affected family members. These family members
were used in the linkage analysis. Age of individual and carotid intima-media thickness are displayed on
the pedigree. Open symbols denote unaffected individuals (carotid intima-media thickness is displayed
underneath the symbol) or individuals with no data available for analysis (carotid intima-media thickness
is missing). (B) The x-axis shows 22 autosomal chromosomes, and the y-axis shows the heterogeneity LOD
(HLOD) scores for the dominant model.
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(B)

supplementary Figure 4. The pedigree of highest HLOD score contributing family and the results of parametric per-family linkage analysis under the dominant model for the chromosome 21q22.12. (A) Squares
represent males and circles females. Solid symbols depict affected family members. These family members
were used in the linkage analysis. Age of individual and carotid intima-media thickness are displayed on
the pedigree. Open symbols denote unaffected individuals (carotid intima-media thickness is displayed
underneath the symbol) or individuals with no data available for analysis (carotid intima-media thickness
is missing). (B) The x-axis shows 22 autosomal chromosomes, and the y-axis shows the heterogeneity LOD
(HLOD) scores for the dominant model.
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Supplementary Figure 5. Ingenuity Pathway Analysis tool network of genes under the linkage peak at
21q22 which are highly expressed in tissues relevant for atherosclerosis. Lines without arrow indicate interactions (chemical-chemical, protein-protein, chemical-protein, RNA-RNA, correlation) while lines with
an arrow indicate activation, causation, expression, localization, transcription, molecular cleavage, membership, modification, phosphorylation, protein-DNA and/or protein-RNA interactions. Solid lines indicate
direct interaction while dashed lines indicate indirect interactions. Diamond molecule shape denotes enzyme, rhombus - peptidase, inverted triangle - kinase, inverted trapezium - microRNA, circle in a circle complex/group, vertical rectangle - G-protein coupled receptor, horizontal rectangle - ligand-dependent
nuclear receptor, vertical ellipse - transmembrane receptor, horizontal ellipse - transcription regulator,
square - cytokine, and circle - other.
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supplementary Figure 6. The results of quantitative trait linkage analysis using variance component linkage.
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ABSTRACT
Background and aims
Increasing evidence shows that intracranial carotid artery atherosclerosis may develop
under the influence of a differential metabolic risk factor profile than atherosclerosis
in the extracranial part of the carotid artery. To further elucidate these differences, we
investigated associations of a wide range of circulating metabolites with intracranial
and extracranial carotid artery atherosclerosis.

Methods
From the population-based Rotterdam Study, blood samples from 1,111 participants
were used to determine a wide range of metabolites by proton nuclear magnetic
resonance (NMR). Moreover, these participants underwent non-contrast computed
tomography of the neck and head to quantify the amount of extra- and intracranial
carotid artery calcification (ECAC and ICAC), as a proxy of atherosclerosis. We assessed
associations of the metabolites with ICAC and ECAC and compared the metabolic association patterns of the two.

Results
We found that one standard deviation (SD) increase in concentration of 3-hydroxybutyrate, a ketone body, was significantly associated with a 0.11 SD increase in ICAC volume
(p-value = 1.8×10−4). When we compared the metabolic association pattern of ICAC
with that of ECAC, we observed differences in glycolysis-related metabolite measures,
lipoprotein subfractions, and amino acids. Interestingly, glycoprotein acetyls were associated with calcification in both studied vessel beds. These associations were most
prominent in men.

Conclusions
We found that a higher circulating level of 3-hydroxybutyrate was associated with an
increase in ICAC. Furthermore, we found differences in metabolic association patterns
of ICAC and ECAC, providing further evidence for location-specific differences in the
etiology of atherosclerosis.
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iNTroDUcTioN
Carotid artery atherosclerosis is established as the single most important cause of stroke
worldwide.1-4 Importantly, increasing evidence suggests that the specific location of
carotid atherosclerosis, i.e. extracranial versus intracranial, harbors unique, differential
information with regard to the risk of subsequent stroke.3-4 In addition, it was also found
that the contribution of traditional cardiovascular risk factors to intracranial carotid artery
atherosclerosis is different from that to extracranial carotid artery atherosclerosis.5-7 In
particular, diabetes mellitus and insulin resistance, i.e. expressions of disrupted glucose
and insulin metabolism, seem to play a more prominent role in the development of intracranial carotid artery atherosclerosis.6,8,9 This apparent location-specific susceptibility
to metabolic disturbances warrants further in-depth investigation of the metabolic underpinnings of carotid artery atherosclerosis. Interestingly, methods to perform such an
in-depth investigation of large spectra of active metabolites in relation to disease have
only recently become available.10,11 With the use of nuclear magnetic resonance (NMR),
metabolites can now be inexpensively and reproducibly quantified on a large-scale,
which enables metabolomics studies in large population-based cohorts. Successful examples include metabolic profiling of type 2 diabetes,12,13 and cardiovascular events.14–17
Applying a similar approach to carotid artery atherosclerosis may expose important metabolites contributing to the disease. To date, several inflammatory markers have been
associated with different stages and manifestation of carotid artery atherosclerosis, such
as interleukin-6 and tumor necrosis factor-α.18,19 Ultimately, this knowledge may provide
opportunities for the development of specific therapeutic and preventive strategies.
Hence, the aim of this study was to investigate associations of a broad range of metabolites
with intracranial and extracranial carotid artery calcification (ICAC and ECAC), as a proxy of
atherosclerosis, and to compare the metabolic association profile of ICAC with that of ECAC.

MATeriALs AND MeTHoDs
study population
Our study population consisted of participants from the Rotterdam Study, a prospective
population-based cohort study among individuals aged 45 years and over, who are living
in the well-defined Ommoord district in Rotterdam, the Netherlands.20 The study started
in 1990, with 7,983 participants (first Rotterdam Study cohort, RS-I), and was extended
in 2000/2001 (RS-II, 3,011 participants) and 2006/2008 (RS-III, 3,932 participants).20 All
participants were invited for extensive re-examinations every 3–4 years. At each visit,
167
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blood was drawn after overnight fasting. The Rotterdam Study has been approved by the
Medical Ethics Committee of the Erasmus MC and by the Ministry of Health, Welfare and
Sport of the Netherlands, implementing the Wet Bevolkingsonderzoek: ERGO (Population Studies Act: Rotterdam Study).20 All participants provided written informed consent
to participate in the study and to obtain information from their treating physicians.

Population for analysis
Metabolites were available for two independent datasets of the Rotterdam Study. The
first set encompassed all individuals from the RS-I cohort that participated in the fourth
examination round at the study center (N = 2,975). Of these, 730 underwent a computed
tomography (CT) scan to visualize calcification in the carotid arteries. The second dataset consisted of 768 participants from the RS-I, RS-II and RS-III cohorts of whom 381
also underwent a CT scan. This dataset was the subset of samples previously included in
the Biobank-based Integrative Omics Studies Consortium (BIOS Consortium).20,21 The CT
scan was performed on average 4 months (interquartile range (IQR) 2–4 months) after
metabolite measuring for the first Rotterdam Study dataset, and 6 years (IQR 5.9–6.2
years) before metabolite measuring for the second Rotterdam Study dataset.

Metabolite quantification
The metabolites were quantified from EDTA plasma samples using high-throughput
proton Nuclear Magnetic Resonance (NMR) metabolomics (Nightingale Health, Helsinki,
Finland). This method provides simultaneous quantification of metabolic measures,
i.e. routine lipids, lipoprotein subclass profiling with lipid concentrations within 14
subclasses, fatty acid composition, and various low-molecular-weight metabolites including amino acids, ketone bodies and gluconeogenesis-related metabolites in molar
concentration units. The lipoprotein subclasses include very low-density lipoprotein
(VLDL), intermediate-density lipoprotein (IDL), low-density lipoprotein (LDL) and highdensity lipoprotein (HDL). In these subclasses, the concentration is measured as well
as the subfraction of lipids, triglycerides, cholesterol esters, free cholesterol, and phospholipids. Details of the experimentation and applications of this NMR metabolomics
platform have been described previously.22,23 For this study we analyzed in total 166
non-derived metabolites that were measured across both cohorts.

Assessment of atherosclerosis
A 16-slice (n = 785) or 64-slice (n = 1,739) multidetector CT scanner (Somatom Sensation
16 or 64; Siemens, Forchheim, Germany) was used to perform non-enhanced scanning
of intracranial and extracranial carotid arteries to visualize calcification as a proxy of
atherosclerosis. Detailed information regarding the protocol and imaging settings is
provided elsewhere.4 ICAC was semi-automatically quantified from the horizontal seg168
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ment of the petrous internal carotid artery to the top of the internal carotid artery.8
Details of this quantification method were described previously.4 Briefly, regions of interest were drawn in the course of the intracranial internal carotid arteries in consecutive
CT sections. Next, calcification volumes were calculated by multiplying the number of
pixels in excess of 130 Hounsfield units by the pixel size and the increment.8 Calcification
volumes in the extracranial internal carotid arteries were quantified using dedicated
commercially available software (Syngo Calcium Scoring; Siemens).4 All calcification
volumes are expressed in cubic millimeters.

other measurements
Information on cardiovascular risk factors was obtained by means of interview, physical
examination or blood sampling. Hypertension was defined as a systolic blood pressure ≥
140 mmHg, diastolic blood pressure ≥ 90 mmHg, or use of medication for the treatment
of hypertension.24 Diabetes was defined as fasting plasma glucose levels above 7 mmol/L
or use of medication indicated for the treatment of diabetes.24 Hypercholesterolemia was
defined as a total cholesterol ≥ 6.2 mmol/L or use of lipid-lowering medication.24 BMI
was calculated as weight in kilograms divided by square of height in meters. A history
of cardiovascular disease was defined as previous myocardial infarction, percutaneous
transluminal coronary angioplasty, coronary artery bypass graft or stroke.8,24

statistical analysis
The distributions of metabolic measures were visually inspected for non-normality and
were, if necessary, natural logarithmic transformed to obtain approximately normal
distributions (supplementary Table 1). The metabolites were scaled to standard deviation (SD) units to enable direct comparisons of effect estimates across the different
measures. Because ICAC and ECAC volumes were non-normally distributed, we used
natural logarithmic transformed values. To deal with calcium volumes of zero we added
1.0 mm3 to the non-transformed values. Subsequently, we scaled these new values to
SD units to unify reporting and interpretation of the results. To assess the relation of
metabolites with ICAC and ECAC per dataset, we performed linear regression analysis
while adjusting for age, gender, and lipid-lowering medication (Model 1). The associations were further adjusted for hypertension, diabetes, hypercholesterolemia, smoking,
and BMI (Model 2). Finally, we additionally adjusted for history of cardiovascular disease
(Model 3). The summary statistic results of the two datasets were meta-analyzed using
inverse variance-weighted fixed-effect meta-analysis. Additionally, all analyses were
performed in males and females separately.
As metabolic measures are highly correlated (median absolute correlation coefficient = 0.24, IQR = 0.11–0.50), we used the method of Li and Ji25 to correct for multiple
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testing. The method calculates the number of independent variables (and thus tests) in
correlated measures. The 166 metabolites corresponded to 33 independent variables.
Bonferroni correction was applied for the number of independent variables tested
(p-value threshold for significance: 0.05/33 = 1.5 × 10−3). All analyses were performed
with R (R Core Team (2013). R: A language and environment for statistical computing. R
Foundation for Statistical Computing, Vienna, Austria (http://www.R-project.org/)).

RESULTS
The characteristics of the study population are shown in Table 1 and the summary
statistics of metabolites are shown in Supplementary Table 1. Participants from the
first dataset of Rotterdam Study (N = 730, 51.2% women, mean age 73.8 ± 5.5 years)
were older than participants from the second dataset of Rotterdam Study (N = 381, 53%
Table 1. Descriptive characteristic of study population
Rotterdam
Study dataset 1a

Rotterdam
Study dataset 2a

Number of Participants

730

381

Age at CT scan, years

73.8 ± 5.5

64.9 ± 3.2

Women

374 (51.2%)

202 (53.0%)

Diastolic blood pressure, mmHg

79.7 ± 11.4

81.3 ± 10.5

Systolic blood pressure, mmHg

151.2 ± 21.2

142.3 ± 18.0

Hypertension

406 (56.2%)

162 (43.7%)

Glucose, mmol/l

5.8 ± 1.4

5.6 ± 1.2

Participants at CT with diabetes

105 (14.4%)

29 (7.6%)

Total cholesterol, mmol/l

5.6 ± 1.0

5.8 ± 1.0

HDL-Cholesterol, mmol/l

1.4 ± 0.4

1.5 ± 0.4

Hypercholesterolemia

351 (48.5%)

186 (49.7%)

Smoking (never/past/current) (%)

206/403/91 (28.2/55.2/12.5)

110/200/59 (28.9/52.5/15.5)

BMI, kg/m2

27.3 ± 4

27.8 ± 3.8

Participants at CT with cardiovascular disease

95 (13.1%)

27 (7.1%)

Participants at CT with coronary heart disease

72 (9.9%)

17 (4.5%)

Participants at CT with stroke

32 (4.4%)

11 (2.9%)

ICAC volume, median (IQR), cm3

64.8 (13.0-205.6)

22.1 (3.8-75.4)

ECAC volume, median (IQR), cm3

48 (3.1-176.7)

10.4 (0-60.4)

Abbreviations: BMI - body mass index; HDL - high-density lipoprotein; ICAC - intracranial carotid artery
calcification; ECAC - extracranial carotid artery calcification; IQR - interquartile range.
a
Values are means ± standard deviation for continuous variables and number (percentages) for dichotomous variables.

170

Metabolic proﬁling of carotid artery atherosclerosis

women, mean age 64.9 ± 3.2 years), resulting in differences in age-related clinical characteristics and average volume of calcifications (Table 1). However, the prevalence of
ICAC was comparable being 83.0% and 80.6% in the first and second group respectively.
The prevalence of ECAC was 79.9% in the first and 65.6% in the second dataset.
Table 2. Association of 3-hydroxybutyrate with ICAC volume.
Models

effect (±se)a

P

N

Model 1
Age, sex and, lipid-lowering medication

0.107(±0.029)

1.76×10-4

1095

Model 2
Model 1 + hypertension, diabetes, hypercholesterolemia,
smoking, and BMI

0.092(±0.030)

2.10×10-3

1059

Model 3
Model 2 + history of cardiovascular disease

0.092(±0.030)

2.02×10-3

1054

a

Effect estimates are SD change in ICAC per 1-SD 3-hydroxybutyrate concentration.

We found a significant association of 3-hydroxybutyrate, a glycolysis-related metabolite, with ICAC (one SD increase in the concentration of 3-hydroxybutyrate was related
to a 0.11 SD increase in ICAC; p-value = 1.8×10−4, Table 2). The effect estimates were
consistent across the two datasets (first Rotterdam Study dataset: effect = 0.10, p-value
= 6.5×10−3; second Rotterdam study dataset; effect: 0.13, p-value = 9.06×10−3). Further
adjustments for traditional cardiovascular risk factors or history of cardiovascular disease did not influence the effect estimate (Table 2). We found no statistically significant
association of any of the metabolites with ECAC (supplementary Table 2).
When comparing the metabolic association pattern between ICAC and ECAC we found
specific differences (Fig. 1, supplementary Table 2). Among the glycolysis-related
metabolic measures, 3-hydroxybutyrate which was significantly associated with ICAC,
showed nominally significant association with ECAC (effect = 0.07, p-value = 0.02). Glucose was nominally significant associated with both ICAC (effect = 0.07, p-value = 0.01),
and ECAC (effect = 0.06, p-value = 0.03), whereas citrate was nominally associated with
ECAC (effect = 0.06, p-value = 0.03) (supplementary Table 2). Interestingly, among
lipoprotein subfractions, only triglycerides in medium-sized LDL were nominally associated with ICAC (effect = 0.06, p-value = 0.03, Fig. 1A, supplementary Table 2), whereas
total and free cholesterol and cholesterol esters in extra-large HDL showed nominally
significant association with ECAC (Fig. 1A, supplementary Table 2). Among the aminoacids, isoleucine was nominally associated with ICAC, and histidine was nominally associated with ECAC. Glycoprotein acetyls were associated with calcification volume in
both studied vessel beds.
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Figure 1. Metabolic association profiles of ICAC and ECAC. The colors represent standardized effect estimates of the metabolites with the calcification volume. The effect
estimates of lipoprotein subfractions with calcification in all studied vessel beds are shown in Figure 1A grouped by classes of lipoproteins. The effect estimates of other
metabolite measures are shown in Figure 1B grouped by type of metabolic measure. The effect estimates are adjusted for age, gender, and lipid-lowering medication.

Chapter 3.2

172

Metabolic proﬁling of carotid artery atherosclerosis

When we stratified the analysis by sex the association of 3-hydroxybutyrate with ICAC
was nominally significant in both men (effect = 0.13, p-value = 2.8×10−3) and women (effect = 0.08, p-value = 0.04) (supplementary Figs. 1 and 2, supplementary Tables 3 and
4). Interestingly, the association of glycoprotein acetyls with ICAC and ECAC was mainly
driven by men (supplementary Figs. 1 and 2). However, after further adjustments for
traditional cardiovascular risk factors or history of cardiovascular disease, glycoprotein
acetyls in men were not associated with ICAC and ECAC (p-value > 0.05, supplementary
Table 3). Other metabolites that were significantly associated with ECAC in men were:
the ratio of 18:2 linoleic acid to total fatty acids (effect = −0.17, p-value = 4.7×10−5) and
the ratio of omega-6 fatty acids to total fatty acids (effect = −0.15, p-value = 3.4×10−4).
These associations were not modified by the additional adjustments made in model 2
and 3 (supplementary Table 3). No statistically significant associations were observed
of metabolites with ECAC in women (supplementary Table 4).

DiscUssioN
In this population-based study, we found that glycolysis-related metabolite measures
were associated with a larger volume of ICAC. In particular, higher levels of 3-hydroxybutyrate substantially contributed to larger ICAC volumes. When comparing the metabolic
association profile of ICAC with that of ECAC, we found specific differences in glycolysisrelated metabolite measures, lipoprotein subfractions, and amino acids.
To our knowledge, this is the first study investigating associations of metabolomics with
ICAC and ECAC. The most intriguing finding was the association of 3-hydroxybutyrate
(also called beta-hydroxybutyric acid) with ICAC. The ketone 3-hydroxybutyrate is the
most abundant of the three known ketone bodies (acetoacetate, 3-hydroxybutyrate,
and acetone) that is produced by the liver during fasting and represents an alternative
energy source for the brain.26 In addition, fasting-induced 3-hydroxybutyrate has been
found to enhance expression of the glucose transporter Glut1 in brain endothelial cells,
which plays an important role in glucose transport across the blood-brain barrier.27 In
general, ketone bodies are considered to exert beneficial effects on brain functioning.28 In this light, our finding that higher concentrations of 3-hydroxybutyrate relate
to larger volumes of ICAC seems to contrast these beneficial effects, especially because
ICAC is a risk factor for (subclinical) stroke, cognitive decline, and dementia.29,30 Yet, a
potential mechanism underlying this association may be found in the property of 3-hydroxybutyrate to form polymers known as Poly-(R)-3-hydroxybutyrates (PHB)s. These
short-chain PHBs reside in the lipid core of lipoprotein(a) (Lp(a)), a lipoprotein with
profound atherogenic effects and also causally related to coronary heart disease.31-34
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Another explanation for the relation of 3-hydroxybutyrate with ICAC may be impaired
glucose tolerance. Impaired glucose tolerance is the (pre-) clinical state of diabetes
mellitus type 2 (DM2) and is associated with an elevated risk of and a poor prognosis
after cardiovascular events.35,36 3-hydroxybutyrate levels were found to be increased
in individuals with impaired glucose tolerance and in patients with DM2, in whom it
predicted worsening of hyperglycemia and incident DM2 in the next 5 years.37 These
data could hypothetically place 3-hydroxybutyrate in the pathway that leads from an
impaired glucose tolerance to increased ICAC and eventually cardiovascular events.
Another explanation may be that higher levels of 3-hydroxybutyrate compensate for
defective transport of 3-hydroxybutyrate across the blood-brain barrier due to intracranial arteriosclerosis, i.e. reverse causation. Finally, a partial common genetic background
might explain the relation between 3-hydroxybutyrate and ICAC.
We also compared the metabolic association patterns of ICAC with that of ECAC. The
association between glycoprotein acetyls was observed with both ICAC and ECAC,
and glycoprotein acetyls associated with calcifications in men. Attenuation of these
associations in model 2, suggests that glycoprotein acetyls might in part reflect pathology related to cardiovascular risk. Levels of this protein are strongly associated with
smoking and physical activity and glycoprotein acetyl concentration has been shown
to be a strong predictor of 10-year mortality.38,39 The protein is a marker of acute-phase
reactions and may be implicated in this way in depression,40 diabetes,41 cardiovascular
disease,42 and cancer43. Furthermore, we observed specific differences that further underline the location-specific properties of atherosclerosis.5,44,45 In addition to differences
in glycolysis-related metabolic measures between ICAC and ECAC which are discussed
above, another interesting difference we found was that higher concentrations of HDL
subfractions were associated with lower volumes of ECAC, but not with ICAC.
The strength of our study includes the large sample with standardized assessments of
metabolic measures and arterial calcification in intracranial and extracranial carotid
artery, enabling comparisons of the metabolic association patterns of calcification in
these two vessel beds. The metabolomics platform that we used contains a large proportion of lipoprotein or other lipid measures which provides an excellent opportunity
to study atherosclerosis.15,22,23,46 However, it should be acknowledged that many other
metabolites can be measured using more detailed techniques,47 which may also be of
importance to atherosclerosis. There are also other limitations of our study that should
be noted. First, even though calcification is a validated marker of atherosclerosis, noncalcified atherosclerotic disease was not taken into account. Especially, these non-calcified components of the atherosclerotic plaque may also be influenced by the studied
metabolites.48 Another limitation of the current study is that metabolites and CT scan
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measures have not been taken at the same time. However, the results were concordant
in the two datasets despite the time difference in the metabolites and CT scan measures.
Finally, although we adjusted our analyses for various known potential confounders,
residual confounding by unknown factors remains possible. We urge future replication
efforts of our findings in independent datasets.

coNcLUsioNs
We found a prominent association between 3-hydroxybutyrate and the amount of ICAC.
Investigation of the underlying biological mechanisms for the identified association
should be the subject of future biological studies. When comparing the metabolic association profile of ICAC with that of ECAC, we found specific differences in glycolysisrelated metabolite measures, lipoprotein subfractions, and amino acids, further corroborating the evidence for the existence of location-specific differences in the etiology
of carotid artery atherosclerosis.
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ABSTRACT
Stroke is a leading cause of death and long-term disability worldwide. Detailed
profiling of metabolic status can provide insights into metabolic changes and lead to
identification of individuals with higher risk of stroke. We investigated association of
a wide range of metabolites with risk of stroke in seven prospective population-based
cohorts including 1,791 incident stroke events among 38,797 participants. The analyses
were performed considering all incident stroke events and ischemic and hemorrhagic
events separately. The analysis revealed ten significant metabolite associations. Amino
acid histidine (hazard ratio (HR) per SD= 0.9, 95% confidence interval (CI): 0.85, 0.94),
glycolysis-related metabolite pyruvate (HR per SD = 1.09, 95% CI: 1.04, 1.14), acute phase
reaction marker glycoprotein acetyls (HR per SD = 1.09, 95% CI: 1.03, 1.15), cholesterol in
high-density lipoprotein (HDL) 2 and several other lipoprotein particles including cholesterol in medium HDL and triglycerides in medium and large low-density lipoprotein
(LDL) particles were associated with risk of stroke. When focusing on incident ischemic
stroke, a significant association was observed with phenylalanine (HR per SD = 1.12,
95% CI: 1.05, 1.19) and total and free cholesterol in large HDL particles. When comparing
our findings to those of a study in the China Kadoorie Biobank, glycoprotein acetyls are
replicated both in Caucasians and Chinese. However, we also observed very significant
associations that were specific for Western societies. To conclude, we found association
of amino acids, glycolysis-related metabolites, acute phase reaction markers, and several
lipoprotein subfractions with the risk of stroke. The biological mechanisms underlying
these associations should be subject of further studies.

180

Circulating metabolites and risk of stroke

iNTroDUcTioN
Stroke is a leading cause of death and serious long-term disability worldwide.1 The
majority of strokes are of the ischemic type, while the hemorrhagic type occurs less
often but is associated with a higher mortality risk.1,2 Stroke risk is determined by various
modifiable risk factors such as hypertension, diabetes mellitus, cardiovascular disease,
smoking, and obesity, whereas association of stroke with cholesterol and its subfractions
has shown inconsistent results.1-6 Opportunities for therapeutic interventions in stroke
patients depend on the type of stroke and relay on brain imaging techniques.7 Despite
advances in brain imaging techniques, costs are still high, availability is limited and
not all patients show a relevant lesion on neuroimaging.7,8 New technology is needed
to identify high-risk patients, to understand the etiology of stroke and develop future
prevention strategies. Detailed profiling of metabolic status can provide insights into
metabolic changes that lead to a higher risk of stroke. As the metabolome reflects both
genome and exposome including exposures to risk factors that determine the risk of
stroke, this new –omics technology may open new avenues towards stroke prevention.
To date, only few studies have analyzed metabolic disturbances in stroke and identified
various metabolites to be associated with stroke.9-11 However, these studies are based
on a relatively small sample or on participants of non-European ancestry.12 The most
comprehensive study to date was conducted by Holmes et al. within the China Kadoorie
Biobank including patients with ischemic stroke (N = 1,146) and intracerebral hemorrhage (N = 1,138).12 The study reported an association between lipids and lipoprotein
particles of various sizes with ischemic stroke but not with hemorrhage.12 Furthermore,
the study identified glycoprotein acetyls, ketone bodies, glucose and docosahexaenoic
acid to be associated with both ischemic and hemorrhagic stroke.12
As large metabolomic studies of stroke in persons of European origin are lacking, the
aim of our study is to conduct a comprehensive analysis of circulating metabolites and
incident stroke in large prospective population-based setting including 1,791 incident
stroke events among 38,797 participants of European origin.

MeTHoDs
study population
Our study population included 38,797 participants from seven cohorts including Rotterdam Study, the Whitehall II study (Whitehall II), the national FINRISK studies (FINRISK97
and FINRISK07), PROspective Study of Pravastatin in the Elderly at Risk (PROSPER), Estonian biobank (EGCUT), and Framingham Heart Study (FHS). Description of participating
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studies is provided in the Supplementary Note 1. Each of the participating studies was
approved by local ethical committees or institutional review boards. All participants
provided written informed consent.

Stroke assessment
Details on stroke assessment are provided in the Supplementary Note 2. The incident
stroke events were assessed through follow-up of health records, while in some studies
additional periodic visits to research centers were used (e.g. Rotterdam Study, FHS).
Participants of the Rotterdam Study were monitored for incident stroke using automated linkage of medical records from general practitioners with the study database.13
Incident stroke events in the Whitehall II study were ascertained through linkage to
electronic records from hospitalizations due to stroke and national statistics death registries,14,15 whereas in the FINRISK cohorts linkage to national health registries was used
(https://www.biorxiv.org/content/early/2018/03/12/280677). Ascertainment of incident
stroke events in EGCUT was also performed through linkage to electronic records from
multiple databases (https://thl.fi/publications/morgam/cohorts/ full/estonia/est-esta.
htm), while information regarding domiciliary visits or hospitalizations associated with
possible cardiovascular events including stroke, and information on all deaths was used
for classification of study endpoints in PROSPER.16 In the FHS, incident clinical stroke
was identified as part of ongoing clinic and hospital surveillance, and additional stroke
surveillance by annual phone health updates and collaboration with primary care
physicians and local emergency departments.17,18 Participants with a history of stroke at
baseline were excluded from the analyses.

Other measurements
The baseline measurements included measures of blood pressure, plasma glucose
levels, weight, and height. Hypertension was defined as a systolic blood pressure ≥ 140
mmHg, diastolic blood pressure ≥ 90 mmHg, or use of antihypertensive medication. Diabetes was defined as fasting plasma glucose levels above 7 mmol/L or use of medication
indicated for the treatment of diabetes. Body mass index (BMI) was calculated as weight
in kilograms divided by square of heights in meters.

Metabolite quantification
Circulating metabolites were quantified using a high-throughput Nuclear Magnetic
Resonance (1H-NMR) technology. In all participating studies except the FHS, the Nightingale Health metabolomics platform (Helsinki, Finland) was used for simultaneous
quantification of a wide range of metabolites, including routine lipids, 14 lipoprotein
subclasses and their lipids (esterified cholesterol, free cholesterol, total cholesterol,
triglycerides, phospholipids, and total lipids), fatty acids, amino acids, ketone bodies,
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and various glycolysis precursors. A detailed description of the methodology has been
provided previously.19,20 In the FHS, lipoprotein subclasses were measured by proton
NMR spectroscopic assay (LipoScience, Raleigh, NC).21,22 Blood samples were collected
after overnight fasting in all studied except for FINRISK97 and FINRISK07 in which the
samples were collected after 4 hours of fasting (semi-fasting state).23,24 The sample
material was EDTA-plasma in the Rotterdam Study, FHS, and EGCUT, whereas the serum
was used in FINRISK, PROSPER and Whitehall II.23-26 There were 147 primary non-derived
metabolite measurements quantified in absolute concentration units that were further
analyzed in this study.

statistical analyses
To obtain an approximately normal distribution, all metabolites were natural logarithmic
transformed prior the analyses. To deal with zero values, one was added to all values of
the metabolites prior to the transformation. The metabolite measurements were subsequently scaled to standard deviation (SD) units. The relationship between metabolites
and stroke was assessed by Cox proportional hazards regression models. The analyses
were performed while adjusting for age, gender, BMI, lipid-lowering medication, and
study-specific covariates if needed (Model 1). The associations were further adjusted for
smoking status, diabetes, and hypertension (Model 2). The summary statistics results
of participating studies were combined using inverse variance-weighted fixed-effect
meta-analysis. The analyses were performed considering all incident stroke events and
ischemic and hemorrhagic events separately.
As metabolite measures are highly correlated, we calculated the number of independent
tests using the previously described method of Li and Ji.27 Subsequently, the number
of independent tests was used for calculation of Bonferroni corrected p-value (0.05/30
independent metabolites = 1.7×10-3).
To determine the discrimination power of metabolite measures discovered in our study,
we used the Rotterdam Study to calculate the area under the receiver-operating characteristic curve (AUC). We also determined the discrimination of metabolite measures
discovered in the China Kadoorie Biobank and furthermore, their discrimination power
when combined together with the metabolites discovered in our study and Framingham
Stroke Risk Score. The analyses were performed in R version 3.2.5 (http://www.R-project.
org/).
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RESULTS
The baseline descriptive characteristics of study participants are shown in Table 1. In total there were 1,791 incident stroke events observed among 38,797 participants across
the seven cohorts. The mean follow-up time ranged from 2 years in PROSPER, 6 years in
the Rotterdam Study, and 7 years in EGCUT and FINRISK07 to 13 years in Whitehall II and
15 years in FINRISK97 and FHS.
The results of association analysis between circulating metabolites and incident stroke
are shown in Table 2. The analysis revealed 27 significant metabolite associations in
model 1. After further adjustment for hypertension status, diabetes and smoking, 7 metabolite associations survived correction for multiple testing. These included the amino
Table 1. Descriptive statistics of study population.
Rotterdam Study

Whitehall II**

Finrisk97

Controls

Incident
cases

Controls

197

5792

474

6384

59.4 (5.9)

55.6 (6)

59.6 (10.4)

47.0 (12.9)

58%

25.4%

29.1%

38.6%

52.6%

13%

15.70%

9.40%

24.5%

23.7%

17.9%

14.3%

8.6%

4.4%

16.9%

4.9%

Hypertension

85.6%

81.0%

41.1%

28.0%

48.9%

21%

Systolic blood pressure (mmHg)

156.8 (23.9) 151.4 (20.1) 127.4 (16.3) 122.9 (16.5) 147.7 (22.3) 134.7 (19.2)

Controls

Incident
cases

257

2308

76.9 (6.2)

75.0 (6.1)

Women

54.1%

Current Smoking

15.2%

Diabetes

Variable*

Incident
cases

N
Age (years)

Diastolic blood pressure (mmHg) 79.7 (12.4)

79.2 (11.1)

78.3 (10.2)

77.5 (10.5)

86.1 (11.9)

81.9 (11.2)

Antihypertensive medication

51%

47.10%

21.8%

12.3%

27.4%

11.5%

BMI (kg/m2)

27.2 (3.5)

27.4 (4.2)

26.2 (4.2)

26 (3.9)

28.4 (4.8)

26.5 (4.5)

Follow-up time (years)

5.7 (3.5)

9.8 (3.5)

12.5 (4.9)

18.2 (3)

15.03 (4.2)

16.9 (3)

Total cholesterol

5.5 (0.98)

5.6 (0.98)

5.8 (1.1)

5.9 (1.1)

5.79 (1.1)

5.52 (1.1)

HDL cholesterol

1.4 (0.4)

1.5 (0.4)

1.5 (0.4)

1.5 (0.4)

1.29 (0.3)

1.41 (0.4)

LDL cholesterol

NA

NA

3.8 (1.01)

3.9 (0.9)

3.71 (0.9)

3.46 (0.9)

Triglycerides

NA

NA

1.3 (0.8)

1.4 (0.9)

1.79 (1.1)

1.46 (1.0)

Lipid lowering medication

21.4%

20.6%

5.1%

3.0%

7.8%

3.1%

Coronary Heart Disease

13.6%

10.8%

11.7%

5.9%

9.1%

1.9%

Stroke
Hemorrhagic

32 (12.5%) -

48 (24.4%) -

69 (14.6%) -

Ischemic

183 (71.2%) -

126 (64.0%) -

405 (85.4%) -

Not defined

42 (16.3%) -

23 (11.6%) -

-

-

* Values are means ± standard deviation for continuous variables and percentages for dichotomous variables.
** While all other cohorts included participants of European ancestry, 87.3% of Whitehall II study cases were
of European ancestry, 6.6% of Asian, 5.1% of African American and 1% of other.
***Lipid levels are expressed in mmol/l for all cohorts except for FHS (mg/dl).
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acid histidine (hazard ratio (HR) per SD = 0.9, 95 % confidence interval (CI): 0.85, 0.94)
and cholesterol in high-density lipoprotein (HDL) 2 (HR per SD = 0.91, 95% CI: 0.87, 0.97)
which were associated with a decreased risk of stroke, glycolysis-related metabolite
pyruvate (HR per SD = 1.1, 95% CI: 1.04, 1.14) and acute phase reaction markers glycoprotein acetyls (HR per SD = 1.09, 95% CI: 1.03, 1.15) which were associated with an
increased risk of stroke, and several lipoprotein particles including HDL and low-density
lipoprotein (LDL subfractions) (Table 2, Figure 1). Cholesterol in medium HDL was associated with decreased risk (HR per SD = 0.92, 95% CI: 0.87, 0.97), whereas triglycerides
in medium and large LDL were associated with an increased risk of stroke (HR per SD =
1.09, 95% CI: 1.03, 1.14 and HR per SD = 1.09, 95% CI: 1.03, 1.14, respectively) (Table 2,
Figure 1). The direction of effect across the cohorts showed no evidence of single cohort
driving the associations (Figure 2). Whereas the Whitehall II study showed opposite

Finrisk07

PROSPER

EGCUT

3

FHS***

Incident
cases

Controls

Incident
cases

Controls

Incident
cases

Controls

Incident
cases

Controls

107

4424

197

4627

308

10268

251

3203

62.0 (10.4)

51.9 (13.5)

75.9 (3.7)

75.2 (3.3)

66.3 (12.5)

44.5 (17.1)

58.1 (8.98)

51.7 (10.1)

42.1%

53.7%

54%

52.2%

54.9%

63.3%

47.4%

51.4%

21.5%

17.4%

28.90%

27.10%

17.5%

29.9%

24.9%

24.6%

15.9%

8.9%

18.3%

10.6%

35.4%

7.7%

15.9%

5.0%

43%

16.5%

58.9%

62.5%

66.2%

24.4%

60.2%

34.2%

149.8 (23.7)

136.4 (20.2)

157.1 (21.9)

154.5 (21.8)

142.8 (18.8)

125.7 (16.9)

137.8 (20.8)

126.2 (18.5)

83.1 (13.6)

79.3 (11.0)

84.6 (11.8)

83.7 (11.4)

83.4 (10.9)

77.6 (10.7)

81.6 (10.4)

78.9 (9.9)

34.6%

22.1%

70.6%

74.4%

69.5%

24.3%

36.3%

16.4%

28.0 (5)

27.16 (4.8)

26.5 (4.1)

26.9 (4.2)

29.1 (5.7)

26.4 (5.4)

27.6 (5.1)

26.7 (4.8)

7.25 (1.5)

7.75 (0.7)

1.9 (1.0)

3.3 (0.5)

6.9 (3.1)

8.9 (1.8)

14.7 (7)

22.4 (6.0)

5.23 (0.96)

5.28 (1)

5.64 (0.85)

5.68 (0.90)

6.0 (1.2)

5.7 (1.2)

215.4 (42.0)

205.1 (38.5)

1.44 (0.4)

1.44 (0.4)

1.25 (0.32)

1.28 (0.35)

1.5 (0.4)

1.6 (0.5)

47.4 (15.5)

49.7 (14.9)

3.11 (0.8)

3.20 (0.9)

3.77 (0.76)

3.79 (0.80)

2.5 (0.7)

2.3 (0.6)

138.2 (36.8)

131.4 (35.1)

1.49 (0.8)

1.42 (0.9)

1.57 (0.70)

1.54 (0.69)

1.9 (1.0)

1.6 (0.9)

150.9 (104.7) 123.5 (101.8)

25.2%

14.7%

52.3%

49.5%

13.6%

4.7%

6.0%

3.7%

5.6%

2.9%

16.8%

13.1%

35.1%

9.2%

12.4%

5.7%

23 (21.5%)

-

-

-

45 (14.6%)

-

30 (12%)

-

84 (78.5%)

-

-

-

261 (84.7%)

-

219 (87.3%)

-

-

-

-

-

11 (3.6%)

-

2 (0.8%)

-
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direction of effect for apolipoprotein A, HDL, and HDL2 cholesterol, the findings showed
a general spread for most HDL subfractions.
Table 2. Results of association analysis between incident stroke and metabolites.
Model 1
Metabolite

N

Ncases HR

CI

Model 2
P

N

Ncases HR

CI

P

Phenylalanine

35091

1527

1.11

1.06;1.17 4.88E-05

35036 1524

1.08

1.03;1.14

3.36E-03

Histidine*

35017

1526

0.89

0.84;0.93 7.94E-06

34962 1523

0.9

0.85;0.94

4.45E-05

plasma-ApoA1

35107

1529

0.91

0.86;0.96 7.14E-04

35052 1526

0.94

0.88;0.99

1.79E-02

HDL-cholesterol

35107

1529

0.89

0.84;0.94 2.89E-05

35052 1526

0.92

0.87;0.97

3.20E-03

HDL2-cholesterol*

35107

1529

0.88

0.84;0.93 9.13E-06

35052 1526

0.91

0.87;0.97

1.41E-03

IDL-triglycerides

38561

1780

1.1

1.05;1.16 6.06E-05

38494 1775

1.07

1.02;1.12

9.91E-03

LDL-triglycerides

35107

1529

1.12

1.06;1.18 3.93E-05

35052 1526

1.08

1.03;1.14

2.47E-03

Glucose

34980

1524

1.15

1.1;1.2

7.81E-11

34925 1521

1.06

1.01;1.11

1.87E-02

Lactate

35100

1529

1.12

1.07;1.18 1.11E-05

35045 1526

1.08

1.02;1.13

5.09E-03

Pyruvate*

24423

1205

1.13

1.08;1.18 1.37E-07

24368 1202

1.09

1.04;1.14

7.45E-04

Glycoprotein acetyls*

35101

1529

1.15

1.09;1.21 1.25E-07

35046 1526

1.09

1.03;1.15

1.27E-03

HDL-diametar

35107

1529

0.89

0.84;0.94 3.05E-05

35052 1526

0.92

0.87;0.98

6.73E-03

S-HDL-triglycerides

35108

1529

1.11

1.06;1.17 6.80E-05

35053 1526

1.07

1.01;1.12

1.97E-02

M-HDL-cholesterol*

38560

1780

0.89

0.85;0.94 2.07E-05

38493 1775

0.92

0.87;0.97

1.35E-03

M-HDL-cholesterol
esters

35106

1529

0.9

0.85;0.95 2.05E-04

35051 1526

0.92

0.87;0.97

3.73E-03

M-HDL-free cholesterol

35106

1529

0.91

0.86;0.96 7.33E-04

35051 1526

0.93

0.88;0.98

8.24E-03

L-HDL-cholesterol

38555

1780

0.89

0.84;0.94 2.13E-05

38488 1775

0.92

0.88;0.98

5.50E-03

L-HDL-cholesterol esters 35101

1529

0.9

0.84;0.95 2.03E-04

35046 1526

0.93

0.88;0.99

1.37E-02

L-HDL-free cholesterol

1529

0.89

0.84;0.94 1.25E-04

35046 1526

0.92

0.87;0.98

9.96E-03

35101

L-HDL-total lipids

35101

1529

0.9

0.85;0.95 2.12E-04

35046 1526

0.93

0.88;0.99

1.70E-02

L-HDL-phospholipids

35101

1529

0.9

0.85;0.96 6.29E-04

35046 1526

0.94

0.89;1

3.49E-02

L-HDL concentration

35101

1529

0.9

0.85;0.96 8.53E-04

35046 1526

0.94

0.89;1

4.21E-02

XL-HDL-free cholesterol 35099

1527

0.91

0.86;0.96 8.31E-04

35044 1524

0.94

0.89;1

3.55E-02

S-LDL-triglycerides

29120

1332

1.12

1.06;1.18 2.95E-05

29065 1329

1.09

1.03;1.15

2.81E-03

L-LDL-triglycerides*

35107

1529

1.12

1.06;1.17 3.00E-05

35052 1526

1.09

1.03;1.14

1.67E-03

M-LDL-triglycerides*

35106

1529

1.12

1.06;1.18 1.68E-05

35051 1526

1.09

1.03;1.14

1.19E-03

XL-VLDL-triglycerides

38284

1769

1.09

1.04;1.14 1.56E-04

38217 1764

1.05

1;1.1

4.66E-02

Abbreviations: N - Total samples size; Ncases - Number of cases; HR - Hazard Ratio; 95% CI - 95% confidence
interval; P - p-value; Model 1 - adjustment for age, gender, BMI, lipid-lowering medication and study-specific covariates if needed; Model 2- additional adjustment for smoking status, diabetes, and hypertension;
*Associations that surpassed significance threshold in model 2.

186

Circulating metabolites and risk of stroke

3

Figure 1. The results of association analysis between incident stroke and metabolites across two different
models. Only associations that surpassed significance threshold are illustrated. The results are shown in
red for model 1 and in blue for model 2. Hazard Ratios (HR) are denoted with boxes, while corresponding
95% confidence intervals of effect estimates are represented with whiskers. The associations that remained
significant in model 2 are denoted by *.
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Model 1

Model 2

Figure 2. Associations that surpassed the threshold for multiple testing across two different models per
study. The results for Rotterdam Study are shown in red, for Whitehall II in blue, for FINRISK97 in green, for
FINRISK07 in orange, for PROSPER in purple, for EGCUT in turquoise and for FHS in golden. Hazard Ratios
(HR) are denoted with boxes, while corresponding 95% confidence intervals of effect estimates are represented with whiskers.

When we stratified the analysis by stroke type, we observed differences between ischemic and hemorrhagic stroke events (Table 3). Amino acid histidine and cholesterol in
HDL2 were associated with decreased risk of ischemic but not hemorrhagic incident
stroke (Table 3). The differences were also observed for glycolysis-related metabolite
pyruvate and acute phase reaction markers glycoprotein acetyls which were associated
with increased risk of ischemic but not hemorrhagic stroke (Table 3). Association between incident stroke events and LDL and HDL particles of various sizes was observed
only in the overall analysis, suggesting contribution of both stroke subtypes (Table 3).
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0.80
0.70

AUC

0.60

0.63

0.67

0.54

0.50

0.40
0.30
0.20
0.10
0.00

study metabolites

Kadoorie metabolites

FSRS + study metabolites
+ Kadoorie metabolites

Figure 3. The area under the receiver-operating characteristic curve (AUC) in different prediction models.
Study metabolites refer to circulating metabolites discovered in our study, while Kadoorie metabolites refer
to metabolites discovered in the China Kadoorie Biobank. FSRS stands for Framingham Stroke Risk Score.

Furthermore, a significant association was observed between phenylalanine levels and
increased risk of incident ischemic stroke (HR per SD = 1.12, 95% CI: 1.05, 1.19) and
decreased risk of ischemic stroke and level of cholesterol in large HDL (HR per SD = 0.89,
95% CI: 0.84, 0.95) and of free cholesterol in the same particles (HR per SD = 0.89, 95%
CI: 0.82, 0.95). There was no metabolite that surpassed the significant threshold in the
analysis for hemorrhagic stroke.
The metabolites discovered in our study discriminate future stroke with the AUC of 0.54
(95% CI: 0.50, 0.58) (Figure 3). When analyses were repeated using the metabolites discovered in the China Kadoorie Biobank, the AUC was 0.63 (95% CI: 0.60, 0.67). Combining
the metabolites discovered in our study and China Kadoorie Biobank, which is using the
same metabolomics platform in Chinese population, together with Framingham Stroke
Risk Score, lead to further improvement of the discrimination of future patients (AUC:
0.67, 95% CI: 0.63, 0.70) (Figure 3).
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Glucose

LDL-triglycerides

IDL-triglycerides

HDL2-cholesterol

HDL-cholesterol

Apolipoprotein A1

30033

hemorrhagic

30301

ischemic
34980

30155

hemorrhagic

all

35107

33755

ischemic

all

33609

hemorrhagic

30301

ischemic*
38561

30155

hemorrhagic

all

35107

30301

ischemic

all*

30155

hemorrhagic

30301

ischemic
35107

30155

all

35107

30216

ischemic*

hemorrhagic

30070

all

35017

hemorrhagic

30290

ischemic*

all*

30144

hemorrhagic

Histidine

35091

all

Phenylalanine

N

Type

Metabolite

214

1524

1051

216

1529

1270

246

1780

1051

216

1529

1051

216

1529

1051

216

1529

1050

214

1526

1051

214

1527

Ncases

1.13

1.15

1.14

1.02

1.12

1.13

0.92

1.1

0.85

1.04

0.88

0.86

1.04

0.89

0.89

1.03

0.91

0.88

0.95

0.89

1.16

0.94

1.11

HR

0.99;1.28

1.1;1.2

1.07;1.21

0.88;1.18

1.06;1.18

1.07;1.2

0.81;1.06

1.05;1.16

0.8;0.91

0.9;1.21

0.84;0.93

0.81;0.92

0.9;1.21

0.84;0.94

0.83;0.95

0.89;1.19

0.86;0.96

0.82;0.94

0.82;1.1

0.84;0.93

1.09;1.23

0.81;1.09

1.06;1.17

CI

Model 1

29981

30247
34925

2.89E-05
7.81E-11
7.07E-02

30103

8.27E-01

33689
35052

6.91E-06
3.93E-05

6.06E-05

33545

30247
38494

2.85E-06
2.63E-01

30103

5.75E-01

30247
35052

1.82E-05
9.13E-06

2.89E-05
30103

30247
35052

5.87E-04
5.63E-01

30103

35052

7.14E-04
7.32E-01

30162

1.18E-04

34962

7.94E-06
30018

30236

3.15E-06
4.78E-01

30092

35036

4.88E-05
3.90E-01

N

P

Table 3. Significant associations for overall incident stroke events and when classified by stroke type.

214

1521

1049

216

1526

1266

246

1775

1049

216

1526

1049

216

1526

1049

216

1526

1048

214

1523

1049

214

1524

Ncases

1.09

1.06

1.1

0.99

1.08

1.09

0.89

1.07

0.89

1.07

0.91

0.9

1.07

0.92

0.92

1.04

0.94

0.89

0.96

0.9

1.12

0.91

1.08

0.96;1.24

1.01;1.11

1.04;1.17

0.85;1.14

1.03;1.14

1.03;1.15

0.78;1.02

1.02;1.12

0.83;0.95

0.92;1.24

0.87;0.97

0.84;0.96

0.92;1.24

0.87;0.97

0.86;0.98

0.9;1.2

0.88;0.99

0.84;0.95

0.83;1.11

0.85;0.94

1.05;1.19

0.78;1.05

1.03;1.14

CI

Model 2
HR

2.20E-01

1.87E-02

1.82E-03

8.62E-01

2.47E-03

2.01E-03

1.02E-01

9.91E-03

5.29E-04

3.90E-01

1.41E-03

1.89E-03

3.97E-01

3.20E-03

1.43E-02

6.17E-01

1.79E-02

4.94E-04

6.16E-01

4.45E-05

4.13E-04

2.00E-01

3.36E-03

P
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M-HDL-free cholesterol

M-HDL-cholesterol esters

M-HDL-cholesterol

S-HDL-triglycerides

Mean diameter of HDL

Glycoprotein acetyls

Pyruvate

Lactate

Metabolite

30300
35106

ischemic

all

30154

hemorrhagic

33754
35106

ischemic

all

33608

hemorrhagic

30302
38560

ischemic

all*

30156

hemorrhagic

30301
35108

ischemic

all

30155

hemorrhagic

30300

ischemic*
35107

30154

all

35101

19627

ischemic*

hemorrhagic

19481

all*

24423

30299

ischemic

hemorrhagic

30153

all*

35100

hemorrhagic

30179

ischemic

all

N

Type

1529

1051

216

1529

1270

246

1780

1051

216

1529

1051

216

1529

1051

216

1529

778

167

1205

1051

216

1529

1048

Ncases

0.91

0.89

0.99

0.9

0.88

1

0.89

1.14

1

1.11

0.86

1.03

0.89

1.2

1.02

1.15

1.17

0.99

1.13

1.16

1.06

1.12

1.17

HR

0.86;0.96

0.83;0.95

0.86;1.14

0.85;0.95

0.83;0.93

0.87;1.15

0.85;0.94

1.08;1.22

0.86;1.15

1.06;1.17

0.8;0.92

0.89;1.2

0.84;0.94

1.13;1.28

0.88;1.18

1.09;1.21

1.11;1.23

0.84;1.16

1.08;1.18

1.09;1.24

0.92;1.22

1.07;1.18

1.12;1.23

CI

Model 1

30102
30246
35051

4.60e-04
7.33e-04

33688
35051

3.11e-05
2.05e-04
8.84E-01

33544

30248
38493

1.99e-05
2.07e-05
9.88E-01

30104

30247
35053

1.28e-05
6.80e-05
9.71E-01

30103

6.98E-01

30246
35052

8.55e-09
3.05e-05

35046

1.25e-07
30102

19573

2.86e-10
8.06E-01

19429

24368

1.37e-07
8.70E-01

30245

1.11e-06

35045

1.11e-05
30101

30125

5.37e-11
4.04E-01

N

P

Table 3. Significant associations for overall incident stroke events and when classified by stroke type. (continued)

1.07
1.08
1.04
1.1
1.09
0.96
1.13
1.09
0.96
1.13
0.92
1.07
0.9
1.07
0.96
1.09
0.92
1.02
0.91
0.92
1
0.91
0.93

1046
1526
216
1049
1202
167
776
1526
216
1049
1526
216
1049
1526
216
1049
1775
246
1266
1526
216
1049
1526

0.88;0.98

0.86;0.98

0.87;1.16

0.87;0.97

0.85;0.97

0.88;1.17

0.87;0.97

1.02;1.16

0.83;1.11

1.01;1.12

0.84;0.96

0.92;1.24

0.87;0.98

1.06;1.2

0.83;1.11

1.03;1.15

1.07;1.19

0.81;1.12

1.04;1.14

1.04;1.17

0.9;1.19

1.02;1.13

1.01;1.13

ci

Model 2
Hr

Ncases

8.24E-03

6.99E-03

9.72E-01

3.73E-03

1.95E-03

8.27E-01

1.35e-03

8.32E-03

5.84E-01

1.97E-02

2.93E-03

4.08E-01

6.73E-03

2.17e-04

6.28E-01

1.27e-03

1.93e-05

5.94E-01

7.45e-04

1.98E-03

6.13E-01

5.09E-03

2.13E-02

P
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XL-HDL-free cholesterol

L-HDL-phospholipids

L-HDL-concentration

L-HDL-total lipids

L-HDL-free cholesterol

L-HDL-cholesterol esters

L-HDL-cholesterol

Metabolite

30147

hemorrhagic

30295
35099

ischemic

all

30149

hemorrhagic

30295
35101

ischemic

all

30149

hemorrhagic

30295
35101

ischemic

all

30149

hemorrhagic

30295

ischemic*
35101

30149

all

35101

30295

ischemic

hemorrhagic

30149

all

35101

33749

ischemic*

hemorrhagic

33603

all

38555

30300

ischemic

hemorrhagic

30154

hemorrhagic

all

N

Type

216

1527

1051

216

1529

1051

216

1529

1051

216

1529

1051

216

1529

1051

216

1529

1270

246

1780

1051

216

Ncases

1.07

0.91

0.87

1.08

0.9

0.87

1.09

0.9

0.87

1.06

0.9

0.85

1.09

0.89

0.86

1.07

0.9

0.85

1.07

0.89

0.9

1.02

HR

0.93;1.24

0.86;0.96

0.81;0.93

0.93;1.26

0.85;0.96

0.81;0.93

0.94;1.27

0.85;0.96

0.81;0.93

0.91;1.23

0.85;0.95

0.79;0.91

0.93;1.26

0.84;0.94

0.8;0.92

0.92;1.24

0.84;0.95

0.8;0.91

0.93;1.24

0.84;0.94

0.84;0.96

0.88;1.18

CI

Model 1

30095

30241
35044

9.62E-05
8.31E-04
3.52E-01

30097

30241
35046

1.30E-04
6.29E-04
3.21E-01

30097

30241
35046

5.91E-05
8.53E-04
2.73E-01

30097

30241
35046

1.04E-05
2.12E-04
4.71E-01

30097

35046

1.25E-04
2.81E-01

30241

4.28E-05

35046

2.03E-04
30097

33683

2.03E-06
3.88E-01

33539

38488

2.13E-05
3.19E-01

30246

30102

N

1.75E-03

8.25E-01

P

Table 3. Significant associations for overall incident stroke events and when classified by stroke type. (continued)

216

1524

1049

216

1526

1049

216

1526

1049

216

1526

1049

216

1526

1049

216

1526

1266

246

1775

1049

216

Ncases

1.09

0.94

0.91

1.11

0.94

0.91

1.12

0.94

0.91

1.09

0.93

0.89

1.12

0.92

0.9

1.1

0.93

0.89

1.11

0.92

0.92

1.02

HR

0.94;1.26

0.89;1

0.85;0.98

0.95;1.29

0.89;1

0.85;0.98

0.96;1.3

0.89;1

0.84;0.97

0.93;1.27

0.88;0.99

0.82;0.95

0.96;1.3

0.87;0.98

0.84;0.97

0.95;1.28

0.88;0.99

0.84;0.95

0.96;1.28

0.88;0.98

0.86;0.98

0.88;1.18

CI

Model 2

2.38E-01

3.55E-02

9.32E-03

1.85E-01

3.49E-02

1.04E-02

1.44E-01

4.21E-02

6.00E-03

2.77E-01

1.70E-02

1.33E-03

1.44E-01

9.96E-03

3.59E-03

2.13E-01

1.37E-02

9.00E-04

1.56E-01

5.50E-03

1.56E-02

7.79E-01

P
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33352
33499

hemorrhagic

ischemic

30300

ischemic
38284

30154

all

35106

30301

ischemic

hemorrhagic

30155

all*

35107

24314

ischemic

hemorrhagic

24168

all*

29120

hemorrhagic

30293

ischemic

all

N

Type

1263

242

1769

1051

216

1529

1051

216

1529

925

168

1332

1049

Ncases

1.12

0.98

1.09

1.14

1.04

1.12

1.13

1.01

1.12

1.14

1.04

1.12

0.88

1.06;1.18

0.85;1.12

1.04;1.14

1.07;1.21

0.9;1.2

1.06;1.18

1.07;1.2

0.87;1.17

1.06;1.17

1.07;1.21

0.88;1.22

1.06;1.18

0.82;0.94

CI

Model 1
HR

33288
33433

7.66E-01
2.00e-05

30246
38217

2.84e-05
1.56e-04

35051

1.68e-05
30102

30247

4.39e-05
5.70E-01

30103

35052

3.00e-05
9.12E-01

24260

7.12e-05

29065

2.95e-05
24116

30239

3.46e-04
6.44E-01

N

P
0.92
1.09
1.01
1.09
1.09
0.98
1.1
1.09
1.02
1.1
1.05
0.96
1.07

1047
1329
168
923
1526
216
1049
1526
216
1049
1764
242
1259

1.01;1.13

0.83;1.1

1;1.1

1.04;1.17

0.88;1.17

1.03;1.14

1.03;1.17

0.85;1.13

1.03;1.14

1.03;1.17

0.86;1.19

1.03;1.15

0.86;0.99

ci

Model 2
Hr

Ncases

1.41E-02

5.23E-01

4.66E-02

1.80E-03

8.35E-01

1.19e-03

2.20E-03

7.87E-01

1.67e-03

5.79E-03

8.73E-01

2.81E-03

1.75E-02

P

Abbreviations: N - Total samples size; Ncases - Number of cases; HR - Hazard Ratio; 95% CI - 95% confidence interval; P - p-value; Model 1 - adjustment for age, gender, BMI, lipidlowering medication and study-specific covariates if needed; Model 2- additional adjustment for smoking status, diabetes, and hypertension;
*Associations that surpassed significance threshold in model 2.

XL-VLDL-triglycerides

M-LDL-triglycerides

L-LDL-triglycerides

S-LDL-triglycerides

Metabolite

Table 3. Significant associations for overall incident stroke events and when classified by stroke type. (continued)
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DISCUSSION
In this study, we identified ten metabolites associated with the risk of stroke. These include amino acid histidine, glycolysis-related metabolite pyruvate, acute phase reaction
markers glycoprotein acetyls, cholesterol in HDL2, and lipoprotein subfractions such as
cholesterol in medium HDL and triglycerides in medium and large LDL particles which
showed association with incident stroke events. Amino acid phenylalanine and HDL
subfractions including cholesterol and free cholesterol in large HDL were associated
with ischemic incident stroke. This metabolite profile was independent of traditional
risk factors including hypertension, diabetes, smoking, and BMI.
The strongest association was observed between amino acid histidine and risk of stroke.
One SD increase in concentration of histidine was associated with 10% lower risk of
stroke. The effect was very similar across studies, with only the Finrisk97 study showing
no effect. Even though the same direction of effect was observed in both ischemic and
hemorrhagic stroke subtype, the association was mainly driven by ischemic stroke. Histidine is a semi-essential amino acid as adults generally produce it while children may
not. Histidine can be converted to histamine which shows a strong effect on vasodilatation and functions as a neurotransmitter in the brain.28,29 Previous studies reported that
oral administration of histidine can reduce blood pressure.30-32 Plasma concentrations
of histidine have been inversely associated with inflammation and oxidative stress in
patients with chronic kidney disease and obese women with metabolic syndrome.33-35
Furthermore, histidine has also been studied in relation to cerebral ischemia. Recent
animal studies reported that histidine treatment remarkably alleviated the infarction
induced by middle cerebral artery occlusion36 and showed long term-neuroprotection
after cerebral ischemia with decreased infarct volume and improved neurological function.37 Even though our findings support the results of previous studies, in the most
comprehensive study of stroke to date, histidine was not associated with ischemic and
hemorrhagic stroke in individuals within the China Kadoorie Biobank. However, in the
China Kadoorie Biobank, nominal association was found with myocardial infarction.12
This could be explained either by environmental and ethnic differences of studied
populations or difference in confounder adjusted for, in the present study we adjusted
for more potential confounders including BMI, lipid-lowering medication, diabetes, and
hypertension.
We also found the glycolysis-related metabolite, pyruvate, to be associated with increased
risk of stroke. The analyses of stroke subtypes suggested that this association was driven
by ischemic incident stroke events. Our findings suggested that 1 SD increase in pyruvate concentration was associated with 12% higher risk of ischemic stroke. Pyruvate is
194
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the end-product of glycolysis and it is critical for supplying energy to the cell.38 Pyruvate
has previously been shown to protect against experimental stroke possibly by blocking
inflammation.39,40 In this light, our finding seems to contrast previously described effects
of pyruvate. However, in a combined study of myocardial infarction and stroke using
the same metabolomics platform as the present study, higher levels of pyruvate were
also associated with a higher risk of cardiovascular disease.41 The mechanism through
which circulating level of pyruvate relates to stroke and cardiovascular disease is still to
be elucidated.
Furthermore, acute phase marker glycoprotein acetyls mainly alpha-1 glycoprotein was
associated with higher risk of stroke. The analyses revealed that the association was
strongest for ischemic subtype, for which we found that an increase of 1 SD in the circulating compound was associated with 13% higher risk of ischemic stroke. Our results
confirmed association of glycoprotein acetyl and ischemic stroke that was observed
in individuals within the China Kadoorie Biobank.12 Circulating levels of glycoprotein
acetyls have previously been associated with cardiovascular diseases and dementia but
also inflammatory disease, cancer, and mortality.41-43
Analyses focused on stroke subtypes revealed the association of essential amino acid
phenylalanine with increased risk of ischemic stroke. One SD increase in concentration
of phenylalanine was associated with 15% higher risk of ischemic stroke. Phenylalanine
is a precursor for tyrosine and catecholamines including dopamine, epinephrine, and
norepinephrine. Phenylalanine has previously been associated with risk of diabetes and
cardiovascular disease.41,44,45 As the association with phenylalanine remains after adjustment for diabetes, the association with stroke cannot be explained by impaired glucose
tolerance. Phenylalanine did not associate with risk of hemorrhagic stroke.
Majority of circulating biomarkers measured by NMR metabolomics technology belong
to lipid concentrations and composition of 14 lipoprotein subparticles. This provides an
excellent opportunity for comprehensive investigation of lipoprotein particles in stroke,
as the analyses of cholesterol and cholesterol subfraction has shown inconsistent results.3,5,6 In our study population we observed association of cholesterol in medium HDL
with decreased risk of stroke and triglycerides in large and medium LDL particles with
increased risk of stroke. None of these lipoproteins measurements was found to be associated with stroke in the China Kadoorie Biobank.12 Interestingly, the China Kadoorie
Biobank reported association of low-, intermediate-, and low-density lipoproteins with
ischemic stroke.12 However, we were not able to confirm these results in our study
population. Again, lack of replication could be explained by environmental and ethnic
differences of studied populations or the confounders adjusted for.
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Interestingly, using metabolites discovered in our study, we were able to discriminate
future stroke with the AUC of 0.54. The metabolites discovered in the China Kadoorie
Biobank also showed to be relevant for discriminating future stroke in our study population. Finally, when using metabolites discovered in our study and the China Kadoorie
Biobank together with the Framingham Stroke Risk Score, we found further increase
in the AUC. This suggests that the metabolites may have better utility for prediction of
stroke and asks for use of other metabolomics platforms in order to discover additional
metabolite measurements which could improve the risk prediction.
Strengths of our study are large sample size, prospective study design with detailed
data collection over a long period of follow-up and the similar quantification method
of circulating metabolites across the studies. Our study also has several limitations. With
new improved methods available many other metabolites can be measured, which can
be of importance to stroke.46 Another limitation is differences in methods used across
the cohorts to identify cases of incident stroke. As most of the cohorts used electronic
health registries, this may have limited sensitivity which subsequently influenced power
to identify novel significant associations. Furthermore, statistical power was also reduced in analyses of stroke subtypes as some of the cohorts were unable to distinguish
between these. Another limitation is limited sample size for the analysis of hemorrhagic
stroke which influenced our ability to detect novel associations for this stroke type.
To conclude, we found association of ten metabolites associated with risk of stroke in
1,791 incident stroke events observed among 38,797 individuals from seven population-based studies. The biological mechanisms underlying these associations should be
subject of further studies.
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ABSTRACT
Gut microbiota has been implicated in the major diseases affecting the human population and has also been linked to triglycerides and high-density lipoprotein levels in the
circulation. As recent development in metabolomics allows to classify the lipoprotein
particles into more details, we aim to examine the impact of gut microbiota on circulating metabolites measured by Nuclear Magnetic Resonance (1H-NMR) technology in
2,309 individuals from the Rotterdam Study and LifeLines DEEP cohort in whom gut
microbiota was profiled using 16S rRNA gene sequencing. The relationship between gut
microbiota and metabolites was assessed by linear regression analysis while adjusting
for age, gender, body-mass index, technical covariates and medication use. Our analysis
revealed association of 32 microbial families and genera with very-low-density and
high-density lipoprotein subfractions, serum lipid measures, glycolysis-related metabolites, amino acids, and acute phase reaction markers. These observations provide novel
insights into the role of microbiota in host metabolism and support the potential of gut
microbiota as a target for therapeutic and preventive interventions.
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iNTroDUcTioN
There is increasing interest in the role of the gut microbiota in the major diseases affecting the human population. For a large part, these association can be attributed to
metabolic and immune signals of the microbiota that enter the circulation.1 The gut
microbiota has been implicated in obesity and diabetes,2 but recently Zhernakova et al.
have shown that the microbiota is also a major driver of circulating lipid levels, including triglycerides and high-density lipoproteins (HDL).3 The association with low-density
lipoprotein (LDL) cholesterol levels, the major target for treatment of dyslipidemia, or
total cholesterol was weaker.3,4 Recent development in metabolomics allows subclassifying the lipoprotein classes into more detail based on their particle size, composition,
and concentration. Various studies further linked the gut microbiota to various amino
acids, which have been implicated in diabetes and cardiovascular disease.5-9
To provide novel insights into the relation of gut microbiota and circulating metabolites,
we have performed an in-depth study of the metabolome characterized by nuclear magnetic resonance (1H-NMR) technology and the microbiota. To obtain sufficient power, we
combined the data of two large population-based prospective studies, which have a rich
amount of data on risk factors and treatment of disease.

MeTHoDs
study population
Our study population included participants from Rotterdam Study and LifeLines-DEEP
cohort.
The Rotterdam Study is a prospective population-based cohort study that includes
participants from the well-defined district of Rotterdam.10 The initial cohort was defined
among 7,983 persons, aged 55 years or older in 1990 (RS-I).10 The cohort was further
extended in 2000/2001 by additional 3,011 individuals, aged 55 years and older (RSII), and in 2006/2008 by adding 3,932 individuals, aged 45 years and older (RS-III).10 All
participants provided written informed consent. The Medical Ethics Committee of the
Erasmus Medical Center, Rotterdam, approved the study.
The LifeLines-DEEP cohort is a sub-cohort of LifeLines study, a prospective populationbased cohort study in the north of the Netherlands.11 The LifeLines cohort was established in 2006 among participants aged 20-50 years.12 After completion of inclusion in
2013, the cohort includes 165,000 participants.11 A subset of approximately 1,500 Life203
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Lines participants participated in Lifelines-DEEP.12 The LifeLines-DEEP study is approved
by the Ethical Committee of the University Medical Center Groningen.12 All participants
provided written informed consent.

Metabolite profiling
Quantification of small compounds in fasting plasma samples was performed using
1
H-NMR technology in both participating studies.13-15 Simultaneous quantification of a
wide range of metabolites, including amino acids, glycolysis-related metabolites, ketone
bodies, fatty acids, routine lipids and lipoprotein subclasses was done using the Nightingale Health metabolomics platform (Helsinki, Finland). The detailed description of the
method can be found elsewhere.13,16 In total there were 145 non-derived metabolite
measures quantified in absolute concentration units across the participating studies
(Supplementary Table 1).

Gut microbiota profiling
In order to study gut microbiota, fecal samples were collected from participants of
Rotterdam Study and LifeLines-DEEP study. 16S rRNA gene sequencing of the V4 variable region was performed using the Illumina MiSeq platform.12 A closed reference
Operational Taxonomic Unit (OTU) mapped to a Silva (128) database as implemented by
RDP classifier (2.12) was used to infer taxonomy.12 Detail information regarding the gut
microbiota profiling is described elsewhere.12 Absolute values of taxonomy abundance
were used. Furthermore, the microbial Shannon diversity index was calculated. Gut
microbiota composition dataset included 1,427 participants from the RS-III cohort that
participated in the second examination round at the study center. Metabolite measurements were available for 1,390 RS-III participants. In the LifeLines-DEEP study, gut microbiota composition dataset included 1,248 participants and metabolite measurements
were available for 915 participants.12

Statistical analysis
Prior to the analysis, metabolites were natural logarithmic transformed to obtain approximately normal distribution. To deal with metabolite concentration of zero, half of
the minimum detectable value of the metabolite was added to metabolites before the
transformation. The metabolite measures were scaled to standard deviation units (SD).
Similarly, to obtain approximately normal distribution of microbial taxa, we first added 1
to the abundance values and subsequently performed natural logarithmic transformation.
The relationship between metabolites and microbial taxa was assessed by linear regression analysis while adjusting for age, gender, body-mass index (BMI), technical covariates
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including time in mail and storage time, and medication use including lipid-lowering
medication, protein-pump inhibitors, and metformin. Furthermore, the analyses were
adjusted for smoking and alcohol consumption. Participants using antibiotics were excluded from the analysis. The summary statistics of participating studies were combined
using inverse variance-weighted fixed-effect meta-analysis in R (https://www.r-project.
org/). In total, 145 overlapping metabolite measures and 455 overlapping microbial taxa
were tested for association. As measurements in both metabolomics and gut microbiota
datasets are highly correlated, we used a method of Li and Ji to calculate a number of
independent tests.17 There were 37 independent tests among the metabolite measures
and 152 independent tests among microbial taxa. The significance threshold was set at
0.05/(37 × 152) = 8.89×10-6.
The relationship between metabolites and microbial diversity was also assessed by
linear regression analysis while adjusting for age, gender, BMI, technical covariates and
medication use (lipid-lowering medication, protein-pump inhibitors, and metformin) in
each of the participating studies and summary statistics results were combined using
inverse variance-weighted fixed-effect meta-analysis.

resULTs
Participants from Rotterdam Study (n = 1,390, mean age 56.9±5.9, 57.5% women) were
older compared to the participants from LifeLines-DEEP study (n = 915, mean age
44±13.9, 58.7% women), while gender distribution in the two cohorts was comparable.
The results of association analysis between circulating metabolites and composition of
gut microbiota are shown in supplementary Table 2. Multiple significant associations
were detected for very low-density lipoprotein (VLDL) particles of various sizes (extra
small, small, medium, large, very large, extremely large) and HDL particles (small, medium, large, very large) when adjusting for age, gender, BMI, medication use, technical
covariates, and multiple testing (Figure 1A). When adjusting for smoking and alcohol
intake in addition, similar association pattern was observed (Figure 1B). Family Christensenellaceae and genera Christensenellaceae R7 group, Ruminococcaceae UCG-005, and
Eubacterium xylanophilum group were found to be generically associated with VLDL
particles of various sizes, small HDL particles and triglycerides in medium HDL. Of note
is that the association pattern of very large and large HDL particles including concentration of particles and its total lipids, cholesterol, free cholesterol, cholesterol esters
was opposite compared to the association pattern of small and medium HDL (Figure
1). Monounsaturated fatty acids (MUFA), serum triglycerides (TG), saturated fatty acids
205
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(SFA), and total fatty acids (TotFA) followed the same direction of association of VLDL
(Figure 1). Focusing further on the lipoprotein particles, we found that genus Clostridium
sensu stricto 1, family Clostridiaceae1, and one unknown family and genus followed a
similar pattern as described above, i.e., being inversely associated to VLDL particles or
various size, small HDL subfractions, and triglycerides in medium HDL and positively
associated to very large and large HDL particles (Figure 1B). Genera Ruminococcaceae
UCG-003, Ruminococcaceae UCG-002, and Ruminococcaceae UCG-010, Marvinbryantia
and Lachnospiraceae FCS020 group were again inversely associated with VLDL particles
of various size and small HDL but the positive association to very large and large HDL
was not significant when adjusting for multiple testing (Figure 1B). In addition to these
generic effect, there are more targeted associations, for instance of family Lachnospiraceae and genus Blautia with small HDL particles and genus Ruminococcus gnavus group

Figure 1. A) Results of association analysis between metabolites and microbial genera and families. The
colors represent effect estimates of the metabolites and microbial taxa after adjustment for age, gender,
body-mass index, technical covariates and medication use. Blue color stands for inverse association. Red
color denotes positive associations. Symbols on the plot represent the level of significance with hash denoting Bonferroni significant associations. B) Association between metabolites and microbial genera and
families after additional adjustment for smoking and alcohol consumption.
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to phospholipids in medium VLDL, triglycerides in VLDL and serum triglycerides (Figure
1B). Family Clostridiaceae1 and genus Clostridium sensu stricto 1 were associated with
both the HDL diameter and VLDL diameter (Figure 1B). The VLDL diameter was further
associated with family Christensenellaceae and genera Christensenellaceae R7 group and
Ruminococcaceae UCG-002. There is further a specific association of free cholesterol in
IDL with family Lachnospiraceae and triglycerides in small LDL with genus Flavonifractor.
Beyond the lipoprotein fractions, we found three other metabolites, including the ketone body acetate, amino acid isoleucine, and acute phase reaction marker glycoprotein
acetyl (mainly alpha 1), to be significantly associated with the microbiota when adjusting for multiple testing and age, sex, BMI, technical covariates, medication, smoking,
and alcohol consumption. Genus Ruminococcaceae UCG-005 was associated to acetate
levels, family Clostridiaceae1 and genera Clostridium sensu stricto 1 and Ruminococcaceae UCG-014 with isoleucine and genera Clostridium sensu stricto1, Christensenellaceae
R7 group, Ruminococcaceae UCG-005, Ruminococcus gnavus group, Blautia and families
Clostridiaceae1 and Christensenellaceae, all associated to glycoprotein levels.
We next determined whether microbial diversity of gut microbiota was associated with
lipoprotein particles or other metabolites (Figure 2). When adjusting for multiple testing
and age, sex, BMI, technical covariates, and medication use, the pattern emerging is that
higher microbiome diversity is significantly associated with lower levels of VLDL particles
(small, large, medium, very large, extra-large), TotFA, MUFA, and SFA and increased levels
of large and extra-large HDL particles and an increased diameter of HDL (Figure 2). As to
the other metabolites, higher microbiome diversity is significantly associated with lower
levels of glycoprotein acetyl, alanine, isoleucine, and lactate (Figure 2).

DiscUssioN
We have examined the impact of gut microbiota on host circulating metabolites in 2,300
individuals from Rotterdam Study and LifeLines-DEEP cohort using 1H-NMR technology. We identified associations between the gut microbiota composition and various
metabolites including specific VLDL and HDL lipoprotein subfractions, serum lipid
measures including triglycerides and fatty acids, glycolysis-related metabolite lactate,
ketone body acetate, amino acids including alanine and isoleucine, and acute phase
reaction marker including the glycoprotein acetyls independent on age, gender, BMI,
and medication use. No associations were found to LDL subfractions and glucose levels
measured by 1H-NMR.
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Figure 2. Results of association analysis between metabolites and alpha diversity. The colors represent
effect estimates of the metabolites with alpha diversity. Effect estimates from meta-analysis (Beta), and
in each of the participating studies are shown (effect estimate in Rotterdam Study - Beta_RS, effect estimate in LifeLines DEEP - Beta_LLD). Blue color stands for inverse association. Red color denotes positive
associations. Symbols on the plot represent level of significance with hash denoting Bonferroni significant
associations.
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Our results based on two large population-based studies identified novel associations
between the gut microbiota composition and various lipoprotein particles. We observed inverse association of family Christensenellaceae with VLDL particles of various
sizes, small HDL particles, and triglycerides in medium HDL (Figure 1B). The family
Christensenellaceae was previously linked to BMI and was associated with the reduced
weight gain as reported in the mice study in which germfree mice were inoculated with
lean and obese human fecal samples.18 Furthermore, the family Christensenellaceae
was reported to be the most heritable microbial taxon in the study by Goodrich et al.
independently of the effect of BMI.18
Interestingly, the gut microbiota composition showed association with VLDL and HDL
particles of various sizes, however weak association has been found for LDL and IDL
particles suggesting that gut microbiota affects distinct classes of lipoproteins.19 While
VLDL particles of various sizes showed the same pattern of association, differences
were noticed between large, medium, and small HDL particles suggesting that they are
heterogeneous structures.20 Small HDL particles are dense, protein-rich, and lipid-poor,
whereas large HDL particles are large, lipid-rich particles.21,22 Despite the fact that HDL
is consistently associated with a reduced risk of cardiovascular disease, the past decade
has seen major controversies on the clinical relevance of HDL interventions. Most trials
aiming to increase HDL levels in the aggregate have been unsuccessful and were even
stopped because of adverse effects.23-25 The heterogeneity of HDL classes has been long
recognized but can now be assessed on a large scale. This compositional heterogeneity
of HDL results in functional heterogeneity such that small and large HDL particles are
negatively correlated and display inverse relationship with various diseases including
cardiovascular disease, as reported previously.20,21 As observed in our study the small
HDL particles were driven by genus Blautia and family Lachnospiraceae and were associated with lower diversity. Indeed the higher levels of small lipoprotein particle concentration have previously been associated with increased risk of stroke as reported in
a recently published study of Holmes et al., while the large and extra-large HDL particles
that were driven by family Clostridiacae1, genus Clostridium sensu stricto 1 and unknown
family and genus and were associated with decreased risk of cardiovascular disease and
stroke.6 Interestingly, family Clostridiacae1 was previously inversely correlated with BMI,
serum triglycerides and is known to be involved in bile acid metabolism.4,26
Furthermore, we confirmed association of genus Ruminococcus gnavus group and serum
triglycerides level,27 and additionally reported association with triglycerides in VLDL particles and phospholipids in medium VLDL. Ruminococcus gnavus group was previously
associated with low gut microbial richness28 and its abundance was higher in patients
with atherosclerotic cardiovascular disease.29
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In addition to circulating lipids and lipoprotein particles, an association was found
between gut microbiota and ketone bodies including acetate, amino acids including
isoleucine, and acute phase reaction marker including glycoprotein acetyls mainly alpha
1. Circulating levels of acetate were specifically associated with genus Ruminococcaceae
UCG-005. Acetate is the most common short-chain fatty acid (SCFA) formed by bacterial
species in the colon.30 SCFA can serve as an energy source, predominately via metabolism in liver.31,32 Previous studies suggested that acetate mediates a microbiota-brain
axis and promotes metabolic syndrome.33 Circulating levels of isoleucine, an essential
branched-chain amino acid, were inversely associated with family Clostridiaceae1 and
genera Clostridium sensu stricto 1 and Ruminococcaceae UCG-014 in our sample. Recent
studies reported association of circulating levels of isoleucine with diabetes and cardiovascular disease.7,34 Furthermore, isoleucine was reported to be negatively associated
with Christensenellaceae and positively with Blautia.35 Even though we observed the
same pattern of association between isoleucine and these taxa, the associations did not
reach the significance threshold. Also recently, a study focusing on relation of fecal metabolites using mass spectroscopy (Metabolon) and the gut microbiota was published.5
Even though the overlap of measured metabolites is limited, amino acids are measured
on both platforms. Other amino acids showed a strong association with the gut microbiota but not isoleucine.5 However, the concentration of metabolite levels in feces and
blood may differ. This an important field of future research. Lastly, glycoprotein acetyls,
a composite marker that integrates protein levels and glycosylation states of the most
abundant acute phase proteins in circulation,36,37 was positively associated with genus
Blautia and Ruminococcus gnavus group. Genus Blautia is one of the microbial taxa with
substantial heritability in twin study,18 and showed strong association with the host
genetic determinants which has been associated with BMI and obesity.38 Glycoprotein
acetyls are associated with other common markers of inflammation.36,37 Circulating level
of glycoprotein acetyls have been implicated in inflammatory diseases and cancer, and
have been associated with mortality and cardiovascular disease.6,7,39,40
The strengths of our study are large sample size, population-based study design, extensive phenotyping of study participants, and harmonized analysis in participating studies
while correcting for factors such as use of medication and BMI. Merging the data of two
large population-based studies allowed us to internally validate the findings. However,
our study has also limitations. When exploring circulating molecules, we focused on
metabolites measured by Nightingale platform which covers a wide range of circulating
compounds.14 However, these compounds represent a limited proportion of circulating
metabolites, therefore, future studies should focus on metabolites detected by other
more detailed techniques.41 Further, the gut microbial composition was determined
from fecal samples. As gut microbial composition varies throughout the gut with
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respect to the anatomic location along the gut and at the given site, more complete
picture of the gut microbiota could be obtained by getting samples from different locations along the intestines in the future.19,42 Furthermore, when exploring gut microbiota,
we focused on 16S rRNA sequencing. Even though broad shifts in community diversity
could be captured by 16S rRNA, metagenomics approaches provide better resolution
and sensitivity.43 With the decreasing costs of metagenome sequencing, our knowledge
can be extended in the future. Finally, although our analyses were adjusted for various
known confounders, residual confounding remains possible.
To conclude, we found association between gut microbiota composition and various
circulating metabolites including lipoprotein subfractions, serum lipid measures,
glycolysis-related metabolites, ketone bodies, amino acids, and acute phase reaction
markers. Association between gut microbiota and specific lipoprotein subfractions of
VLDL and HDL particles provides novel insights into the role of microbiota in influencing
host lipid levels. These observations support the potential of gut microbiota as a target
for therapeutic and preventive interventions.
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ABSTRACT
Autism spectrum disorder (ASD) is a highly heritable neurodevelopmental disorder
with a complex genetic architecture. To identify genetic variants underlying ASD, we
performed single-variant and gene-based genome-wide association studies using
a dense genotyping array containing over 2.3 million single-nucleotide variants in a
discovery sample of 160 families with at least one child affected with non-syndromic
ASD using a binary (ASD yes/no) phenotype and a quantitative autistic trait. Replication
of the top findings was performed in Psychiatric Genomics Consortium and Erasmus
Rucphen Family (ERF) cohort study. Significant association of quantitative autistic trait
was observed with the TTC25 gene at 17q21.2 (effect size = 10.2, p-value = 3.4×10-7) in
the gene-based analysis. The gene also showed nominally significant association in the
cohort-based ERF study (effect = 1.75, p-value = 0.05). Meta-analysis of discovery and
replication improved the association signal (p-valuemeta = 1.5×10-8). No genome-wide
significant signal was observed in the single-variant analysis of either the binary ASD
phenotype or the quantitative autistic trait. Our study has identified a novel gene TTC25
to be associated with quantitative autistic trait in patients with ASD. The replication
of association in a cohort-based study and the effect estimate suggest that variants
in TTC25 may also be relevant for broader ASD phenotype in the general population.
TTC25 is overexpressed in frontal cortex and testis and is known to be involved in cilium
movement and thus an interesting candidate gene for autistic trait.
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iNTroDUcTioN
Autism spectrum disorder (ASD) is a neurodevelopmental disorder characterized by
deficits in social communication and social interaction and restricted and repetitive
patterns of activities and behavior with an onset in early development.1 However ASD is
a psychiatric diagnosis based on clinical criteria, and the severity of these characteristics
can be measured as quantitative traits that represent a continuum that extends into the
general population, with ASD at the extreme end of the distribution.2 Other associated,
but not core features are intellectual disability, attention-deficit disorder and medical
comorbidities.3 The prevalence of ASD is estimated to be 62/10,0004 with boys-to-girls
ratio of ~ 4:1.5 The importance of a genetic aetiology is established with heritability
estimates ranging from 37 to 90%.6–9 Despite genetic heterogeneity, considerable progress in understanding the genetic architecture of ASD has been made by identifying
monogenetic causes through genetic syndromes,10 rare chromosomal abnormalities,11,12
rare copy-number variants13–16 and rare penetrant gene mutations.3 Several genomic
regions, including 2q, 3q25–27, 3p25, 6q14–21, 7q31–36, and 17q11–2117 have been
linked to ASD. The role of rare genetic variants in the aetiology of ASD has been established by high-throughput technologies.18,19 More recently, the theory of excess of
de novo loss-of-function variants in ASD patients has gained popularity after some
initial successes.18–20 Around 1,000 genes have been identified to be enriched with de
novo loss-of-function mutations in ASD patients.21 However, de novo genetic variants
do not contribute to the estimated heritability as these are not inherited. On the other
hand, most genetic variance in ASD is attributed to common genetic variants.9,22 Their
role has been demonstrated by several genome-wide association studies (GWAS)23–29
(supplementary Table s1). Even though not many common susceptibility variants
have been identified, significant association has been reported at 5p14.1,23 at 5p15.31
between SEMA5A and TAS2R1 genes,28 within MACROD2 at 20p12.1,26 and at 1p13.2.29
However, there is a significant overlap of the discovery samples used and little replication of specific loci between studies.30
Although the individual effect of common variants is modest, their joint effect may be
substantial.25 In this study besides assessing the effect of single variants on ASD, we
evaluated the joint effect of multiple single variants in a gene in a genome-wide genebased association analysis in patients with ASD from a Belgian Flemish cohort who were
genotyped on a dense genotyping array.
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MATERIALS AND METHODS
General overview of the study design and workflow are illustrated in Supplementary
Figure S1.

Discovery sample
The discovery sample consisted of 160 nuclear Belgian Flemish families (657 individuals;
Supplementary Table S2). The families were recruited to participate in the prospective study through the Expert Center for Autism (ECA) Leuven. All probands had been
seen multiple times as part of their clinical care program in the ECA before recruitment.
The families were asked to participate if there was at least one child with the diagnosis
of non-syndromic ASD of unknown origin after a clinical genetics workup. Out of the
160 families, 55 were multiplex (two or more siblings with ASD) and 105 simplex. In
six families the father had also been diagnosed with ASD such that there were 77.7%
affected males and 22.3% affected females with male-to-female ratio of 3.5:1. Among
them, 88.4% had normal and high intelligence, whereas 11.6% had mild, moderate or
severe intellectual disability.
Diagnoses of ASD were made by a multidisciplinary team in the ECA Leuven according
to DSM-IV-TR (American Psychiatric Association, 2000) criteria. Additionally, participants were assessed for quantitative autistic trait using the Dutch version of the Social
Responsiveness Scale (SRS) and the Social Responsiveness Scale for Adults (SRS-A)
designed to measure social impairment associated with ASD across a wide range of
severity.31,32 Completed questionnaires were obtained for 490 probands, parents and
siblings. Among the affected patients that had the SRS score available, the majority had
normal and high intelligence (86%). For all participants, we received written informed
consent. This study was approved by the Medical Ethical Committee of the University
Hospitals Leuven.

Genotyping
Genotyping of 657 individuals from the discovery cohort was performed at the Center
for Human Genetics at the KU Leuven, Belgium using the HumanOmni2.5-8 BeadChip,
which contains more than 2.3 million common and less-frequent single-nucleotide
polymorphisms (SNPs) from the 1000 Genome Project (minor allele frequency 42.5%).
SNP calling was performed in Genome Studio 2011.1 using the genotyping module
v1.9. Markers with call rate < 95%, or which were monomorphic or which failed an exact
test of Hardy–Weinberg equilibrium (HWE) (p-value < 1×10-7) were removed from the
analysis. Samples with low call rate < 95% or high identity-by-state (≥ 95%) were also
removed from the analysis. Ethnic outliers were determined using multidimensional
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scaling analysis with 1000 Genomes dataset (supplementary Figure s2). All samples
clustered tightly with the Europeans and no ethnic outlier was identified. In total
1,646,898 markers and 654 genotyped individuals were retained for further statistical
analysis. Lastly, Mega2 tool v4.433 was used to identify Mendelian inconsistencies, which
were later set to missing.

statistical analysis
Baseline descriptive analysis was performed with SPSS v21 (IBM Corporation, Armonk,
NY, USA) and PEDSTATS v0.6.12.34 Genome-wide association analyses of the binary ASD
phenotype were performed through joint modeling of linkage and association, using
the LAMP software v0.0.9 (School of Public Health, Ann Arbor, MI, USA). LAMP uses a
maximum likelihood model to extract information on genetic linkage and association
from samples of unrelated individuals, sib pairs, trios and larger pedigrees in settings
where population stratification is not a concern (supplementary Figure s2).35 Odds
ratios and 95% confidence intervals were estimated using PLINK v1.07.36 The association
tests for markers on sex chromosomes were performed by transmission disequilibrium
test for chromosome X and by logistic regression for chromosome Y. Single-variant and
gene-based genome-wide association analyses of the quantitative autistic trait adjusted
for age, gender and familial relationships were performed using the RVtests software
tool version 20150630 (http://zhanxw.github.io/rvtests/). The gene-based analysis
included Combined Multivariate and Collapsing method which is robust and powerful
in the presence of wide spectrum of variant allele frequencies.37 The genes were defined
according to human reference genome hg19. All association analyses were performed
for entire discovery sample, and simplex and multiplex families separately. The standard genome-wide significance threshold of 5×10-8 was used to declare significance
in the single-variant analyses, while the genome-wide significance threshold for the
gene-based analysis was set at 2.5×10-6 based on 19,650 genes tested. PLINK/SEQ v0.10
(https://atgu.mgh.harvard.edu/plinkseq/) was used to convert PLINK files into variant
call format files. All genome maps were updated to human genome build 19 (hg19).
Gene pathway enrichment analysis of all nominally significant genes (p-value < 0.01) in
the gene-based analysis was performed using the web-based gene network pathway
enrichment tool (http://129.125.135.180:8080/ GeneNetwork/pathway.html).
The data were deposited in the GWAS Central database (http://www.gwascentral.org/
study/HGVST1847).

Bioinformatic analysis
To annotate SNPs with regulatory information, we used RegulomeDB v1.1 database
(http://www.regulomedb.org/index) that combines information from ENCODE and
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other sources, as well as computational predictions and manual annotations into a tool
that classifies SNPs into six categories, where Category 1 variants are ‘likely to affect
binding and linked to expression of a gene target’, whereas category 6 variants have
‘minimal binding evidence’.38 Furthermore, regulatory information on SNPs in haplotype
blocks was explored using a HaploReg v4.1 tool.39 For these analysis r2 was set to 1 and
the population of European descent was chosen.

Replication samples
Psychiatric Genomics Consortium (PGC). A lookup of top findings from the single-variant
analyses of the binary ASD phenotype and quantitative autistic trait was performed in
the latest PGC GWAS. This dataset consists of a total of 6,495 parent-child trios who met
diagnostic criteria for ASD and had genome-wide SNP data available (https://www.med.
unc.edu/pgc).
Erasmus Rucphen Family (ERF) study. Replication of the gene-based analysis of quantitative autistic trait was performed in the ERF study as 1,250 participants from this cohort
have been assessed for quantitative autistic trait using Baron-Cohen’s Autism-Spectrum
Quotient (AQ) test40 and exomes of half of these participants (n = 615) have been sequenced, thus providing a greater resolution at the gene level. Individuals whose exome
were sequenced were selected based on having good quality phenotype information
on a wide range of topics, and therefore random with regards to AQ scores (Supplementary Table S2). ERF is a family-based cohort originating from 22 couples and spread over
23 generations.41,42 The ERF study was approved by the Medical Ethics Committee of the
Erasmus MC which is constituted according to the WMO (Wet Medisch-wetenschappelijk
Onderzoek met mensen). A written informed consent was obtained from all study participants.
Sequencing was done at a mean depth of 74× using the Nimblegen SeqCap EZ V2
capture kit on an Illumina Hiseq2000 sequencer (Illumina, San Diego, CA, USA) using the
TruSeq Version 3 protocol at the Human Genotyping facility of the Internal Medicine department, at the Erasmus MC, The Netherlands.43,44 The sequence reads were aligned to
the human genome build 19 (hg19), using Burrows-Wheeler Aligner and the NARWHAL
pipeline.45,46 After processing, genetic variants were called, using the Unified Genotyper
tool from the GATK.47 Variants with a low quality (QUAL < 150), which were out of HWE
(p-value < 10-6) or with low call rate (< 90%), as well as samples with a low call rate
(< 90%), and duplicates, were removed.44 Functional annotations were also performed
using the SeattleSeq annotation 138 database (http://snp.gs.washington. edu/SeattleSeqAnnotation138/).
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Association analyses of the quantitative autistic trait adjusted for age, gender and
familial relationship were performed using the RVtests software. Meta-analysis of genebased results of discovery sample and ERF study was performed using Fisher’s combined
probability test.

resULTs
Results of genome-wide association analysis for the binary ASD phenotype and quantitative autistic trait are illustrated in supplementary Figures s3 and s4. No single-variant
surpassed the genome-wide significance threshold. Top findings from the association
analyses are shown in Tables 1 and 2 for the discovery sample, and in supplementary
Tables s3 and s4 for simplex and multiplex families separately. Suggestive association
of binary ASD phenotype was observed with two common variants (rs6452310; p-value
= 7.8×10-8 and rs7700465; p-value = 8.70×10-6; Table 1) at chromosome 5p14.1 - a region
previously known to be associated with ASD (Figure 1). The two variants were in strong
linkage disequilibrium (LD) (r2 = 0.85) with each other but not in LD with any of the previously identified variants in this region associated with ASD23,24 (r2 ranged from 0.002 to
0.009, D’ ranged from 0.02 to 0.33). None of the top variants from this analysis showed
evidence of association in the replication sample (Table 1).
Results of gene-based genome-wide association analysis are illustrated in supplementary Figure s5 for the discovery sample, and in supplementary Table s5 for simplex
and multiplex families separately. The gene-based association analysis revealed significant association of quantitative autistic trait and TTC25 gene (p-value = 3.4×10-7) on
chromosome 17 (Table 3). This association was not driven by any single variant but by
nine variants, four of which showed nominally significant association with quantitative
autistic trait (p-value < 0.05) (supplementary Table s6). The combined effect of these
variants on the SRS score was large (effect size = 10.2). The functional annotation of nine
variants revealed that five variants are likely to have regulatory functions (Category 1
RegulomeDB score; supplementary Table s6). Furthermore, the surrounding variants
in strong LD (r2 = 1) with nine variants lie in enhancer histone marks, and proteinbinding regions and change regulatory motifs based on the variant allele changes
(supplementary Table s7). The gene was also nominally associated with autistic trait in
the ERF cohort (p-value = 0.045). The combined effect of 15 variants in the TTC25 gene
(supplementary Table s8) in the replication sample was much smaller (effect size =
1.75). Meta-analysis of discovery and replication samples resulted in an improved association signal (p-value = 1.5×10-8).
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Pathway analysis
Pathway enrichment analysis based on nominally significant genes in the gene-based
association analysis (Supplementary Table S9) showed significantly enriched SMAD

Figure 1. Regional association and recombination rate plot of the 5p14.1 region of the binary ASD phenotype association analysis in the discovery cohort. The left y-axis represents –log10 p-values for association
with binary ASD phenotype in the discovery cohort. The right y-axis represents the recombination rate,
and the x-axis represents chromosomal position (genomic position is according to the hg19 assembly). The
most significantly associated single SNP in this region (rs6452310) is denoted with a purple diamond. Surrounding SNPs are shaded according to their pairwise correlation (r2) with rs6452310. The gene annotations
are shown below the figure.
Table 3. Top results (p-value < 1×10-3) from the gene-based association analysis of quantitative autistic trait
in the discovery cohort
Gene

Chr

N

NumVar

NumSite
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Effect

P

TTC25

17

486
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6

486

22
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Abbreviations: Chr - Chromosome, N - sample size, NumVar - Number of variants, NumSite - Number of
sites, AF - allele frequency, Effect - effect size, P - p-value.
*Allele frequency is calculated as an average of individual allele frequency adjusted for relatedness (http://
zhanxw.github.io/rvtests).
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protein signal transduction (p-value = 2×10-5) pathway and series of digestive system
development enrichment categories (supplementary Table s10).

DiscUssioN
In this study, we have identified a novel gene TTC25 associated with quantitative autistic trait. The association of the gene TTC25 in a cohort-based study suggests that the
gene may be relevant for broader ASD phenotype in the general population. Further,
we identified SMAD protein signal transduction pathway and series of digestive system
development categories as being significantly enriched with genes nominally associated with quantitative autistic trait. Moreover, our study provides additional evidence
for the previously identified association of the intergenic loci at 5p14.1 with the binary
ASD phenotype.
TTC25 gene is located on chromosome 17q21.2 and encodes Tetratricopeptide Repeat
Domain 25. 17q21.2 locus has previously been linked to ASD in a genome-wide linkage
scan,48,49 although a gene was never implicated. TTC25 is overexpressed in testis, frontal
cortex, and rectum (http://www.genecards.org/cgi-bin/carddisp.pl?gene=TTC25).
TTC25 is involved in cilium movement, organization and morphogenesis.50 Cilia are
specialized organelles protruding from the cell surface of almost all mammalian cells.51
Mutations in ciliary proteins cause ciliopathies which can affect many organs at different levels of severity and are characterized by a wide spectrum of phenotypes.51 In the
vertebrate nervous system, the primary cilium is increasingly viewed as hub for certain
neural developmental signalling pathways, and growing data suggest this is also true
for several types of adult neuronal signalling.52 The capacity of the brain to interpret
the sensory input is often affected in ciliopathies, resulting in neurological disorders;
cognitive impairment, anosmia, intellectual disability, ASD, and obesity are apparent in
various degrees in many of the ciliopathies.51,53 Further Joubert syndrome (JS) is a wellknown ciliopathy of the central nervous system.52,54 Features of ASD, such as problems
in social behaviour, communication problems, and repetitive behaviours, have been
described in up to 40% of JS patients55–57 and about 25% of JS patients meet criteria for
the DSM-IV diagnosis of ASD.55,58 Multiple variants mapped to this gene in our sample
appear to have a regulatory function.
Our identification of SMAD protein signal transduction pathway as being significantly
enriched with genes nominally associated with quantitative autistic trait reinforces the
role of the transforming growth factor-β (TGFβ) in ASD. The Smad pathways are the
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major mediators of transcriptional responses induced by the TGFβ family, which control
cell-fate determination, cell cycle arrest, apoptosis and actin rearrangements.59 While
decreased levels of TGFβ have been reported in blood samples from individuals with
ASD60 and associated with more severe behavioural scores in ASD children,61 higher
levels of TGFβ have been reported in postmortem brain and cerebrospinal fluid samples
of ASD patients.62 In addition, series of digestive system development categories were
enriched with genes nominally associated with ASD. Gastrointestinal (GI) disturbances
are 4-fold more common in ASD63 and available scientific evidence supports combination of changes in the areas of immune function, gut microbiome and gut and brain
signalling pathways.64 Recent studies in animal models suggests that GI difficulties may
originate from the same genetic changes that lead to the behavioural characteristics of
ASD.65
In addition, we found the association of ASD with the known region on 5p14.1. This
is one of the few replicated GWA regions that implicates long noncoding RNA gene,
MSNP1AS (moesin pseudogene 1, antisense) in ASD risk.66 This region has also been associated with social communication spectrum phenotypes in the general population
supporting the role of 5p14.1 as a quantitative trait locus for ASD.49 MSNP1AS shows a
very high sequence homology to the chromosome X transcript of MSN that is involved
in brain development.66 MSNP1AS is highly overexpressed (12.7-fold) in the postmortem
cerebral cortex of individuals with ASD.66 Interestingly, our top hit did not replicate in
the PGC sample and vice versa. The multiple different variants discovered in the 5p14.1
region23,24 may suggest that multiple alleles in the same region are implicated in ASD.
Although our study sample was small, the strength of our study is that we used a data
set with high-quality phenotypes, in which participants were assessed for both binary
ASD phenotype and a quantitative autistic trait. The use of quantitative endophenotype
provides additional power to find genetic signals by focusing on less complex aspects
of complex phenotypes such as ASD.67 The identification of new loci associated with
quantitative autistic trait in our study validates this approach. Another strength is phenotypic homogeneity in the sense that the majority of patients in the current study had
a normal intelligence, unlike most ASD cohorts with typical rates of intellectual disability
ranging from 30 to 50%.68 Further, the genomes of our study participants were genotyped on a very dense SNP array that contains not only common but also less-frequent
SNPs. This gave us the opportunity to make a comprehensive overview of how common
and less-frequent variants, both individually and taken together, affect ASD. Our study
shows the advantage of a gene-based test as the more powerful approach compared to
single-variant analysis and demonstrated the use of gene-based pathway and enrichment analysis in understanding the molecular mechanisms of the disorder. One of the
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possible limitations of our study is that the assessment of quantitative autistic trait in
the discovery and replication cohort used two different questionnaires, the SRS and the
AQ. As the questionnaires have both been designed to measure the severity of social
responsiveness problems across clinical cases and the general population and as their
ratings are significantly correlated,69 we were able to compare results from the two
cohorts.
To conclude, our study has identified a novel gene TTC25 to be associated with autistic trait in the ASD population where majority of patients have a normal intelligence.
The replication of TTC25 association in a cohort-based study suggests that this gene
may also be relevant for broader ASD phenotype in the general population. However,
whether these findings hold true also for ASD patients with intellectual disability remains to be evaluated. TTC25 is overexpressed in frontal cortex and testis and is known
to be involved in cilium movement and thus an interesting candidate gene for autistic
trait. Furthermore, we discovered significantly enriched SMAD protein signal transduction pathway and series of digestive system development categories in the pathway
analysis of quantitative autistic trait. Our finding provides new insights into the genetic
background of quantitative autistic trait.
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ABSTRACT
Attention-deficit/hyperactivity disorder (ADHD) is characterized by age-inappropriate
levels of inattention and/or hyperactivity-impulsivity and persists into adulthood in a
substantial proportion of cases. ADHD is heritable and is thought to represent the clinical extreme of a continuous distribution of ADHD symptoms in the general population.
We aimed to detect ADHD risk conferring genes leveraging the power of population
studies of ADHD symptoms in adults. Within the SAGA (Study of ADHD trait Genetics
in Adults) consortium, we estimated the SNP-based heritability of self-reported ADHD
symptoms and carried out a genome-wide association meta-analysis in nine adult
population-based and case-only cohorts of unrelated adults. A total of n = 14,689
individuals were included. We found a significant SNP-based heritability for self-rated
ADHD symptom scores of respectively 15% (n = 3,656) and 30% (n = 1,841) in the two
cohorts. The top-hit of the genome-wide meta-analysis (SNP rs12661753) was present
in the hitherto uncharacterized long non-coding RNA STXBP5-AS1 gene. This association was also observed in a meta-analysis of childhood ADHD symptom scores in eight
population-based pediatric cohorts from the EAGLE ADHD consortium (n = 14,776).
Genome-wide meta-analysis of the SAGA and EAGLE data (n = 29,465) increased the
strength of the association on the STXBP5-AS1 gene. In human HEK293 cells, expression of STXBP5-AS1 enhanced the expression of a reporter-construct of STXBP5, a gene
known to be involved in SNARE complex formation. In mouse strains featuring different
levels of impulsivity, Stxbp5-AS1 transcript levels in the prefrontal cortex strongly correlated with motor impulsivity as measured in the 5-choice serial reaction time task (r2 =
0.55). Our results implicate the STXBP5-AS1 gene in ADHD symptom scores and point to
vesicle transport as a biological mechanism involved in ADHD-related impulsivity levels.
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iNTroDUcTioN
Attention-deficit/hyperactivity disorder (ADHD) is a common neurodevelopmental
disorder affecting 2–5% of children1,2 and adults.3,4 ADHD is characterized by ageinappropriate, sustained symptoms of inattention and/or hyperactivity-impulsivity. In
children5 and adults,6 ADHD shows substantial heritability. Heritability estimates are
largely independent of the phenotypic measurement scale (i.e., categorical or continuous) in children; in adults, estimates are lower when using self-report rating scales.3 Twin
studies5 suggest that etiological influences on ADHD symptoms are distributed throughout the population, consistent with a liability model.7 Inattention and hyperactivityimpulsivity symptoms can be reliably assessed in population-based cohorts based on
rating scales,8 creating the possibility to collect large samples for gene-finding studies.
The genetic contributions to ADHD in children and adults are complex, with multiple
different genetic variants contributing to the disorder,4 both common and rare.3 Recently, 16 genome-wide associations have been established in an ADHD Genome-Wide
Association Studies meta-analysis (GWASMA) of childhood case-control studies from
the Psychiatric Genomics Consortium (PGC) and The Lundbeck Foundation Initiative for
Integrative Psychiatric Research (iPSYCH) and population-based samples from the EArly
Genetics and Lifecourse Epidemiology (EAGLE) consortium.9,10
Here, we sought to leverage the power of population studies of ADHD symptoms in
adults to detect disease-relevant genes. Within the SAGA (Study of ADHD trait Genetics
in Adults) consortium, we estimated the SNP-based heritability of self-reported adult
ADHD symptoms and subsequently carried out a GWASMA in nine cohorts of European
Caucasian origin (n = 14,689 individuals, age 18 years or older), in whom adult selfreported ADHD symptom scores were available. These samples included six populationbased cohorts, two clinical ADHD samples and one clinical cohort ascertained for
depressive and anxiety disorders (to enrich the clinical extreme of the ADHD symptom
continuum). The locus with the strongest statistical association was followed-up in a
replication analysis of quantitative childhood ADHD symptom scores (n = 14,776) from
the EAGLE consortium.9 Genetic correlations were obtained between the PGC and the
iPSYCH sample of children10 and the SAGA sample of adults. Finally, we conducted genebased tests for genes with SNPs showing a p-value < 1×10-6 in the meta-analysis, making
use of the common SNPs from SAGA and rare variant data from the Erasmus Rucphen
Family (ERF) study (see Table 1), one of the adult cohorts.
Functional follow-up studies downstream of gene-finding in ADHD, e.g. in model systems, to determine the biological relevance of a genetic finding, are scarce.11 Core features of ADHD, inattention, hyperactivity, and impulsivity are well defined e.g. in mouse
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models.12 Here we carried out functional follow-up studies for the hitherto uncharacterized top-gene of the GWASMA in three mouse inbred strains with large differences in
motor impulsivity derived from reaction time tasks, and in a human cell assay.

METHODS
ADHD symptom scores and study populations
ADHD symptom scores were assessed by three instruments (see Table 1) in nine cohorts
(for a complete description of each sample please follow the references in Table 1): the
ADHD-index of the Conners Adult ADHD Rating Scale13 (CAARS ADHD-index; 12 items),
the total scores of the DSM-IV ADHD Rating Scale (ADHD-RS),14 and the Attentional Deficit/Hyperactivity Problems subscale from the Adult Self Report (ASR-ADHD; 13 items).15
The CAARS (used in NESDA, NTR, ERF) is an extensively tested psychometric instrument
with high internal consistency and reliability. Five cohorts (NeuroIMAGE, BIG, IMpACTNL, VHIR, NBS) collected information using the ADHD-RS,14 which has high validity in
population-based and case samples. For IMpACT-NL and VHIR, only affected individuals
were included. One cohort (TRAILS) assessed ADHD problems through the ASR-ADHD
(http://www.aseba.org/).15-17

Genetic Variant Calling and Quality Control
An overview of genome-wide single nucleotide polymorphism (SNP; for common variants) genotyping, quality control, and imputation is given in Supplementary Table 1.
Exomes of 1,336 individuals from the ERF population, which is a genetically isolated
population in the Netherlands,18 were sequenced (see Supplementary Methods), and
ADHD index data were available for 587 of these individuals. Detection of rare variants in
the ERF study was done for those genes with SNPs with p-value < 1×10-5 in the GWASMA
and variants identified in these exomes were used to estimate the contribution of rare
variants in the genes of interest to ADHD behavior (see Supplementary Methods).

GCTA
Genome-wide Complex Trait Analysis (GCTA)19 was used to compute the variance in the
ADHD symptom score explained by common SNPs in the two largest cohorts included in
the meta-analysis, the NTR and NESDA (n > 1,500 unrelated subjects). A genetic relationship matrix (GRM) for all individuals in the dataset was estimated based on SNPs with
high imputation quality (see Supplementary Methods). Bivariate GCTA19 was additionally run on the ADHD-index of the CAARS and ASR-ADHD data also available in the NTR
cohort, to assess the genetic correlation (rg) between the two diagnostic instruments.
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Genome-wide association and meta-analysis
GWAS was conducted in each cohort by linear regression under an additive model. Age
was included as a covariate, but not gender, which was not significantly associated with
the ADHD scores in any study. Four principal components were added to account for
possible population stratification effects. Information on software packages is provided
in supplementary Table 1. In all analyses, the uncertainty of the imputed genotypes
was taken into account. Location of SNPs reported is from the build 37 (hg19) 1000G
data. Meta-analysis was conducted in METAL (www.sph.umich.edu/csg/abecasis/ metal/
index.html) by the p-value-based method, given the intrinsic variability of the quantitative traits used (see supplementary Methods). The meta-analysis was performed in
the full sample (nine cohorts) and restricted to the population-based samples (seven
cohorts; “restricted sample”).

replication in the eAGLe consortium
Within EAGLE, association of ADHD-related measures was assessed in nine populationbased childhood cohorts with genotype data imputed against the 1000 Genomes
reference panel.9 Linear regression of the phenotype on sex, age, genotype dose, and
principal components was performed in all cohorts, followed by meta-analysis based on
p-values in METAL. The TRAILS cohort is part of both consortia and was excluded from
the EAGLE consortium for replication analysis, leaving a total of 14,776 children from
eight cohorts.

Look-up of significant GWAs loci
Evidence for an effect of the 12 independent ADHD-associated SNPs from the
PGC+iPSYCH GWASMA on adult ADHD symptoms was studied through a look-up
of results. LD-independent loci with corresponding index-SNPs were obtained from
Table 1 of Demontis et al.10 If the index variant was not present in the SAGA data set, a
proxy variant was selected using LDlink (https://analysistools.nci.nih.gov/LDlink/). The
Bonferroni-corrected significance level was set at p-value = 0.05/12 = 0.00417.

Linkage disequilibrium score regression (LDsr) analysis
LDSR was used to estimate the genetic correlation between the PGC+iPSYCH sample of
children10 and the SAGA sample of adults. Each dataset underwent additional filtering
for markers overlapping with HapMap Project Phase 3 SNPs, INFO score ≥ 0.9 (where
available), and MAF ≥ 1%. Indels and strand-ambiguous SNPs were removed. LDSR
analysis was performed using the LDSR package (https://github.com/bulik/ldsc20, see
supplementary Methods).
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Gene-wide analysis of common and rare variants
Genes containing SNPs with p-values < 1×10-6 in the meta-analysis of the nine cohorts
were selected for gene-wide tests using common and rare variants. The common variant analysis was performed in MAGMA.21 Flanking regions of 25kb for each gene were
included in the analyses. The rare variant analysis was performed with the Sequence
Kernel Association Test (SKAT; only in the ERF study) library of the R-software.22

Functional analyses
Follow-up functional analyses were performed on the locus containing the best association p-value. This locus contains STXBP5-AS1, representing a putative long noncoding
RNA, predicted to be expressed in several species (Supplementary Methods; Supplementary Table 5 & Supplementary Fig. 2). Human STXBP5-AS1 encodes multiple splice
variants, many of which lack a region that overlaps the STXBP5 gene. To test for regulatory
effects of STXBP5-AS1 on the expression of STXBP5, a fluorescent reporter construct was
designed to contain the region of antisense overlap (see Supplementary Methods).

Mouse models
RNA was derived from prefrontal cortex of adult male mice from the inbred strain C57/
Bl6J (n = 7) and recombinant inbred strains BXD29 (n = 8) and BXD68 (n = 7), and gene
expression was quantitated (see Supplementary Methods). Strains were bred in the
facility of the Neuro-Bsik consortium of the VU University (Amsterdam, The Netherlands)
and used for behavioral analysis.12,23

RESULTS
Quantitative assessment instruments are listed in Table 1. The quantitative phenotypes
showed a weak, negative correlation with age and no association with gender in any
cohort. Phenotypic and genetic correlations between symptom scores assessed with
the different instruments were substantial: in a clinical sample of 120 adults with ADHD
the phenotypic correlation between the CAARS13 (ADHD-index) and the ADHD-RS24
(total score) was high (r = 0.73; p-value < 0.01).24 In 380 parents of children with ADHD,
the correlation was of similar magnitude (r = 0.69; p-value < 0.001).25 We estimated the
phenotypic correlation between the CAARS ADHD-index and the ASR-ADHD15,16 in the
NTR (n = 15,226; average age 40 years, SD=16.1) to be 0.67 (p-value < 0.0001). In younger
participants in the age range of the TRAILS cohort (18–22 years, n = 2,687), the correlation was similar (0.68, p-value < 0.0001).

242

GWAS of ADHD symptoms in adults

Table 1. Descriptive information for all cohorts and for phenotype assessment in the SAGA consortium.
cohort
Name

N (% F)

Age (sD)

symptom list (N
items)

score
range*

Mean
score
(sD)*

ref

NTR

5935 (63%)

43.7 (15.2)

CAARS ADHD-index
(12)

0–30

7.9 (3.7)

(Willemsen et al.
2010)

NESDA

1977 (66%)

46.5 (13.0)

CAARS ADHD-index
(12)

0–32

8.7 (5.4)

(Boomsma et al.
2008)

ERF

1043 (53%)

45.6 (13.3)

CAARS ADHD-index
(12)

0–25

7.8 (4.4)

(Aulchenko et al.
2004)

NeuroIMAGE

470 (51%)

42.3 (5.3)

ADHD-RS (23)

0–43

14.1 (8.9)

(von Rhein et al.
2014)

BIG

448 (63%)

22.3 (3.2)

ADHD-RS (23)

0–40

14.0 (6.4)

(Hoogman et al.
2012)

NBS

2925 (53%)

57.4 (16.3)

ADHD-RS (23)

0–15

1.4 (2.2)

(Galesloot et al.
2017)

IMpACT-NL±

113 (62.8%)

37.7 (11.5)

ADHD-RS (23)

1–18

12.04 (3.3)

(Franke and Reif
2013)

VHIR±

559 (32%)

33.3 (10.6)

ADHD-RS (18)

4–54

31.0 (9.7)

(Bosch R 2019)

TRAILS

1215 (48%)

19.0 (0.6)

ASR ADHD (13)

0–22

5.9 (4.4)

(Ormel et al. 2014)

Conners’ Adult ADHD Rating Scale (CAARS ADHD-index), DSM-IV ADHD Rating Scale (ADHDRS), and Attentional Deficit/Hyperactivity Problems subscale from the ASR (ASR ADHD);
*Untransformed values observed per cohort;
± only affected individuals included.

A significant SNP-based heritability was estimated for the CAARS ADHD-index in a subsample of each of the two largest cohorts: 30% (SE = 16.7%, p-value = 0.035) in NESDA
(n = 1,841 unrelated subjects) and 15% (SE = 7.8%, p-value = 0.020) in NTR (n = 3,881
unrelated participants). We also estimated the genetic correlation for the CAARS ADHDindex and the ASR-ADHD using bivariate GCTA. In all individuals from the NTR with
genotype and phenotype data (n = 6,036 related and unrelated subjects), the genetic
correlation was 0.818 (SE = 0.256). When analyzing the bivariate data in 2,921 unrelated
subjects, the point estimate of the genetic correlation was 0.813 (SE = 0.364). The significant SNP-based heritability and the considerable phenotypic and genetic correlations
between assessment instruments support the validity of our meta-analysis approach of
GWA results obtained across contributing data sets.
For the nine separate GWAS, the genomic control inflation factors (lambda) ranged
between 0.996 and 1.026 (mean lambda 1.009, supplementary Table 2). Meta-analysis
(supplementary Figure 1A) of the full sample revealed the lowest p-value (3.03×10-7)
for the intronic SNP rs12661753 in STXBP5-AS1 (supplementary Figure 3); for the metaanalysis of the restricted sample, p-value for this SNP was 1.48×10-6 (supplementary
Figure 1B). Replication was observed for rs12661753 (p-value = 3.07×10-2) for childhood
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ADHD symptoms in the EAGLE-ADHD consortium.9 The subsequent GWASMA between
SAGA and EAGLE revealed the best association p-value = 2.05×10-7 for SNP rs12664716
(n = 29,465; Supplementary Figure 3F) located in the STXBP5-AS1 gene, and in high
LD (D’ = 1.0, r2 = 0.98) with rs12661753 (p-value SAGA-EAGLE = 3.55×10-7; Supplementary
Figure 1C).

Figure 1. STXBP5-AS1 positively regulates the expression of its cognate mRNA. (A) Design of two reporter
constructs. Top: Exon 1 of human STXBP5, containing the natural 5’UTR and encoding the first 50 amino
acids, was fused in-frame to EGFP. The Stxbp5-AS1 transcript including the region showing perfect (100%)
sequence overlap with the encoded Stxbp5 transcript is depicted schematically in blue. Bottom: To control
for transfection efficiency and differences in cellular metabolic rates, we co-expressed a non-target mRNA
comprised of human HPRT1 exon 1 fused to mCherry. (B) Typical examples of HEK293 cells expressing both
constructs with or without STXBP5-AS1. (C) Quantitation of EGFP and mCherry fluorescence in presence or
absence of AS1 (947 and 974 cells respectively). (D-E) The ratio of STXBP5-EGFP and HPRT1-mCherry was
calculated for each cell. Data are presented as a histogram (D) or as mean±SEM (E). ***, p-value = 6×10-51;
t946 = 4.4412, Student’s t-test.

The index variant rs12661753 was not associated with ADHD risk in the recent casecontrol PGC+iPSYCH GWASMA of ADHD in a sample mainly consisting of children (pvalue = 0.6316, n = 55,374). A look-up of genome-wide significant ADHD index SNPs
from this PGC+iPSYCH GWASMA for association in the SAGA consortium also revealed
no significant associations with adult ADHD symptoms (Supplementary Table 6).
We estimated the genetic correlation between PGC+iPSYCH and the complete SAGA
sample to be 0.541 (SE = 0.447, p-value = 2.26×10-1; the VHIR cohort present in both
studies). We tested if the two rg values differed significantly from each other, which was
not the case (X2-based test p-value > 0.05) (Supplementary Methods).
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In NTR and NESDA, a subset of participants (n = 6,678) had additional phenotype data
on hyperactivity/impulsivity and inattention symptom subscales of the CAARS available.
These scales of each 9 items are non-overlapping with the 12 ADHD-index items. For
hyperactivity/impulsivity symptoms, the p-value for association with rs12661753 was
1.51×10-5, whereas for inattention it was 3.53×10-2, suggesting a stronger effect of the
variant on hyperactivity/impulsivity.
As shown in Table 2 and supplementary Table 3, 50 common variants from 8 independent (clumped) loci showed p-value < 1×10-6. Of these, four were also amongst the
top-associated loci from the restricted SAGA GWASMA (no patients; supplementary
Table 4). The genes closest to these SNPs were selected for gene-wide analysis (Table
2). Analysis of common variants in seven genes (plus 25kb flanking regions) in the SAGA
GWASMA showed significant association with ADHD symptoms. Two significant findings
(p-value < 0.003) were for long intergenic non-protein coding RNA genes (LINC01247,
LINC00534), and nominal significant associations (p-value < 0.05 gene-wide) were seen
for STXBP5-AS1, CALB1, GNG12-AS1, STXBP5 (supplementary Table 5). It is important to
note that STXBP5 and STXBP5-AS1 have no physical separation, thus their 25kb flanking
regions overlap. The rare variant analysis also showed nominal association for STXBP5.
For four genes (GNG12-AS1, LINC01247, STXBP5-AS1, LINC00534), rare variants were not
observed/detected (supplementary Table 5).
Table 2. Most strongly associated (clumped) SNPs (p-value < 1×10-6) coming from the meta-analysis of nine
cohorts from the SAGA consortium in physical position order (hg19).
sNP name

chr

Locus

Pos*

p-value

Tested/
Non-Tested
Allele

Frequency
Tested
Allele#

rs11209188

1

1p31.3

68455306

7.88×10-6

A/G

0.534

GNG12-AS1

rs1930272

1

1p31.1

83491910

4.75×10-6

T/C

0.544

LOC107985037

rs1564034

2

2p25.2

6510305

2.15×10-6

T/G

0.670

LINC01247

rs28734069

4

4q26

120042409

5.77×10-6

T/C

0.016

LOC102723967;
LOC105377395

rs12661753

6

6q24.3

147409235

3.02×10-7

A/G

0.962

STXBP5-AS1

rs13274695

8

8p23.2

3723378

6.00×10-6

A/G

0.077

CSMD1; LOC105377790

rs2189255

8

8q21.3

91190297

9.61×10-6

T/C

0.703

CALB1; LINC00534

69920315

-6

C/G

0.126

Downstream LINC00383

rs73204517
*

13

13q21.33

7.19×10

Gene(s) in locus

bp position based on the GRCh37.p13 build;

#

Allele frequency of tested allele based on N = 14,689.

Given that the STXBP5-AS1 gene, which contains the top-hits, is hitherto uncharacterized, we investigated its function. STXBP5-AS1 encodes a long noncoding RNA (lncRNA).
Although human STXBP5-AS1 does not have any orthologues listed in the UniGene
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database, it is conserved in primates and shows a modest conservation in rodents
(Supplementary Table 7 and alignment in Supplemental Figure 2). In the hg19
genome release annotation STXBP5-AS1 is located next to STXBP5 in the opposite
orientation, with antisense sequence overlap in exon 1 of STXBP5 (Figure 1A). It may
be hypothesized that STXBP5-AS1 affects STXBP5 expression. For such natural antisense
RNAs, both repression and positive effects on the expression of cognate genes have
been described.26,27 We tested this hypothesis by designing a reporter gene fusing exon
1 of STXBP5 to EGFP, and quantifying its expression in human HEK293 cells. Expression
of the antisense lncRNA variant STXBP5-AS1-003 (containing the overlap with Stxbp5)
caused an increase in the fluorescence ratio between STXBP5-EGFP and the control
(Figure 1B-E).
Given the in vitro effects on STXBP5-EGFP protein expression, we tested the relationship between gene expression of mouse Stxbp5 and/or Stxbp5-AS1 and measures of
behavioral impulsivity. We analyzed gene expression in medial prefrontal cortex of
three mouse inbred strains previously described to have large differences in motor
impulsivity.12 Here, we confirmed the strain difference in motor impulsivity between
the BXD68, BXD29, and C57BL/6J strains (F2,20 = 6.91, p-value = 0.005), measured as
premature responses in the 5-choice serial reaction time task. In addition, these strains
showed differences in errors of omission (F2,20 = 5.18, p-value = 0.015), but not attention (F2,20 = 0.35, p-value = 0.771) (Figure 2A). In these mice, we detected expression
of a mouse Stxbp5-AS1 transcript in the prefrontal cortex by real-time quantitative PCR,
which differed across strains (F2,19 = 11.73; p-value < 0.001). This transcript showed lowest expression in the most highly impulsive strain, BXD68 (BXD68: 4.58±0.11, C57BL/6J:
5.25±0.14, BXD29: 5.19±0.07, p-valueBXD68 vs C57BL/6J = 0.003, t13 = 3.73; p-value BXD68 vs BXD29 <
0.001, t14 = 4.63) (Figure 2B). Expression of Stxbp5 mRNA was not different between the
three strains (BXD68:9.89±0.24; C57BL/6J: 9.83±0.10; BXD29: 9.99±0.23). These results
suggest that the role of STXBP5-AS1 plays in impulsivity is not due to influencing the
level of the STXBP5 transcript. Examining correlations between Stxbp5-AS1 transcript
level and impulsivity/inattention measures, we found a significant correlation with motor impulsivity (r2 = 0.55; p-value = 8.26×10-5, Bonferroni-corrected p-value < 0.0083)
and a nominally significant association with attention, when measured as errors of omission28 (r2 = 0.1765; p-value = 5.16×10-2), but not when measured as percentage correct
responses (r2 = 0.0862; p-value = 1.85×10-1). Expression of Stxbp5 did not correlate with
these parameters (Figure 2C).
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Figure 2. Prefrontal cortex gene expression of putative mouse Stxbp5-AS1 is correlated with impulsivity. a.
Mouse strains BXD68 (red, n = 7), C57BL/6J (black, n = 8) and BXD29 (blue, n = 8) were selected based on
a difference in premature responses (motor impulsivity; BXD68 vs. BXD29, t14 = 3.71; C57BL/6J vs. BXD29,
t15 = 2.78) and error of omissions (BXD68 vs. BXD29, t14 = 3.54; C57BL/6J vs. BXD29, t15 = 2.52), without
being different on accuracy (Loos et al. 2014). Shown are data (mean±SEM) of the animals used for gene
expression analysis (see b). b. Strain mean±SEM of prefrontal cortex gene expression in BXD68 (red, n=7),
C57 (black, n=7), and BXD29 (blue, n=8) for Stxbp5-AS1 (left) and Stxbp5 (right). Stxbp5-AS1 is differentially
expressed between strains, with lower expression in BXD68. Yet, Stxbp5 shows no differential expression.
No difference in variation was observed. c. Gene expression of Stxbp5-AS1 (upper panels) in individual mice
for which behavioral data was available (BXD68, n = 6; C57BL/6J, n = 7; BXD29, n = 8) correlated well with
premature responses (motor impulsivity; left), not with accuracy (attention; middle), and showed a trend
towards correlation with errors of omissions (right; p-value = 0.0516). Stxbp5 expression (lower panels) did
not correlate with any of these parameters. Trend lines are given in gray. *p-value < 0.05; **p-value < 0.01;
***p-value < 0.001.

DiscUssioN
We report a genetic variant associated with three different but correlated adult ADHD
symptom lists in a meta-analysis of nine European adult population-based and case-only
cohorts (n=14,689 individuals). The STXBP5-AS1 gene (best SNP p-value = 3.02×10-7) was
the most strongly associated locus in a meta-analysis. This association was confirmed in
the EAGLE meta-analysis (p-valueEAGLE = 2.89×10-2), and the top-hit from the full SAGAEAGLE GWASMA was also located in the STXBP5-AS1 gene and in almost perfect LD with
the original finding (SNP rs12664716, p-valueSAGA-EAGLE = 2.05×10-7; n = 29,465).
For the adult ADHD-index, an earlier large twin family study estimated total heritability
at 30%, and common SNPs thus contain substantial information concerning its genetic
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variance. SNP-based heritability analyses, which were ran prior to GWASMA, provided
estimates of 15-30% explained variance of adult ADHD symptom scores in the general
population. Such estimates are comparable with the estimates obtained for ADHD and
four additional categorically defined psychiatric disorders,29 providing rationale for a
gene-finding enterprise for adult ADHD symptoms in the general population.
The function of the STXBP5-AS1-encoded lncRNA is currently unknown. STXBP5-AS1
has been proposed as a prognostic biomarker for survival of cancer patients,30 but no
information is available for its role in ADHD, related traits, or other psychiatric diseases.
It overlaps in anti-sense with STXBP5 encoding a protein involved in synaptic function by
regulating neurotransmitter release through stimulating SNARE complex formation.31,32
This complex plays a major role in intracellular vesicular trafficking in eukaryotic cells
and is involved in the exocytotic release of neurotransmitters during synaptic transmission.33 Genes related to the SNARE complex and its regulators have been investigated in
ADHD,34 and current results suggest that this complex may exert distinct roles throughout development, with age-specific effects of its genetic variants on ADHD behavior.35
Specifically, deletions and mutations of STXBP5 occur in autism36 and epilepsy.37 STXBP5
has a presynaptic role that negatively regulates neurotransmitter release by forming
syntaxin-SNAP25-tomosyn complex.38 However, the postsynaptic role of STXBP5 has not
been well elucidated.
Post-hoc analysis suggested that STXBP5-AS1 affects hyperactivity-impulsivity more
strongly than inattention. The stronger link with impulsivity was corroborated in
behavioral studies in mice. Our experiments in HEK293 cells showed that the lncRNA
does not cause antisense inhibition of Stxbp5. The increased fluorescence of a reporter
protein containing mouse Stxbp5 exon 1, together with unchanged Stxbp5 mRNA levels
in mouse strains expressing different Stxbp5-AS1 levels, suggest that the lncRNA might
enhance Stxbp5 protein translation or stability. Alternatively, Stxbp5-AS1 might contribute to impulsivity by a Stxbp5-unrelated mechanism. In line with this idea, Stxbp5-AS1,
expression (but not that of Stxbp5) correlated negatively with motor impulsivity in mice.
Our study should be viewed in the light of some strengths and limitations. A pro was the
sample size that could be achieved for quantitative data available through a populationbased approach. Moreover, the functional analyses provided a very strong candidate
associated with adult and childhood ADHD symptoms. A limitation of our study was the
combination of three different phenotyping instruments, but given the strong phenotypic and genetic correlations between the instruments, this might not have reduced
power substantially.
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The genetic correlation of PCG+iPSYCH with SAGA should be interpreted carefully because the standard error is high. The fact that the PCG+iPSYCH/SAGA rg (0.54), did not
differ from the published rg estimate between the PCG+iPSYCH GWASMA and a GWAS
of the 23andMe sample (0.65, SE = 0.114)10 is encouraging but not unexpected given
the low power to detect a difference. The estimated genetic correlation between the
23andMe and PGC+iPSYCH analyses was significant but lower than the genetic correlation of the EAGLE and PCG+iPSYCH childhood cohorts (rg = 0.943, SE = 0.204, p-value
= 3.65×10-6).10 The ADHD diagnosis (yes/no) in 23andMe is based on the self-reported
answer to a single question about presence of a lifetime diagnosis of ADHD10 and we do
not know if the 23andMe participants were diagnosed in childhood or as adults. With
a further increase in GWAS sample size update rg results could suggest that there are
different genetic correlation patterns between the association results estimated from
the GWAS of adult (population-based) ADHD behavior and the GWAS from children, at
this point the lack of power makes these analyses inconclusive.
Our study shows that self-reported adult ADHD symptoms measured in the general
population have a genetic component and that performing population-based GWASMA
of adult ADHD symptoms provides novel insights into the genetic underpinnings of
hyperactivity/impulsivity symptoms that are a hallmark of ADHD. Our findings implicate
synaptic function regulation through STXBP5-AS1 and potentially STXBP5 in ADHD
symptom etiology.
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SUPPLEMETARY METHODS AND TABLES
Supplementary Methods
Supplementary Table 1. Quality control, filtering, pre-imputation, and imputation
algorithms used.
Supplementary Table 2. Number of SNPs tested after imputation and the lambda
values per sample.
Supplementary Table 3. Most strongly associated SNPs (p-value < 1×10-5) coming from
the meta-analysis of nine cohorts from the SAGA consortium in physical position order
(hg19).
Supplementary Table 4. Association results for most strongly associated (clumped)
SNPs (p-value < 1×10-6) coming from the meta-analysis of seven cohorts from the SAGA
consortium without including patients in physical position order (hg19).
Supplementary Table 5. Gene-wide association p-values for common and rare variants
present in the top loci from the SAGA meta-analysis of ADHD Symptom Total Score.
Supplementary Table 6. Best associated loci from the PGC+iPSYCH ADHD GWASMA
and their association in the SAGA GWASMA.
Supplementary Table 7. Conservation and mapping of genomic sequences in primates with similarity to exons encoding human STXBP5-AS1-003 (Ensembl accession#
ENST00000427394).
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supplementary Figure 1A. Manhattan & QQ plot of the ADHD Symptom Total Score meta-analysis from
the complete SAGA consortium.
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Supplementary Figure 1B. Manhattan & QQ plot of the ADHD Symptom Total Score meta-analysis from
the SAGA consortium without patient cohorts.
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supplementary Figure 1c. Manhattan & QQ plot of the ADHD Symptom Total Score meta-analysis from
the SAGA & EAGLE consortia.
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Supplementary Figure 2. ClustalW2 alignment of primate and rodent genomic sequences sharing similarity with human STXBP5-AS1. Splice acceptor and (possible) donor sites are indicated in lowercase font. See
Supplementary Table 5 for exon start/end positions and sequence accession numbers. The locations of
mouse real-time PCR primers, as used in Fig. 3, are indicated in bold.
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supplementary Figure 3. Locus Zoom plots for SNPs from the SAGA Meta-analysis associated with Total
ADHD Symptom Score
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General discussion

Chapter 5.1
Findings Of This Thesis

Findings of this thesis

This thesis aimed to identify genomic and metabolomic determinants of neurological
and psychiatric disorders and their related endophenotypes by making use of various
omics approaches. This chapter summarizes the main findings of this thesis, discusses
the implication towards the understanding of molecular processes and pathways underlying these disorders and comments on future research.

oMics oF NeUroDeGeNerATioN
The five projects described in chapter 2 focus on endophenotypes of neurological
and psychiatric disorders including brain volumetric measures obtained by magnetic
resonance imaging (MRI) and cognitive ability.
Brain MRI provides an opportunity to study the complex architecture of brain structures
and related disorders. In chapter 2.1, I performed the genome-wide association study
of lateral ventricular volume in 23,533 middle-aged to elderly individuals from 26
population-based cohorts participating in the Cohorts for Heart and Aging Research
in Genomic Epidemiology (CHARGE) consortium. I identified, for the first time, association of lateral ventricular volume and genetic variants at 7 loci (3q28, 16q24.2, 7p22.3,
12q23.3, 22q13.1, 10p12.31 and 11q23.1) (Figure 1). Some of the identified loci have
previously been linked to various pathologies including cerebrospinal tau/ptau levels,
Alzheimer’s disease risk, and cognitive decline (3q28),1 tau pathology (12q23.3),2 or
small vessel disease and white matter lesions (16q24.2).3 Additionally, several biological
pathways emerged including regulation of cytoskeleton organization and S1P signaling.4-6 The findings described in this chapter provide new insights into understanding
complex genetic architecture underlying brain structures. However, identified associations even cumulatively do not account for a substantial fraction of heritability of lateral
ventricular volume. In addition to increasing sample size, studying low-frequency and
rare variants, incorporating interactions or investigating aggregate or multivariate effects holds promise to expand our knowledge about the genetic architecture of brain
structures and related disorders.7,8
I next focused on cognitive function, an important predictor of health outcomes, including mortality and morbidity.9-12 Even though some genes were discovered in specific domains of cognition,13,14 capturing all cognitive domains into general cognitive function
has been more successful in detecting genetic variants.15 In chapter 2.2, I performed the
genome-wide association study of general cognitive function in 243,000 participants of
European ancestry (EA) from CHARGE consortium and UK Biobank. I reported 32 novel
genetic loci, bringing the total number of independent loci implicated in general cogni263
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tive function up to 180.15 I also showed that genetic risk score based on 180 loci was
significantly associated with general cognitive function in 2,117 participants of AfricanAmerican ancestry (AA) from CHARGE consortium, suggesting that findings in EA can be
generalized to AA. Furthermore, I linked genes implicated in general cognitive function
to circulating levels of metabolites and found association with tyrosine, an amino acid
that plays an important role in synthesis of dopamine,16,17 glycoprotein acetyl, a marker
of acute phase reaction associated with future mortality and cognitive ability,18,19 and
22:6 docosahexaenoic acid (DHA), a long-chain omega-3 polyunsaturated fatty acid,
that has been associated with cognitive function and risk of Alzheimer’s disease and
dementia.18 Using Mendelian randomization, I also showed that that genes determining
circulating levels of tyrosine and glycoprotein acetyl also determine general cognitive
function while DHA is rather a consequence of the physiological processes determining
cognitive function. The findings described in this chapter provide new insights into general cognitive ability and demonstrate that further integration of genetic and molecular
data with nongenetic data holds great potential to provide additional information about
variation in cognitive ability. Discovery of casually associated metabolites provides
insights into the pathways underlying general cognitive function and provides starting
point for new preventive studies. However, the fact that studied metabolites represent
only small proportion of circulating metabolites asks for future studies focusing on a
wider spectrum of metabolites. Future efforts should also focus on improving the power
of genome-wide association studies of metabolites as novel genetic instruments for
running Mendelian randomization for these metabolites may be revealed. Last but not
least the causal association between circulating metabolites and general cognitive function should be replicated in other ethnic groups. Future epidemiological research efforts
should focus on longitudinal data to validate the cross –omics findings.
There is increasing interest in epigenetics studies that reflect the effect of the genome
and exposome (e.g. diet, life style, medication). As cognitive function is also determined
by environmental factors, and the complex balance between genes and environment is
poorly understood, studying epigenetic signatures may provide insights into cognitive
function. 20 In Chapter 2.3, we studied the association of blood-based DNA methylation
and cognitive test scores in up to 6,809 healthy adults from 11 cohorts. We identified
a significant association of two CpG sites and cognitive tests. Cg21450381, located in
an intergenic region on chromosome 12 was associated with global cognitive function,
whereas cg12507869, located in the INPP5A gene on chromosome 10, was associated
with verbal fluency. The findings described in this chapter provided evidence for bloodbased epigenetic signatures of cognitive function. However, methylation signatures
for cognitive function are modest compared to other traits such as body mass index.21
One of the reasons that may explain this is that the epigenetics in the blood is a poor
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surrogate for the post-translational processes in the brain. Improving statistical power
by adding additional samples and using newly developed methylation arrays with
increased genome coverage may lead to novel discoveries in the future.22 Furthermore,
disentangling correlation from causation in epigenetics is also important from a genetic
epidemiological perspective. Careful epidemiological follow-up studies could be used.
Alternative approach is Mendelian randomization that makes use of the fact that the
genetic drivers of methylation are being rapidly uncovered.23 Mendelian randomization
approach uses a genetic proxy for DNA methylation to evaluate causal relationship
between the disease outcome or trait and epigenetic variation and has the potential to
help distinguish between truly causal intervention targets and non-causal, which may
be informative biomarkers.24,25
Even though genome-wide association studies, have been successful in identifying
the genetic variants underlying cognitive ability, hypothesis-driven candidate gene
design in which biologically relevant regions of the genome are studied in relation to
cognitive ability could also shed light on pathways involved in cognitive ability.26 With
recent advances in high-throughput technologies, candidate gene approach is making
its re-appearance in genetic epidemiology.27 In chapter 2.4, I used exome-sequencing
data in order to study impact of rare genetic variants in the dystrophin gene (DMD) on
cognitive ability in about 2,700 participants from two studied populations including
family-based Erasmus Rucphen Family (ERF) study and population-based Rotterdam
Study. I found a suggestive association of rs147546024:A>G and visuospatial ability in
ERF study. However, I was not able to replicate this finding in the Rotterdam Study. I also
found a missense variant rs1800273:G>A to be nominally associated with cognitive tests
in ERF and Rotterdam Study. The variant, predicted to have a damaging effect on the
protein, is present in the different isoforms which are expressed in the brain and which
have a stabilizing effect on the GABA receptors recognized for regulation of cognition,
emotions, and memory.28-31 This chapter highlights the challenges of search and replication of rare variant associations. The replication of rare variants is even more challenging
if the variants are identified in family-based studies and validation of findings in general
population requires extremely large studies. Family-based studies have unique advantages such as enrichment of rare variants and control of population stratification.32 This
design holds great promise for success in searching for rare variants and the chances of
success are even higher in genetic isolates since due to genetic drift and inbreeding over
several generations, rare variants become more frequent over generations.33-36
As DMD gene has several different isoforms, chapter 2.5 focused on studying association between intelligence and structural mutation location and affected dystrophin isoforms including full-length dystrophin isoform (Dp427) and shorter dystrophin isoforms
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(Dp260, Dp140, Dp116, and Dp71/Dp40).37-39 The study population included patients
with Duchenne muscular dystrophy (DMD), a fatal muscular dystrophy during childhood
that leads to progressive muscular weakness and less well described nonprogressive
central nervous system manifestations.40 We found that mutations affecting expression
of several isoforms including Dp427, Dp140 and Dp71/Dp40 were associated with higher
frequency and severe cognitive impairment confirming the findings of previous studies
that cumulative loss of dystrophin isoforms has an impact on intellectual ability.41-45 Furthermore, we observed that expression of Dp140 isoform is not mainly affected by the
mutations located in 5’UTR.41 The findings of this chapter are relevant for personalized
medicine initiatives as they allow recognition of the subgroup of patients with great risk
for cognitive problems in whom early intervention and support in cognitive, emotional
and behavioral development could be very useful.

Omics of neurovascular pathology
Four projects described in Chapter 3 focus on omics of neurovascular pathology. In
Chapter 3.1 and 3.2, I focused on endophenotypes of neurodegenerative disorders and
stroke characterized by imaging, including carotid intima-media thickness (cIMT) and
carotid artery calcification.
Carotid-intima media thickness is an established heritable marker for subclinical atherosclerosis that has been shown to predict future cardiovascular events.46-48 As previous
genome-wide and exome-wide studies identified only a few genetic regions that explain
a small proportion of trait variance, and sequencing study of candidate regions yielded
inconclusive results due to limited power, more powerful approaches for uncovering
the role of rare variants are needed. In Chapter 3.1, I performed a genome-wide linkage analysis of individuals in the extremes of cIMT trait distribution (>90th percentile)
followed by fine-mapping using exome-sequencing in a large family-based study from
a genetically isolated population in the Netherlands. I observed significant evidence of
linkage on chromosomes 2p16.3, 19q13.43, 20p13, and 21q22.12. Fine-mapping using
exome-sequencing data identified a variant under the linkage peak at 2p16 mapped to
PNPT1 gene which has been characterized as a type I interferon-inducible early response
gene.49-51 Interestingly, several plausible candidate genes were noted under 19q13.43,
20p13, and 21q22.12 peaks, which are highly expressed in tissues relevant for atherosclerosis and linked to pathways implicated in the development of atherosclerosis or
cardiovascular diseases. The results of this chapter provide novel insights into genetic
architecture of cIMT by making use of extreme phenotype approach. This approach
was reported to be better powered in rare variant studies as it reduces phenotypic
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heterogeneity.52 Future functional studies of identified candidate genes are needed to
validate and explore the findings ultimately leading to biological pathways involved in
the etiology of subclinical atherosclerosis.
Another proxy of carotid artery atherosclerosis studied in this thesis is carotid artery
calcification. Carotid artery atherosclerosis is associated with stroke, dementia, and
cognitive decline.53,54 As the specific location of carotid atherosclerosis, i.e. extracranial
versus intracranial, may develop under the influence of different metabolic risk factors, in
chapter 3.2 I performed further in-depth investigation of metabolic determinants and
extra- and intracranial carotid artery calcification (ICAC and ECAC) in 1,111 participants
from the Rotterdam Study. The significant evidence for association was found between
3-hydroxybutyrate, a ketone body, and ICAC volume. Additionally, the metabolic association pattern of ICAC was found to be different compared to that of ECAC providing
further evidence for location-specific differences in the etiology of atherosclerosis.55,56
However, our study was not designed to resolve the question of reverse causation, emphasizing need to explore metabolomics in longitudinal studies. Also here, Mendelian
randomization may contribute substantially to separate associations that are a cause
or rather a consequence of disease. This was illustrated by Liu et al. who used genetic
determinants robustly associated with plasma metabolite levels in order to investigate
causal relationship between circulating metabolites and fasting glucose and type 2
diabetes.57 This may help in translating findings from observational studies from association to causation.
I next focused on stroke, a neurological deficit of sudden onset. As risk determinants
of stroke are various complex modifiable risk factors, detailed profiling of metabolic
status facilitated by development of high-throughput technologies, could provide novel
insights into metabolic changes and identify individuals with higher risk of stroke. In the
most comprehensive study to date conducted within the China Kadoorie Biobank, several circulating compounds were associated with stroke, including lipids and lipoprotein
particles of various sizes, glycoprotein acetyls, ketone bodies, glucose and docosahexaenoic acid.58 As large metabolomics studies of stroke in individuals of European ancestry
are lacking, in chapter 3.3, I investigated association of circulating metabolites and risk
of stroke in seven population-based cohorts including more than 1,790 incident stroke
events among 38,797 participants. The significant associations were found between
incident stroke and amino acid histidine, glycolysis-related metabolite pyruvate, acute
phase reaction marker glycoprotein acetyls, cholesterol in high-density lipoprotein-2
and several other lipoprotein particles. Furthermore, amino-acid phenylalanine and total and free cholesterol in large high-density lipoprotein particles were associated with
risk of ischemic stroke. Our results confirmed the association of glycoprotein acetyl and
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ischemic stroke that was observed in individuals within the China Kadoorie Biobank,
however, we also observed associations that are specific for Western societies.58 Environmental and ethnic differences across populations or the confounders adjusted for
could explain lack of the replication. The results of this chapter provide insights into understanding metabolic determinants of stroke and highlight potential of metabolomics
approach in identifying potential targets for the prevention strategies. Future studies
should focus on wider range of metabolites and collection of blood samples at multiple
time points. As identified associations are starting point for relating metabolites to their
biological role, new efforts should focus on integrating metabolomics and other –omics
data in order to shed light on metabolic pathways underlying stroke.
Finally, the last project described in Chapter 3 focused on relation between gut
microbiota and human metabolome. As described in Chapter 3.4, we examined the
association of gut microbiota on circulating metabolites in 2,309 individuals from two
population-based cohort studies, Rotterdam Study and LifeLines DEEP. We found 32 microbial families and genera to be associated with a wide range of circulating metabolites
including specific very-low density and high-density lipoprotein subfractions, serum
lipid measures, glycolysis-related metabolites, amino acids, and acute phase reaction
markers. These results provide insights into the role of microbiota in human metabolome, supporting the role of gut microbiota as a target for therapeutic and preventive
interventions. However, the current challenges to study microbiota are large, involving
reverse causality and bias due to confounding (e.g. the association of the gut microbiome with diabetes was found to be contributed largely to the effects of metformin).59
Capturing the gut microbiota composition is easy for the distal part of the gut through
feces, but microbiota of the proximal part of the gut is more difficult to characterize.60,61
Perhaps the largest hurdle to overcome is that to date there are no studies that have
stored feces samples, allowing prospective studies.62 An alternative approach may be to
use Mendelian randomization, as also the gut microbiome is determined by the human
host genome.63

Genetic studies of psychiatric diseases
The two projects described in Chapter 4 focus on genetic determinants of neurodevelopmental disorders including autism spectrum disorder (ASD) and attention deficit
hyperactivity disorder (ADHD).
Even though ASD is a heritable disorder and most genetic variance is attributed to
common genetic variants, not many loci have been identified.64,65 The largest effort to
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date including more than 16,000 individuals failed to identify new common genetic
variants.66 This suggests that common variants individually have low impact in the ASD,
as seen in other psychiatric disorders. However, their joint effect may be substantial.67
Therefore, in chapter 4.1, I performed a single-variant and gene-based genome-wide
association studies in a sample of 160 families with at least one child affected with
non-syndromic ASD using both binary phenotype and a quantitative autistic trait. The
majority of patients in the study had a normal intelligence, unlike the most ASD cohorts
in which rates of intellectual disability are ranging from 30 to 50%.68 I identified a novel
gene TTC25 associated with quantitative autistic trait in gene-based analysis, replicated
this association in an independent sample of general population, and confirmed association of ASD with the known 5p14.1 locus.69,70 This chapter demonstrates power of
endophenotypes to identify a genetic signal, the strength of phenotypic homogeneity
of the sample (normal intelligence of majority of the sample) and advantage of genebased test compared to single-variant analysis.
ADHD is also heritable disorder and a substantial proportion of genetic variance is attributed to common genetic variants.71-73 However, the first risk loci have been described
recently.74 As ADHD is the extreme end of a continuous ADHD symptoms scores, novel
variants could be discovered by focusing on quantitative ADHD symptoms. In chapter
4.2, we sought to leverage the power of population studies of ADHD symptoms in adults
in order to discover disease-relevant genes in nine cohorts including about 15,000
individuals. The most strongly associated variant in a genome-wide meta-analysis was
mapped to STXBP5-AS1. This association was confirmed in the replication analysis of
childhood ADHD symptom scores (n~15,000).75 Even though the function of STXBP5-AS1
is currently unknown, this lncRNA overlaps in anti-sense with STXBP5 encoding a protein
involved in synaptic function by regulating neurotransmitter release.76,77 The results of
this chapter provide novel insights into the genetic underpinnings of ADHD symptoms
implicating synaptic function regulation through STXBP5-AS1 and potentially STXBP5 in
ADHD symptom etiology.
New insights into the genetics of neurological and psychiatric disorders and related endophenotypes described in this thesis are summarized in Figure 1. Previously reported
genomic regions are shaded.

FroM oMics To TrANsLATioN
With the development of high-throughput technologies and omics approaches, our
understanding of disease pathophysiology is improving. The major expectation is that
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Figure 1. Association of neurological and psychiatric disorders with SNPs accross the genome. Previously
reported genomic regions (GWAS catalog as of April 2018) are shaded, whereas the new insights are depicted by arrows. Colors represent studied traits.

these approaches will provide valuable information for prevention programs, earlier disease diagnosis, and personalized treatments taking into account individual variability in
context of precision or personalized medicine.78,79 The research presented in this thesis
provides novel insight into the genetic and metabolic determinants or neurological
and psychiatric disorders. Even though genetic variants have small effect sizes, going
beyond genetic loci in combination with other –omics markers may help classify individuals with higher risk in precise manner.80
Genome-wide sequencing studies showed that most individuals carry at least some potentially deleterious variants in their genome.81 However, the effects of these mutations
on individuals are not well understood and to identify their function will be a tall order
as there are millions of variants to be mapped in the medium-sized population. As the
time and cost would be huge, a major question is the value which refers to doing things
at high quality, safely, and at reasonable cost. However, there are certain medical condi270
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tions for which genetic testing can provide new opportunities for patients’ management
but precision or personalized medicine has not seen widespread adoption because of
difficulties in achieving a balance between providing personalized care at a population
level and delivering standardized care. In chapter 5.2 we present how outcome-based
healthcare system design developed by the Value-based Healthcare Programme at the
University of Oxford could deliver better patient and population-level outcomes and
personalized care for cardiovascular disease in a standard way. This chapter does not
address a genetic disorder involved in neurodegeneration or neurovascular pathology
but focuses on inherited heart rhythm disorder. As a proof of principle, we applied this
approach to long QT syndrome (LQTS). We designed two outcome-based systems to
focus on patient outcomes, which means that they are service agnostic, context-independent and applicable in a variety of healthcare organizations irrespective of resource
constraints.

FUTUre reseArcH
The extensive research efforts in the past decades have made a progress in understanding the complex architecture of neurological and psychiatric disorders. Identification of
numerous common and rare variants underlying these disorders was facilitated by larger
sample sizes and development of relatively inexpensive SNP arrays.82 Resources such as
large biobanks that collect biological material and phenotype data made it possible to
dramatically increase sample size for some of the traits.83,84 Population-wide biobanks
have been developed in several countries including UK (UK Biobank, n = 0.5 million),85
Estonia (Estonian Biobank, n = 52,000),86 USA (Million Veteran Program, n = 1 million),87
China (Kadoorie Biobank, n = 0.5 million).88,89 These biobanks will be a large resource
for studying neurological and psychiatric disorders and related endophenotypes in the
future. Additionally, the majority of studies to date have been conducted in participants
of European ancestry. Therefore, future studies should also focus on generalization of
the findings in other ancestries and multi-ethnic studies.90 Increasing the sample size by
adding additional samples may lead to novel genetic discoveries and expansion of our
knowledge on novel pathways underlying these disorders. Furthermore, novel genetic
variants together may improve classification of neurological and psychiatric disorders
and facilitate identification of individuals at high risk. As demonstrated by van der Lee
et al. cumulative effect of common genetic variants modified the risk of Alzheimer’s
disease and all-cause dementia beyond the APOE genotype and contributed to better
risk prediction.91
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With development of SNP arrays and statistical imputation of unobserved variants, both
common and less frequency variants could be assessed in the population increasing
power of association studies and facilitating discovery of new loci.92-94 On the other
hand, whole-exome and whole-genome sequencing are expected to identify rare-variants. Even though studies of rare variants also require large datasets, these datasets
are still small compared to datasets used for discovery of common variants. Focusing
on family-based designs or studying extreme cases would be more efficient approach.
For example, I showed in Chapter 3.1 that studying extreme cases in a family-based
study using linkage analysis could identify novel loci in a smaller sample. However, this
approach should be complemented with deep sequencing. The power could also be
boosted by combining the alleles of similar impact in a gene or a region.82 This approach
may also be highly relevant for personalized medicine - as discussed above - evaluating
the health threat of damaging mutation is a tall order for rare variants in the population.
However, within a family such a variant is not rare and segregates with a probability of
50%. Thus 50% of first-degree relatives and 25% of second-degree relative are carriers
and those in other generations can provide key clues.
Apart from identifying new loci associated with neurological and psychiatric diseases
focus in coming years should also be on understanding how these loci contribute to the
disease. As illustrated in Chapter 2.1, most of the variants are located in non-coding
regions of the genome. Understanding regulatory components of genome became
recently available by projects such as ENCODE,95 Epigenome RoadMap,96 and GTEx.82,97
For neurological and psychiatric disorders appropriate tissue-specific resources are also
important and essential. These methods are useful for prioritizing genes from GWAS loci
for functional follow-up with the ultimate objective to enable more effective prevention
and treatment strategies of disease.82
Furthermore, other single omics approaches including proteomics, metabolomics, and
microbiomics could also provide information about the biological processes. These fields
could also greatly benefit from large population-based samples as increasing the sample
size may lead to novel discoveries. In this thesis, we showed that large studies identified
metabolites associated with stroke (Chapter 3.3) and gut microbiota (Chapter 3.4). The
identified metabolites could be further studied, for example in relation to genetic determinants. Future studies should integrate multiple levels of data in multi-omics studies.
This would overcome limited information derived from single omics approaches and
could provide additional biological insight useful in understanding complex disorders
(Figure 2). Exploration of genome, transcriptome, metabolome and microbiome levels
could yield important conclusions that will be basis for precision medicine.20
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Integrative multi-omics approaches should also focus on appropriate target tissues.
One of the alternative approaches to examine tissue specificity for cells and tissues that

Figure 2. Multiple omics data. Multiple omics data types are depicted by layers. Pool of molecules collected within each of the layers is depicted by circles. All the layers except genome reflect genetic and environmental regulation. Arrows represent potential interactions between the molecules in different layers,
whereas interaction within the layers are not shown. Source: Hasin et al.20

are difficult to obtain includes use of induced pluripotent stem (iPS) cell technology.98
This technology may help to differentiate easily accessible cells into different brain cells.
These cells with relevant genetic background or subjected to gene-editing through
CRISP-Cas9 technology could be further used to reconstruct diseased brain models using organ-on-chip technology.98-100
Lastly, future translational research efforts may benefit from longitudinal measures.
Collection of quantitative traits at different time points can reduce type I error and
increase statistical power compared to a single measurement and could also identify
determinants for age of onset.101,102 Similarly, longitudinal profiling in a single individual
could also be beneficial as it could provide consistent monitoring of dynamic changes
in multi-omics components in relation to disease status and preventive interventions.103
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Concluding remarks
In this thesis, I have used various omics approaches in order to provide novel insights
into the pathophysiology of complex neurological and psychiatric disorders and related
endophenotypes. Discovery of novel genetic determinants underlying brain structures,
cognitive ability, and neurodevelopmental disorders, as well as link between circulating
metabolites and neurovascular pathology or gut microbiota are some of the highlights
of this work. With the development of high-throughput technologies and integration of
various approaches in the future, novel insights into molecular mechanisms underlying
these disorders will be provided as well as valuable information for prevention programs,
earlier disease diagnosis, and personalized treatments.
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ABSTRACT
Background
Even though there is excitement in the current healthcare environment on the potential
of personalized medicine to utilize individuals’ genomic data to improve patient outcomes and improve resource utilization, personalized medicine has not seen widespread
adoption.

Main body
We explore how we can use the well-established principles of outcome-based healthcare system designed by the Value-Based Healthcare Programme at the University of
Oxford to deliver better patient and population-level outcomes, encourage shared
decision making, optimize resource utilization and to also deliver personalized care. This
approach has been used to improve service delivery, improve outcomes and, importantly, drive culture change in England for a variety of different conditions since 2011.
The approach, as applied to long QT Syndrome (LQTS), yielded two outcomes-based
system specifications: one which outlines how to improve outcomes for patients with
known LQTS; and a second which leverages genomic testing to identify people with
unknown LQTS.

Conclusion
The simple approach outlined in this manuscript along with the context-independent
and service agnostic systems presented have the potential to help deliver personalized
care for cardiovascular diseases in a standard way.
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BAcKGroUND
There is much attention and excitement in the current healthcare environment on
the potential of personalized medicine to utilize individuals’ genomic data to improve
patient outcomes and resource utilization. Despite tremendous promise, personalized medicine has not seen widespread adoption because of difficulties in achieving
a balance between providing personalized care at a population level and delivering
standardized care.
In this manuscript, we explore how we can use the well-established principles of
outcomes-based healthcare system design developed by the Value-based Healthcare
Programme at the University of Oxford1,2 to deliver better patient and population-level
outcomes, encourage shared decision making, optimize resource utilization, and to also
deliver personalized care - i.e. mass personalization.
As a proof of concept, we apply this approach to long QT Syndrome (LQTS) and present
outcomes-based systems which can be used for the effective reduction of risk of cardiac
events (syncope, aborted cardiac arrest, or sudden cardiac death) in people with LQTS
and their first-degree relatives.

MAiN TeXT
Designing outcomes-based systems
We used the 10 step model created by the Value-Based Healthcare Programme at the
University of Oxford, which has been validated for several clinical conditions in England.1 The model aims to maximize value and equity by focusing on populations defined
by a common condition or characteristic through using a system approach.2 According
to this model, designing an ideal outcome-driven population-based system of care that
delivers value to patients and populations requires 10 steps as illustrated in Figure 1.
Because of the focus on outcomes, the system design is flexible and it can be changed
and adapted when new guidelines and best practices are revealed and also when innovative diagnostics and treatments are introduced. It takes a dedicated core group to
take the initiative and start elaborating the subsequent steps. The scope of the system
of care might be a symptom, a subgroup of population or condition as in this case. It is
also essential to define the population to be served precisely, not only by naming it but
also by specifying the practice and/or local authority. Although the aim of our system
as applied to LQTS is set to reduce the risk of cardiac events in LQTS, it is important
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Figure 1. Steps required to design an outcome-driven population-based system of care according to the
Value-Based Healthcare Programme at the University of Oxford.

to complement and supplement this aim with a set of objectives and one or more appropriate criteria to measure progress towards the objectives. The specific objectives
and criteria for the LQTS system were defined based on expert consensus statement on
the diagnosis and management of patients with LQTS and the Value-Based Healthcare
Programme methodology.2-4

Long QT syndrome
The value of screening for heritable cardiovascular diseases has been acknowledged
by public health officials.5 LQTS is an inherited heart rhythm disorder characterized by
a prolonged ventricular repolarization (prolonged heart rate-corrected QT interval (QTc
interval)) and T-wave abnormalities on the resting electrocardiogram (ECG), most commonly associated with specific ventricular tachyarrhythmia named torsade de pointes
(TdP) which can cause syncope, aborted cardiac arrest and sudden cardiac death.6-10
Occurring in approximately 1 individual in 2,500 worldwide,11 LQTS is considered to be
responsible for as many as 2,000-3,000 sudden deaths in children and young adults in
the United States each year and 10-year mortality in untreated symptomatic cases is
~50%.3,7,12
The diagnosis of LQTS is either made when several ECGs with a clearly prolonged QTc
interval are observed in the absence of acquired QTc interval prolonging factors, or
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by use of a scoring system of clinical and ECG parameters.3 Genetic testing is useful to
make or exclude the diagnosis in borderline cases. In addition, genetic testing allows
classification into LQTS subtypes by identifying the mutations in the genes coding for
the ion channel subunits or the associated proteins.4 At least 15 different genes are
implicated in the development of 15 different LQTS subtypes (LQT1, LQT2, LQT3, and up
to LQT15). The most common subtypes are due to mutations in three genes coding for
pore-forming subunits of two potassium channels (KCNQ1 and KCNH2) and a sodium
channel (SCN5a) giving rise to LQT1, LQT2, and LQT3, respectively.13
The timely and accurate evaluation of the LQTS genotype has diagnostic, prognostic
and therapeutic value, and thus an increased potential within clinical decision making.14
In 2011, the Heart Rhythm Society (HRS) and the European Heart Rhythm Association
(EHRA) developed an expert consensus statement on the state of genetic testing for the
channelopathies and cardiomyopathies.3 The document provides a detailed analysis of
the diagnostic, prognostic, and therapeutic impact of genetic test results for LQTS. First,
the consensus statement recognizes its diagnostic value and recommends genetic testing for any index case in which LQTS is suspected by a cardiologist based on a patient’s
clinical history, family history, QTc interval, T-wave morphology and/or response to
either cycle/treadmill or catecholamine stress testing. In addition, when a putative causative mutation is identified in clinically affected index cases, mutation-specific genetic
testing of all first-degree relatives is recommended, even in the absence of a clinical and
electrocardiographic phenotype.3 Second, since numerous genotype-phenotype relationships pertain to the most frequent (i.e., LQT1, LQT2, and LQT3) subtypes, the LQTS
genetic tests join traditional risk factors (i.e., gender, age, QTc interval at rest, syncope)
as independent prognostic risk factors.3 Third, LQTS genetic tests can influence clinical
treatment decisions and it is recommended to incorporate genotype and mutation data
with all other non-genetic risk factors in assessing the patient’s risk and personalizing
the patient’s treatment plan.3
Genetic testing for the three most common LQTS subtypes in symptomatic index cases
appears to be a cost-effective option as compared with no testing,15 but further economic evaluations are needed to evaluate the value for money of testing asymptomatic
first-degree relatives of a patient with established LQTS.16
Despite the fact that timely and accurate testing for the LQTS genotype has high positive
predictive value and seems to be cost-effective, in many countries it is not used regularly
in practice because of a lack of knowledge and service-level barriers to implementation. Furthermore, due to different standards, opinions and possibilities, it is not certain
which intervention is optimal for every LQTS subtype, for example, different opinions
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exist among experts on the treatment of LQTS3 (beta-blockers, flecainide, mexiletine,
ranolazine).17 To begin to tackle these issues, and improve transparency of choices and
outcomes within and across services, we designed two outcomes-based systems: one
for management of patients with identified LQTS; and the other to identify patients
with LQTS who have not yet been identified. Our hope is that these systems will give a
context-independent and service agnostic template for healthcare services to improve
and personalize care for patients with LQTS and identify unmet need in their population.

Outcomes-based system for patients with known LQTS
The first system focuses on people with known LQTS and aims to reduce the risk of
cardiac events in these patients. The population to be served should be defined by all
the practices in the region. The objectives of the service, as well as the criteria used to
measure progress towards the objectives, are listed in Table 1.
Table 1. Criteria defined to measure progress of each objective in the system aiming to reduce risk of cardiac events in patients diagnosed with LQTS
Objective

Criteria

To treat people with LQTS
safely and effectively

-

To accurately assess the
risk of cardiac events in
patients with LQTS.

-

-

286

% of asymptomatic patients stratified by LQTS-subtype with a QTc-interval ≥
470 ms who are on beta-blocker;
% of symptomatic patients stratified by LQTS-subtype who are on beta-blocker
therapy;
% of patients in whom avoidance of QT-prolonging drugs is recommended;
% of patients who stopped beta-blocker therapy;
% of patients stratified by LQTS-subtype who had a cardiac event;
% of patients stratified by LQTS-subtype who are survivors of an aborted
cardiac arrest in whom an implantable cardioverter-defibrillator (ICD) is
implanted;
% of patients stratified by LQTS-subtype with ICD who received at least one
inappropriate (not needed) shock;
Number of inappropriate shock/ICD complications;
% of patients with left cardiac sympathetic denervation who had a cardiac
event;
% of genotype-positive phenotype-negative LQTS patients who are advised
against participating in competitive sports;
Number of people known to have LQTS;
% of people diagnosed with LTQS who had age-stratified risk assessment by
year-end using constellation of electrocardiographic, clinical, and genetic
factors;
% of patients with LQTS who never had a risk assessment;
% of people with LQTS who had a risk assessment in the first year of treatment
and who are in the second or subsequent year who have a review during
the course of the year using age-stratified risk assessment based upon
constellation of electrocardiographic, clinical, and genetic factors;
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Table 1. Criteria defined to measure progress of each objective in the system aiming to reduce risk of cardiac
events in patients diagnosed with LQTS (continued)
Objective

Criteria

To ensure patients with
LQTS make informed
decisions that take their
values into account.

-

-

% of patients who were explicitly told that a choice for treatment is to be made
and that the patient’s opinion is important;
% of patients whom the options and pros and cons of each relevant option
were discussed with using the available information aids (graphics, decision
aids, decision grids);
% of patients whose patients preferences and underlying values were
discussed;
% of patients whose decisional role preference was discussed as well as
possible follow-up;
% of patients who feel they were adequately involved in decision making;
% of patients in whom beta-blockers are indicated who know the main pros
and cons of beta-blocker therapy;
% of patients in whom ICD is indicated who know the main pros and cons of
ICD implant;

To make the best use of
resources.

-

Mean cost of beta-blocker therapy;
Mean cost of ICD implantations;
Mean cost of molecular genetic testing;
Estimated cost of avoidable cardiac events;
Service cost/patient;

To promote and support
research.

-

Capture awareness of research undertaken;
Proportion of units with a defined person having a lead role to promote
research and number of research publications;
% of staff undertaking research related course at university;

To train the professionals
who support patients
with LQTS.

-

-

Structured education, consultation skills, and attitudes;
% of patients that are seen by an integrated, multidisciplinary team and
expertise assessing them (cardiologist, nurses, mental health professionals,
pharmacists);
% of staff trained in ECG;

5

To produce an annual
report for the population
served and to support
quality improvement.

outcomes-based system for patients with LQTs who have not been identified
The second system focuses on family members of patients with LQTS in whom LQTS has
not been recognized. The aim is to reduce the risk of cardiac events in these unidentified
patients. The population to be served should be defined by all the practices in the region
and the objectives and criteria of the service are listed in Table 2.
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Table 2. Criteria defined to measure progress of each objective in the system aiming to reduce risk of cardiac events in family members of people with LQTS in whom LQTS has not been recognized yet
Objective

Criteria

To diagnose LQTS
accurately in
asymptomatic family
members of LQTS patients
-

-

To treat an asymptomatic
family member of LQTS
patients safely and
effectively.

-

-

Number of people with known LQTS;
Number of patients with known LQTS and confirmed genetic mutation;
Number of first degree relatives (parents, siblings and/or children) of LQTS
patient that were informed and choosing to have or not to have molecular
genetic testing (in a case mutation is known);
Number of first degree relatives (parents, siblings and/or children) of LQTS
patient in whom molecular genetic testing confirmed genetic mutation and
choosing to visit a cardiologist;
Number of first degree relatives (parents, siblings and/or children) of LQTS
patient that were informed and choosing to have a cardiological examination
(if no mutation is known);
% of first degree relatives (parents, siblings and/or children) of LQTS patient
with prolonged QTc interval on ECG;
% of first degree relatives (parents, siblings and/or children) of patients with
LQTS stratified on the basis of the LQTS-subtype with prolonged QTc-interval
on ECG (≥ 470 ms) who are on beta-blocker therapy;
Number of first-degree relatives (parents, siblings and/or children) of patients
with LQTS with failure to tolerate beta-blocker therapy;
% of first degree relatives of patients with LQTS stratified by age (children/
adults) with normal QTc interval on ECG and positive genetic diagnosis who are
on beta-blocker therapy (all and stratified by LQTS-subtype);

To accurately assess the
risk of cardiac events in
an asymptomatic family
member of LQTS patients. -

% of first degree relatives of patients with LQTS who had age-stratified risk
assessment by year-end using constellation of electrocardiographic, clinical,
and genetic factors;
% of first degree relatives of patients with LQTS who had a risk assessment in
the first year and who are in the second or subsequent year who have a review
during the course of the year using age-stratified risk assessment based upon
constellation of electrocardiographic, clinical, and genetic factors;

To ensure that
asymptomatic family
members of patients with LQTS make informed
decisions that take their
values into account.

% of first degree relatives of patients with LQTS who were told their disease
risk;
% of first degree relatives of patients with LQTS who participated in the
decision to either undergo a particular form of screening and genetic testing or
not;
% of first degree relatives of patients with LQTS who were explicitly told that a
choice for treatment is to be made and that their opinion is important;
% of first degree relatives of patients with LQTS whom the options and pros
and cons of each relevant treatment option were discussed with;
% of first degree relatives of patients with LQTS whose patients’ preferences
and underlying values were discussed;
% of first degree relatives of patients with LQTS whose decisional role
preference was discussed as well as possible follow-up;
% of first degree relatives of patients with LQTS who feel they were adequately
involved in decision making;
% of first degree relatives of patients with LQTS who know the main benefit
and main risk of beta-blocker therapy;

To make the best use of
resources.
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-

Mean cost of beta-adrenergic blockade therapy;
Mean cost of molecular genetic testing;
Service cost/patient;
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Table 2. Criteria defined to measure progress of each objective in the system aiming to reduce risk of cardiac
events in family members of people with LQTS in whom LQTS has not been recognized yet (continued)
Objective

Criteria

To promote and support
research.

-

To train the professionals

-

Capture awareness of research undertaken;
Proportion of units with a defined person having a lead role to promote
research;
% of staff undertaking research related courses at university;
Structured education, consultation skills, and attitudes;
Integrated, multidisciplinary team, and expertise (cardiologist, nurses, mental
health professionals, pharmacists);

To produce an annual
report for the population
served and to support
quality improvement.

coNcLUsioNs
A major promise of the information deriving from ‘omics’ research is the transformation
of healthcare and clinical decision-making through effective prevention programs, earlier diseases diagnosis and prognosis, and personalized treatments.18 In this manuscript,
we present an approach that can be used to deliver personalized care in a standardized
way for LQTS, a condition for which genetic testing can provide new opportunities for
patients’ management, as stated by the Heart Rhythm Society (HRS) and the European
Heart Rhythm Association (EHRA).3
Our work yielded two outcomes-based systems designed to reduce the risk of cardiac
events in people with known LQTS and those who have LQTS but have not been identified. The systems are specifically designed to focus on the patient outcomes, which
means that the systems are service agnostic, context-independent and applicable in a
variety of healthcare organizations irrespective of resource constraints. Healthcare services can use these systems as a starting point to design their LQTS-focused healthcare
services to focus more on patient outcomes and personalized care, while also tracking
resource utilization for their services.
A key aspect of the systems is the requirement to produce an annual report that records
data on outcomes delivered as well as resources used - thus giving an indication of the
value (outcomes/resources used) of the service. We acknowledge that initially, the data
will not be perfect - it may not be complete and the quality may not be great. Furthermore, even when there is agreement with the objectives and criteria, getting everyone
in the system to work in a coordinated way and break down artificial silos may also be
difficult. However, it is important to start shifting the culture and working practice of
289

5

Chapter 5.2

one’s healthcare service to begin to think in a different way about how their service is
designed and delivered and, most importantly, what it is accountable for. The data from
annual reports can be used to:
- Determine how your service is evolving over time
- Identify gaps and/or areas where your service is not doing well (e.g. underuse/ underdiagnosis)
- Identify wasted resources in your service
- Determine how your service compares to other services serving similar demographics
- Improve transparency of choices and outcomes
The ultimate ambition in presenting this work is to create a learning and sharing network
to identify new best practices as well as innovations, service level as well as technical,
which can be used to deliver better outcomes, and optimize resource utilization, to
patients and populations with LQTS globally.
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sUMMArY
A substantial proportion of the world’s disease burden arises from neurological and psychiatric disorders which are considered to be an important cause of death and disability
worldwide. As these disorders are caused by a combination of genetic, environmental,
and lifestyle factors, extensive research efforts have been invested to identify the molecular processes and pathways underlying these disorders and their related endophenotypes. As expanding our knowledge on the pathophysiology of these disorders and
their endophenotypes may facilitate development of new prevention and treatment
strategies, this thesis aimed to provide novel insights in the molecular mechanisms
underlying most common neurological disorders including neurodegeneration and
cerebrovascular pathology and the most common neurodevelopmental disorders by
using several omics approaches, including genomics, epigenomics, metabolomics, and
microbiomics.
chapter 2 of the thesis is focused on neurodegeneration and its related endophenotypes including cognitive ability and brain volumetric measures obtained by brain
imagining techniques. In chapter 2.1, we studied common genetic determinants of
lateral ventricular volume in participants included in the Cohorts for Heart and Aging
Research in Genetic Epidemiology (CHARGE) consortium. We identified seven genetic
loci that were significantly associated with lateral ventricular volume. Furthermore,
several biological pathways including tau pathology, cytoskeleton organization, and
S1P signaling emerged as relevant for lateral ventricular volume. In chapter 2.2, we
expanded the knowledge on genetic determinants of general cognitive function
by identifying 32 novel genetic loci in the participants of European ancestry from
the CHARGE consortium. These findings were generalized to participants of African
American ancestry. Furthermore, we reported that genes underlying general cognitive
function could be linked to circulating metabolites including tyrosine, creatinine, 22:6
docosahexaenoic acid (DHA), glycoprotein acetyls, acetate, and citrate. In chapter 2.3,
we explored blood-based DNA methylation in relation to cognitive ability in several
cohorts. Significant associations were found for two CpG sites and different cognitive
tests including global cognitive ability and executive function. In chapter 2.4, I evaluated the effect of rare variants in dystrophin gene (DMD) on cognitive ability in general
population. Suggestive associations were observed between cognitive ability and two
rare variants among which one was predicted to have a damaging effect on the protein.
Finally, in chapter 2.5, we investigated the effect of structural variation in DMD gene on
intellectual ability in patients with Duchenne muscular dystrophy. The results suggested
that cumulative loss of dystrophin isoforms has an impact on intellectual ability.
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Chapter 3 of the thesis reflected on neurovascular pathology. In Chapter 3.1, I performed a genome-wide linkage analysis of individuals in the extremes of intima-media
thickness distribution (> 90th percentile) in a large family-based study from a genetically
isolated population. Significant evidence of linkage was observed on four chromosomes
and several plausible candidate genes were identified under the linkage peaks. In Chapter 3.2, I explored association of a broad range of metabolites with extra- and intracranial carotid artery calcification (ECAC and ICAC), as a proxy of carotid atherosclerosis,
in a population-based setting. Significant evidence for association was found between
3-hydroxybutyrate and ICAC. Furthermore, the metabolic association pattern of ICAC
was found to be different than that of ECAC providing evidence for location-specific
differences in the etiology of atherosclerosis. In Chapter 3.3, I provided novel insights
into association of circulating metabolites and risk of stroke in several population-based
cohorts. The results suggested that several metabolites including amino acid histidine,
glycolysis-related metabolite pyruvate, marker of acute phase reactions glycoprotein
acetyls, two high-density lipoprotein (HDL) subfractions, and two low-density lipoprotein (LDL) subfractions were associated with risk of stroke. Three additional metabolites
were identified when focusing on the risk of ischemic stroke including phenylalanine
and two HDL lipoprotein subfractions. In Chapter 3.4, I explored relationship between
gut microbiota and circulating metabolites. We found association between 41 microbial taxa and metabolite measures including specific lipoproteins subfractions such as
very-low-density (VLDL) and HDL, serum lipid measures, glycolysis-related metabolites,
amino acids, and acute phase reaction markers. These findings support the potential of
gut microbiota as a target for therapeutic and preventive interventions.
In Chapter 4, I described genetic determinants of neurodevelopmental disorders
including autism spectrum disorders (ASD) and attention deficit hyperactivity disorder
(ADHD). In Chapter 4.1, I explored genetic determinants of ASD and quantitative
autistic trait in several families with at least one child affected with ASD and reported
association of a novel gene TTC25 and quantitative autistic trait. Lastly, in Chapter 4.2,
we described genetic determinants of ADHD symptoms in adults from several cohorts.
Suggestive association was found between STXBP5-AS1 and ADHD symptom scores in
studied populations.
Finally, in Chapter 5.1 of the thesis, I discussed main findings and commented on future
research, while in Chapter 5.2, I proposed translational approach to help deliver personalized care for cardiovascular disorders at the population level. Using outcome-based
healthcare system design, I created systems that could be used for effective reduction
of risk of cardiac events in people with a condition for which genetic testing can provide
new opportunities for patients’ management and their first-degree relatives.
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sAMeNVATTiNG
Een substantieel deel van de ziektelast komt ten gevolge van neurologische en psychiatrische aandoeningen, die worden beschouwd als een belangrijke doodsoorzaak
wereldwijd. Aangezien deze aandoeningen worden veroorzaakt door een combinatie
van genetische, omgevings, en leefstijl factoren, is uitgebreid onderzoek gedaan naar
de onderliggende moleculaire processen en pathways onderliggend aan deze aandoeningen en gerelateerde endophenotypen.
Omdat het uitbreiden van onze kennis over de pathofysiologie van deze aandoeningen
en hun endofenotypen de ontwikkeling van nieuwe preventie- en behandelingsstrategieën kan bevorderen, heeft dit proefschrift als doel om nieuwe inzichten te verschaffen
in de moleculaire mechanismen die ten grondslag liggen aan de meest voorkomende
neurologische aandoeningen, waaronder neurodegeneratie en cerebrovasculaire pathologie en de meest voorkomende neurologische ontwikkelingsstoornissen. Dit wordt
gedaan door verschillende benaderingen van omics te gebruiken, waaronder genomica,
epigenomica, metabolomics en microbiomics.
Hoofdstuk 2 van dit proefschrift focust op neurodegeneratie en de daaraan gerelateerde endofenotypen, inclusief volumetrische metingen van de hersenen, verkregen
door beeldvorming van de hersenen en cognitieve vaardigheidstesten. In hoofdstuk
2.1 hebben wij gemeenschappelijke genetische determinanten van het laterale ventriculaire volume bestudeerd bij deelnemers van het Cohorts for Heart and Aging Research
in Genetic Epidemiology (CHARGE) consortium. Wij ontdekten zeven genetische loci die
significant geassocieerd waren met het laterale ventriculaire volume. Bovendien bleken
verschillende biologische pathways waaronder tau-pathologie, cytoskeletorganisatie
en S1P-signalering relevant voor het laterale ventriculaire volume.
In hoofdstuk 2.2 hebben wij de kennis over genetische determinanten van algemene
cognitieve functies uitgebreid door ontdekking van 32 nieuwe genetische loci in deelnemers van Europese afkomst binnen het CHARGE-consortium. Deze bevindingen waren
te generaliseren naar deelnemers van Afro-Amerikaanse afkomst. Verder rapporteerden
wij dat genen die ten grondslag liggen aan de algemene cognitieve functie kunnen
worden gelinkt aan circulerende metabolieten, waaronder tyrosine, creatinine, 22:6
docosahexaeenzuur (DHA), glycoproteïne-acetyls, acetaat en citraat. In hoofdstuk 2.3
hebben wij DNA-methylatie in het bloed onderzocht in relatie tot cognitieve vaardigheden in verschillende cohorten. Significante associaties werden gevonden voor twee
CpG-sites en verschillende cognitieve testen waaronder globale cognitieve vaardigheid
en executieve functie. In Hoofdstuk 2.4 evalueerde ik het effect van zeldzame varianten
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in het dystrofinegen (DMD) op cognitieve vaardigheden in de algemene populatie. Suggestieve associaties werden gezien tussen cognitieve vaardigheid en twee zeldzame
varianten waarvan men voorspelde dat het een schadelijk effect op het eiwit had. Ten
slotte onderzochten wij in hoofdstuk 2.5 het effect van structurele variatie in het DMD
gen op intellectuele capaciteiten bij patiënten met Duchenne spierdystrofie. De resultaten suggereerden dat cumulatief verlies van dystrofine isovormen van invloed is op het
intellectuele vermogen.
Hoofdstuk 3 van dit proefschrift behandelt de neurovasculaire pathologie. In Hoofdstuk 3.1 heb ik een genoom-wijde linkage analyse uitgevoerd op individuen in de
extremen van de distributie van de intima media dikte (> 90e percentiel) in een groot
familieonderzoek van een genetisch geïsoleerde populatie. Significant bewijs van linkage werd waargenomen op vier chromosomen en verschillende plausibele kandidaat
genen werden gevonden. In Hoofdstuk 3.2, onderzocht ik de associatie van een breed
scala van metabolieten met extra- en intracraniële carotis aderverkalking (ECAC en
ICAC), als een proxy voor atherosclerose van de carotis, in een populatie-gebaseerde
setting. Significant bewijs voor associatie werd gevonden tussen 3-hydroxybutyraat en
ICAC. Bovendien bleek het metabole associatiepatroon van ICAC anders te zijn dan dat
van ECAC, wat bewijs leverde voor locatie specifieke verschillen in de etiologie van atherosclerose. In Hoofdstuk 3.3 verschafte ik nieuwe inzichten in de associatie van circulerende metabolieten en het risico op beroerte in verschillende populatie-gebaseerde
cohorten. De resultaten suggereerden dat verschillende metabolieten, waaronder het
aminozuur histidine, het aan glycolyse gerelateerde metaboliet pyruvaat, de marker
voor acute fase-reacties glycoproteïne-acetyls, twee lipoproteïne subfracties met hoge
dichtheid (HDL) en twee lipoproteïne subfracties met lage dichtheid (LDL), geassocieerd
waren met het risico op beroerte. Drie andere metabolieten werden gevonden bij het
focussen op het risico van ischemische beroerte waaronder fenylalanine en twee HDL
lipoproteïne subfracties. In hoofdstuk 3.4 heb ik de relatie tussen darmmicrobiota en
circulerende metabolieten onderzocht. Wij vonden een associatie tussen 41 microbiële
taxa en metabolietmetingen inclusief specifieke lipoproteïnen subfracties, zoals lipoproteïnen met zeer lage dichtheid (VLDL) en HDL, serumlipiden, glycolyse-gerelateerde
metabolieten, aminozuren en markers voor acute fase. Deze bevindingen ondersteunen
de potentie van darmmicrobiota als aangrijpingspunt voor therapeutische en preventieve interventies.
In Hoofdstuk 4 beschreef ik genetische determinanten van neurologische ontwikkelingsstoornissen waaronder autismespectrumstoornissen (ASS) en aandachtstekortstoornis met hyperactiviteit (ADHD). In Hoofdstuk 4.1 onderzocht ik genetische
determinanten van ASS en de kwantitatieve autistische eigenschap in verschillende
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families met ten minste één kind met ASS en een associatie van een nieuw gen TTC25
en kwantitatieve autistische eigenschap. Ten slotte in Hoofdstuk 4.2 beschreven wij
genetische determinanten van symptomen van ADHD bij volwassenen uit verschillende
cohorten. Een suggestieve associatie werd gevonden tussen STXBP5-AS1 en ADHDsymptoomscores in onderzochte populaties.
Tot slot, in hoofdstuk 5.1 van het proefschrift, besprak ik in de belangrijkste bevindingen en becommentarieerde ik toekomstig onderzoek, terwijl ik in hoofdstuk 5.2 een
translationele benadering voorstelde voor het leveren van gepersonaliseerde zorg voor
cardiovasculaire aandoeningen op populatieniveau. Door gebruik te maken van een
resultaatgebaseerd ontwerp van zorgsystemen, heb ik systemen ontwikkeld die kunnen
worden gebruikt voor effectieve vermindering van het risico op cardiovasculaire events
bij mensen met een aandoening waarvoor genetische testen nieuwe mogelijkheden
kunnen bieden bij de management van patiënten en hun eerstegraads familieleden.
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