SHAPING THE BRAIN
Causes and consequences of the changing brain across the lifespan

Sander Lamballais

Shaping the brain: causes and consequences of the changing brain across the lifespan
Author: S. Lamballais

ISBN: 978-94-6419-410-4

Cover design: S. Lamballais
Layout: S. Lamballais
Printing: Gildeprint BV, Enschede

Copyright © 2021 S. Lamballais, Rotterdam, the Netherlands
All rights reserved. No part of this publication may be reproduced, stored in a retrieval system,
or transmitted, in any form or by any means, electronic, mechanical, photocopying, recording
or otherwise, without prior permission of the author or the copyright-owning journals for
previous published chapters.

Shaping the Brain: Causes and Consequences of the
Changing Brain Across the Lifespan
Het vormen van de hersenen: de oorzaken en consequenties van het
veranderende brein gedurende het hele leven

Proefschrift

ter verkrijging van de graad van doctor aan de
Erasmus Universiteit Rotterdam
op gezag van de
rector magnificus

Prof. dr. A.L. Bredenoord

en volgens besluit van het College voor Promoties.
De openbare verdediging zal plaatsvinden op

dinsdag 25 januari 2022 om 15.30 uur

door

Sander Lamballais Tessensohn
geboren te Krimpen aan den IJssel.

Erasmus University Rotterdam

Promotiecommissie:
Promotoren:

Prof. dr. M.A. Ikram
Prof. dr. H.W. Tiemeier

Overige leden:

Prof. dr. N.E.M. van Haren
Prof. dr. M. Ewers
Prof. dr. H.E. Hulshoff Pol

Copromotoren:

Dr. T.J.H. White
Dr. H. Adams

Paranimfen:

Drs. R.F. Hussainali
Mr. C.L. de Mol

This work is dedicated to Anna, the love of my life,

and to you, the reader who never stopped inspiring me

TABLE OF CONTENT
Chapter 1 | General introduction

11

Chapter 2 | Methodological advances

21

2.1

The ORACLE Study

23

2.2

The QDECR package

41

Chapter 3 | Genetic mechanisms

59

3.1

Early-life genetic scores for subcortical volumes

61

3.2

Early-life genetic scores for late-life neurodegenerative disease

79

Chapter 4 | Vascular mechanisms

97

4.1

Early and late-life vascular factors and cognition

99

4.2

Mid-life vascular factors, cognition, and the brain

117

Chapter 5 | Reserve mechanisms

133

5.1

Childhood adversity and early-life brain aging

135

5.2

Cortical gyrification in relation to age and cognition

151

5.3

Reserve and dementia

173

Chapter 6 | General discussion

191

Chapter 7 | Summary / samenvatting

211

Bibliography

221

Appendices

255

A. Acknowledgements

256

B. List of publications

258

C. PhD portfolio

262

D. Words of gratitude / dankwoord

264

E. About the author

271

MANUSCRIPTS THAT FORM THE BASIS OF THIS THESIS
Chapter 2.1: Lamballais, S.*, Adank, M. C.*, Hussainali, R. F., Schalekamp-Timmermans, S.,
Vernooij, M. W., Luik, A. I., Steegers, E. A. P. & Ikram, M. A. (2021) Design and overview of the
ORigins of Alzheimer’s disease aCross the Life coursE (ORACLE) Study. Eur J Epi 36, 117-127,
doi: 10.1007/s10654-020-00696-3.
Chapter 2.2: Lamballais, S. & Muetzel, R. L. (2021) QDECR: a flexible, extensible vertex-wise
analysis framework in R. Front Neuroinform, doi: 10.3389/fninf.2021.561689.
Chapter 3.1: Lamballais, S., Jansen, P. R., Labreqcue, J. A., Ikram, M. A. & White, T. (2021)
Genetic scores for adult subcortical volumes associate with subcortical volumes during
infancy and childhood. Hum Brain Mapp 42, 1583-1593, doi: 10.1002/hbm.25292.
Chapter 3.2: Lamballais, S., Muetzel, R. L., Ikram, M. A., Tiemeier, H., Vernooij, M. W., White,
T. & Adams, H. H. H. (2020) Genetic burden for late-life neurodegenerative disease and its
association with early-life lipids, brain, behavior, and cognition. Front Psychiatry 11, 33, doi:
10.3389/fpsyt.2020.00033.
Chapter 4.1: Lamballais, S.*, Sajjad, A.*, Leening, M. J. G., Gaillard, R., Franco, O. H., MattaceRaso, F. U. S., Jaddoe, V. W. V., Roza, S. J., Tiemeier, H. & Ikram M. A. (2018) Association of blood
pressure and arterial stiffness with cognition in 2 population-based child and adult cohorts. J
Am Heart Assoc 7, e009847, doi: 10.1161/JAHA.118.009847.
Chapter 4.2: Hussainali, R. F.*, Lamballais, S.*, Schalekamp-Timmermans, S., Roeters van
Lennep, J. E., Steegers, E. A. P. & Ikram, M. A. (manuscript in preparation) The association of
vascular risk factors during early adulthood with subsequent cognition and brain structure.
Chapter 5.1: Lamballais, S., Delaney, S., Muetzel, R. L., White, T., Ikram, M. A. & Tiemeier, H.
(manuscript in preparation) Childhood adversity and accelerated aging of the brain.
Chapter 5.2: Lamballais, S., Vinke, E. J., Vernooij, M. W., Ikram, M. A. & Muetzel, R. L. (2020)
Cortical gyrification in relation to age and cognition in older adults. Neuroimage 212, 116637,
doi: 10.1016/j.neuroimage.2020.116637.
Chapter 5.3: Lamballais, S., Zijlmans, J. L., Vernooij, M. W., Ikram, M. K., Luik, A. I. & Ikram, M.
A. (2020) The risk of dementia in relation to cognitive and brain reserve. J Alzheimers Dis 77,
607-618, doi: 10.3233/JAD-200264.

1

GENERAL
INTRODUCTION

General introduction

“To form an understanding like ours, nature needed more time than for fabricating
animal minds. We had to pass through infancy to reach the age of reason. We had to
experience the trials and tribulations of anility to derive from them the advantages that
characterize man.”
– Julien Offray De La Mettrie (L’Homme Plante, 1748)
In 1748, Julien Offray de La Mettrie posited that the superior mind of human beings over other
animals arises from their altricial nature1. Where precocial animals are born with the capacities
to be mobile and explore their environment, altricial animals are born relatively unmatured,
lacking mobility and the capacity to explore (Figure 1). However unmatured the human brain
may be at birth, it continues to develop throughout childhood and far into adulthood, to
ultimately become the most intelligent amongst all animals.
The human brain develops along a general trajectory across the lifespan2. The gray matter of
the brain – the tissue rich in cellular bodies – rapidly grows in utero and starts to decrease in
volume from middle childhood onwards. The white matter of the brain, which primarily
contains axons that connect brain regions, continues to increase in volume well into
Figure 1 | Example of precocial (left) versus altricial (right) species of birds (top) and
mammals (bottom).
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adulthood. As individuals age into their 40’s and 50’s, their brains start to accumulate
neuropathological changes, such as lesions in the white matter and focal, small intracerebral
hemorrhages3. As the brain ages further, it starts to show more signs of decline, including a
reduction in volume and the accumulation of neuropathological burden. In turn, these
changes can throughout adulthood lead to cognitive and functional decline and may result in
the onset of late-life dementia, with Alzheimer’s disease accounting for most dementia cases.
Individuals show large variations in how their brains change over a lifetime. Certain individuals
suffer from vast losses in brain volume or decline of function before the age of 50 years,
whereas others surpass the age of 100 years while accumulating minimal neuropathological
burden4,5. Understanding what causes these differences in trajectories could have significant
consequences for society. First, it would become possible to predict whose brain will age
without significant problems, and whose brain will be burdened by pathology and functional
decline. Second, several of these causes can be modified6, such as vascular risk factors7.
Combined, this would enable identification and treatment of individuals who are at a high risk
of suffering from structural and functional decline of the brain later in life. However, to realize
this, we will need a much better grasp of how the brain develops and declines over the lifespan.
Our understanding of the brain has developed rapidly over the last decades. This has primarily
been driven by a number of advances. First, technological advances have led to new
generations of in vivo brain imaging, i.e., mapping of the brain in living organisms. For
example, magnetic resonance imaging enables the mapping of structural and functional
aspects of the brain with submillimeter resolution8,9. Second, these imaging techniques have
become much cheaper to perform as well as more readily available. This has led to the third
advance, the advent of large-scale neuroimaging studies and publicly available neuroimaging
datasets. Certain studies published in the last few years have included over 30,000 participants
with neuroimaging data10-12, a number that was unimaginable just 20 years ago. Finally, the
number of studies with multiple measurements over time has rapidly increased in recent
years13-15. This has led to direct observations of how specific aspects of the brain change over
time, as well as exploration of the factors that predict those changes.
The etiology of lifelong brain change – both development and deterioration – remains elusive.
We aimed to uncover new aspects of brain changes by utilizing data from population-based
studies from early, mid and late-life.
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SCOPE OF THIS THESIS
The general aim of this thesis is to identify and understand different mechanisms that shape
the brain across the lifespan. The thesis will primarily focus on genetic mechanisms (chapter
3), vascular mechanisms (chapter 4) and concepts related to reserve (chapter 5).

Genetic mechanisms
Brain structure is highly heritable and multiple genes have been identified that shape specific
regions of the brain10-12. Similarly, late-life neurodegenerative diseases like Alzheimer’s
disease are also moderately heritable. In the case of Alzheimer’s disease, several specific genes
have been identified16, such as APOE, that significantly affect the risk to develop the disease.
These studies primarily focused on adult samples. However, the brain undergoes its most
rapid changes during early life. The genes related to brain structure and late-life
neurodegenerative disease may influence brain structure and function during early childhood
or even during prenatal development. In chapter 3.1, we used the results from a genome-wide
association study on subcortical volumes in adults to calculate genetic scores for subcortical
volumes in infants and young children. In chapter 3.2, we calculated genetic scores for latelife neurodegenerative diseases and examined how these related to early-life measures of
brain structure, cognition performance, behavioral measures, and serum lipid levels.

Vascular mechanisms
Vascular pathology directly affects brain health. One of the strongest risk factors for
developing dementia is the occurrence of stroke17, a disruption of the blood supply to part of
the brain leading to rapid cell death. Furthermore, high levels of blood pressure during midlife
associate with lower levels of cognitive function later in life, independent of the late-life blood
pressure levels18,19. Such studies have primarily focused on mid and late-life populations.
However, vascular health is strongly influenced by genetics, and certain vascular measures
like blood pressure have stable trajectories across life. Thus, vascular risk factors may exert
their effect earlier in life. In chapter 4.1, we studied whether blood pressure and arterial
stiffness associated with cognition during early childhood, and contrasted this to the
associations found during mid and late-life. In chapter 4.2, we examined how vascular risk
factors across adulthood relate to cognition and brain structure nearly 15 years later.

Reserve
Individuals differ in their susceptibility to develop dementia during late-life. These differences
likely have their origin decades before the onset of actual symptoms. For example, early life
educational attainment seems to modify the risk to develop dementia. A mechanism that
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explains the effect of education on the onset of dementia is reserve20, which is the capacity to
buffer the effect of age-related decline and neuropathological burden. A distinction can be
made between cognitive and brain reserve. Cognitive reserve describes the use of cognitive
mechanisms to buffer functional decline. Brain reserve is usually defined as the sheer neural
capital that a person has, e.g., the volume of the brain, the number of neurons and other
structural features. Both brain and cognitive reserve presumably change across the lifespan
(Figure 2). For example, cognitive reserve is hypothesized to build up with higher levels of
educational attainment, occupational complexity, and late-life engagement in cognitive and
social activities21.
We aimed to understand different aspects of brain change in relation to reserve and related
concepts. In chapter 5.1, we examined how adverse life experiences during early childhood
affected subsequent brain aging during adolescence. In chapter 5.2, we studied how the
gyrification of the cerebral cortex changes across mid and late-life, and how it related to levels
of cognitive functions. Finally, in chapter 5.3 we address the question of whether early-life or
late-life reserve levels are more relevant for understanding who will develop dementia, and
how cognitive and brain reserve interact in affecting the incidence of dementia.

Figure 2 | Potential trajectories for low (green) and high (blue) levels reserve.
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SETTING
The research questions within this thesis lie along the lifespan. Questions related to early-life
(chapters 3.1, 3.2, 4.1, 5.1) were primarily studied in the Generation R Study22, a prospective
population-based birth cohort study based in Rotterdam, the Netherlands. The primary aim of
the study was to gain insight into the prenatal and early-life determinants of normal and
abnormal health during childhood and adolescence. It thus started with the inclusion of
pregnant women and consisted of extensive measures of both parents and their child – before
and after birth. The Generation R Study has generated a wealth of data that have led to over a
thousand research manuscripts that address different aspects of normal and abnormal health
during early life. In this thesis, we focused on measures from prenatal development, early
childhood, and middle childhood.
Questions related to late-life (chapters 4.1, 5.2, 5.3) were explored in the Rotterdam Study23,
another prospective population-based cohort study based in Rotterdam, the Netherlands.
Where Generation R focuses on the beginnings of life and its consequences for health, the
Rotterdam Study focuses on determinants of health during the end of life. The participants
were aged 40 years and older at baseline and participated in a myriad of measurements
derived from nearly all modern fields of medicine. The participants are followed using medical
records and repeat visits to the research center to understand how their health relates to
subsequent health outcomes.
Generation R and the Rotterdam Study cover the beginning and the end of the lifespan,
respectively. However, the age gap between the studies – roughly from 13 to 40 years –
represents a significant portion of the lifespan and of brain development and deterioration. In
chapter 2.1, we present the design and overview of the ORACLE Study, a study nested in the
Generation R Study that focuses on the parents of the Generation R children. At inclusion in
the Generation R Study, the age range of the parents spanned from the late teens to the late
40’s, essentially filling the gap between the Generation R children and the Rotterdam Study.
We introduced a separate research visit for these parents nearly 15 years after inclusion, to
study the longitudinal determinants of brain health and function during adulthood (chapter
4.2).
Epidemiology has defined three primary sources of bias, or systematic error, in study design:
confounding bias, selection bias and information bias24. For each of these biases, steps can be
taken during design of the study or during analysis that minimize these sources of bias; this
has been done in the Generation R Study and in the Rotterdam Study. For example,
confounding bias arises when factors that influence both the determinant and outcome of a
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model are not accounted for. Both Generation R and the Rotterdam Study collected extensive
data on factors that may be confounders for specific research questions. By incorporating
these into the analysis models, the effect of confounding can be reduced. However, as the field
of neuroimaging did not arise from epidemiology, the most used analysis tools also do not
have features to account for different sources of bias. To bridge these fields, we developed a
neuroimaging analysis tool that incorporates such epidemiological principles into the analysis
of neuroimaging data (chapter 2.2).
Finally, in chapter 6 I will reflect the work done in this thesis, in particularly the implications
of the findings and the methodological considerations of the conducted studies. Finally, I will
discuss the future perspectives and directions that are relevant for understanding brain health
from a population-based perspective.
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METHODOLOGICAL
ADVANCES
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Design and overview of the ORigins of
Alzheimer’s disease aCross the Life
coursE (ORACLE) Study

Sander Lamballais*, Maria C. Adank*, Rowina F. Hussainali, Sarah
Schalekamp-Timmermans, Meike W. Vernooij, Annemarie I. Luik, Eric A. P.
Steegers, M. Arfan Ikram
Adapted from:

Chapter 2.1

ABSTRACT
Brain development and deterioration across the lifespan are integral to the etiology of late-life
neurodegenerative disease. Factors that influence the health of the adult brain remain to be
elucidated and include risk factors, protective factors, and factors related to cognitive and
brain reserve. To address this knowledge gap, we designed a life-course study on brain health,
which received funding through the EU ERC Programme under the name Origins of Alzheimer's
Disease Across the Life course (ORACLE) Study. The ORACLE Study is embedded within
Generation R, a prospective population-based cohort study of children and their parents, and
links this with the Rotterdam Study, a population-based study in middle-aged and elderly
persons. The studies are based in Rotterdam, the Netherlands. Generation R focuses on child
health from fetal life until adolescence with repeated in-person examinations but has also
included data collection on the children's parents. The ORACLE Study aims to extend the
parental data collection in nearly 2000 parents with extensive measures on brain health,
including neuroimaging, cognitive testing, and motor testing. Additionally, questionnaires on
migraine, depressive symptoms, sleep, and neurological family history were completed. These
data allow for the investigation of longitudinal influences on adult brain health as well as
intergenerational designs involving children and parents. As a secondary focus, the sampling
is enriched by mothers (n = 356) that suffered from hypertensive disorders during pregnancy
to study brain health in this high-risk population. This article provides an overview of the
rationale and the design of the ORACLE Study.
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INTRODUCTION
The number of Alzheimer’s disease (AD) cases is projected to double or even triple by 205025,26,
which emphasizes the urgency to disentangle the etiology of AD and to develop effective
preventative strategies. Although AD has an onset late in life, the risk to develop AD is
influenced by both early-life and adulthood factors27-29, including cognitive and academic
performance30-33, cardiovascular health34-36, lifestyle factors6,37-43 and life events44-47. These
factors likely affect the susceptibility to develop AD through mechanisms such as cognitive
and brain reserve20,48. These mechanisms have been hypothesized to reduce or buffer the
effect of brain pathology and aging.
The influence that the risk factors have on the incidence of AD likely depends on the life
phase49. For example, hypertension during midlife has more influence on the risk of AD than
hypertension later in life50. However, it is unclear whether hypertension during earlier phases
of life also affect the incidence of dementia, and to what extent. Similarly, most studies on risk
factors and compensatory mechanisms have primarily focused on midlife and beyond. It
remains to be elucidated whether the risk factors already exert their effect on the etiology of
AD during earlier phases of adulthood, and through which mechanisms.
Through the EU ERC Programme, funding was secured for a program entitled The Origins of
Alzheimer’s Disease Across the Life course (ORACLE) Study, which aims to further elucidate the
age at which AD risk factors start affecting brain health and to further understand the
underlying mechanisms. The ORACLE Study is embedded within the Generation R Study22, a
prospective birth cohort established in 2002 that focuses on health development from fetal
life until early adulthood. The parents of the children had a mean age of 30.9 years (standard
deviation: 5.7) at study intake and participated in extensive measures of their health. The
ORACLE Study started in 2017, as a dedicated research visit for the parents to conduct
extensive measures on brain health, including neuroimaging and cognitive testing.
The ORACLE Study has several aims. The first aim is to elucidate the associations of established
and promising AD risk factors that were collected during previous Generation R visits with
cognitive and brain measures from the ORACLE research visit. Such factors will include
vascular risk factors like blood pressure and lipid profiles, mental health metrics such as
depressive-like symptoms, and lifestyle factors like daily exercise. A second aim is to consider
how brain health develops over a lifetime. The ORACLE Study bridges the age gap between the
children of the Generation R Study and participants from the Rotterdam Study23, a prospective
cohort study in individuals aged 45 years and older. By combining these three study
populations, brain health can be studied across the life course. Furthermore,
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intergenerational effects can be examined by combining neuroimaging data from children and
parents of the Generation R Study. A third aim is to study hypertensive disorders of pregnancy
(HDP) and their impact on subsequent brain health and cognitive performance, as Generation
R has extensive prenatal data. HDP affect 2-10% of all pregnancies and have been implicated
as a potential risk factor for dementia51. However, little is known on how it influences
subsequent brain health. The ORACLE Study will provide a unique opportunity to investigate
the role of AD risk factors and HDP in brain health across adulthood.
In this manuscript, we give an overview of the measures that are collected from the parents as
part of the ORACLE Study.

STUDY OVERVIEW
Generation R Study
The ORACLE Study is embedded in the Generation R Study, a population-based prospective
cohort study from fetal life onwards based in Rotterdam, the Netherlands22,52. The Generation
R Study was designed to identify early environmental and genetic causes of normal and
abnormal growth, development, and health from fetal life until young adulthood22. All
pregnant women living in Rotterdam with an expected delivery date between April 2002 and
January 2006 were invited to participate. A total of 9,778 pregnant mothers and 6,347 partners
were recruited into the Generation R cohort, which led to 9,749 live born children. A subset of
1,232 children and their parents – the “Focus subcohort” – have partaken in additional
detailed measurements of both fetal and postnatal growth and development. A schematic
overview of the Generation R Study is shown in Figure 1. All measures that have been
performed in the parents of the Generation R Study have been described elsewhere22,52. The
Generation R Study and the ORACLE Study have been approved by Medical Ethical Committee
of the Erasmus Medical Center Rotterdam, the Netherlands. All participants have to provide
written informed consent before participating in the study.

The ORACLE Study
The ORACLE Study is designed to test how factors during early adulthood affect brain health
and structure at later ages. The parents within the Generation R Study provide a unique
opportunity to tackle such questions. The parents had a mean age of 30.9 years (standard
deviation: 5.7) at study baseline and data were collected for multiple factors that play a role in
later adulthood brain health and the etiology of AD, like cardiovascular functioning, lifestyle,
and life events. To explore whether and how these factors measured during early adulthood
affect consequent brain health in middle adulthood, we introduced the ORACLE Study. It
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Figure 1 | Flow of Generation R and the ORACLE Study. Parents were invited three times
during pregnancy and returned to the research center with their children 5, 9 and 13 years
after pregnancy. Additional detailed measurements of fetal and postnatal growth and
development have been conducted in a subgroup of children (n = 1232, known as the
‘Focus cohort’) and their parents at 32 weeks gestational age and the postnatal ages of
1.5, 6, 14, 24, 36 and 48 months. The ORACLE Study started as part of the 13-year research
visit.

consists of a parental research visit, with the goal to conduct cognitive testing, extensive
neuroimaging, and an assortment of other physiological and functional measures.
The ORACLE Study started in May 2017 and is still ongoing. The aim is to recruit 2,000 parents
whose children had also participated in the most recent wave of the Generation R Study (2016
– 2019). We have invited all parents from the Focus subcohort. The sample is further
supplemented by randomly selecting parents from the whole Generation R cohort until 2,000
individuals have participated.
The ORACLE Study aims to form a bridge between two population-based cohorts: The
Generation R Study22 and the Rotterdam Study23. The Generation R Study focuses on early life
(childhood, adolescence), the ORACLE Study includes individuals during early and mid
adulthood, and the Rotterdam Study covers mid adulthood until the end of life. By combining
these three studies, brain health can roughly be studied from a life-course perspective. To
27
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harmonize the studies, the ORACLE Study has adapted the cognitive test battery from the
Rotterdam Study as well as a similar set of brain magnetic resonance imaging (MRI) sequences.

Hypertensive disorders of pregnancy
A secondary aim is to assess whether HDP affects the structure and function of the postpregnancy brain. As such, we aim to invite all mothers who had experienced HDP during their
index pregnancy. HDP was determined for every pregnancy during the initial phase of the
Generation R Study. Obstetric records were obtained from the midwife and hospital
registries22,53. HDP was defined as pre-eclampsia and gestational hypertension. We used the
criteria according to the International Society for the Study of Hypertension in Pregnancy of
200154. Therefore, gestational hypertension was defined as development of a systolic blood
pressure ≥ 140 mmHg or a diastolic blood pressure ≥ 90 mmHg without proteinuria after 20
weeks of gestation in previous normotensive women. Preeclampsia was defined as a new
onset of hypertension with a SBP ≥ 140 mmHg or a DBP ≥ 90 mmHg and proteinuria (≥300
mg/day) at or after 20 weeks of gestational age. A total of 356 women with HDP were eligible
for inclusion, and they were invited irrespective of being part of the Focus subcohort.

MEASURES
An overview of the ORACLE research visit and all measures is given in Figure 2. The visit starts
with a cognitive test battery consisting of six tests (see Section 3.2): [1] the 15-word learning
test, [2] the Stroop task, [3] a letter-digit substitution test, [4] a verbal fluency test, [5] the
Purdue pegboard test and [6] the design organization test. The cognitive battery is followed
by an assessment of gait (Section 3.3), a blood pressure measurement (Section 3.4) and
questionnaires (Section 3.5). The participants are then scanned in an MRI scanner, and the
session lasts for 30 minutes (Section 3.1). The total visit duration is approximately 65 to 80
minutes.
Neuroimaging
The aims of the neuroimaging are to:
•

map and quantify the structure of the gray and white matter of the brain;

•

map and quantify markers of cerebrovascular disease, i.e., white matter hyperintensities,
brain infarcts (lacunar and cortical) and microbleeds;

•
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map and quantify the cerebral blood flow.
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Figure 2 | Schematic overview of the ORACLE Study research visit. CES-D = Center for
Epidemiological Studies – Depression scale; MRI = magnetic resonance imaging; FLAIR =
fluid-attenuated inversion recovery; pcASL = pseudo-continuous arterial spin labeling.

We chose sequences and acquisition parameters that were comparable to the acquisition
protocols of the Generation R Study and the Rotterdam Study while constraining the scanning
time to 30 minutes. The finalized scan protocol is shown in Table 1.
Participants are excluded if they have any contraindications for the MRI, like metal implants
or claustrophobia.

Scanner and equipment
As of 2013, the Generation R Study has a dedicated MRI scanner in the Erasmus MC-Sophia
hospital55, the same hospital that houses the Generation R research center. We are performing
the ORACLE Study on this MRI scanner as well, to make the images more comparable to the
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images of the Generation R Study children. The scanner is a 3T GE Discovery MR750w MRI
System (General Electric, Milwaukee, WI, USA) with the GE DV24 software package. The
software package has intentionally not been updated since 2014, to ensure that the images
remain relatively unchanged over the years. Images are obtained using an eight-channel head
coil.
Several steps are undertaken to ensure comfort of the participants and to reduce participant
motion. To reduce noise levels the participants are given earplugs and additionally
headphones if this fits into the head coil. To ensure immobility of the head we use bilateral
soft cushioning. A stiff cushion is also placed under the legs of the participants to reduce
discomfort during scanning. Participants with back problems are offered additional pillows
and other support. Finally, all participants are shown the same nature documentary during
the scanning unless they prefer not to.

Image acquisition
The session starts with a three-plane localizer for positioning, and an ASSET scan to enable
parallel imaging. T1-weighted images to assess the structure of the brain are obtained using a
3D axial inversion recovery fast spoiled gradient recalled sequence (1 x 1 x 1 mm3). The
sequence is further accelerated by a factor of 2 using autocalibrating reconstruction for
Cartesian imaging (ARC). White matter microstructural integrity is assessed with an axial spin
echo sequence with an echo planar imaging (EPI) readout (2 x 2 x 2 mm3). The gradient is set
at b = 1000 m/s2 in 35 directions with a posterior-anterior phase encoding direction. In
addition, 3 sets of images with a gradient of b = 0 m/s2 are collected. To be able to perform
susceptibility distortion correction we also collect 3 sets of b = 0 m/s2 images with an anteriorposterior phase encoding direction.
White matter lesions and infarcts are visualized using a 2D axial fluid-attenuated inversion
recovery (FLAIR) sequence (0.8 x 1.1 x 2.5 mm3). To visualize microbleeds we use a T2*-weighted
sequence (0.8 x 1.1 x 1.0 mm3). Both are based on the sequence parameters of the Rotterdam
Study to promote cross-study comparisons13. We further assess local blood perfusion with a
pseudo-continuous arterial spin labeling (pcASL) sequence with three postlabeling delays
(1,000, 1,570 and 2,460 ms). The total cerebral blood flow is quantified using an ungated 3D
phase contrast sequence (velocity encoding = 80 cm/s) and based on the blood flow through
the carotids and the basilar arteries.
Examples of each sequence have been compiled into Figure 3. Once the scanning session is
completed, the images are send and stored in an XNAT storage instance56.
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Figure 3 | Example images from all sequences in the MRI protocol. (A) T1-weighted, (B)
diffusion-weighted, (C) FLAIR, (D) T2*-weighted, (E) pcASL, (F) phase contrast.

Quality assessment
An initial assessment of general image quality is made by the radiographer during the scanning
for the T1-weighted sequence. The quality of the T1-weighted scans is classified as poor,
questionable, good, or excellent. In most cases, poor quality scans seem to be due to excessive
movement. If the scans are rated as poor or questionable, the radiographer instructs the
participant to try to lay as still as possible, and that the T1-weighted sequence will be repeated.
Image quality of all sequences is further assessed during and after image processing with
manual and automated methods. T1-weighted segmentations are visually inspected by
trained raters and each scan receives a fail/pass rating on a global level. This is done by rating
a subset of slices in all three orientations (i.e., axial, coronal and sagittal) as well as the 3D
reconstructions of the white and pial surfaces.
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T1-weighted images are also processed through a validated and automated quality
assessment pipeline57. Images with low ratings from this pipeline are reinspected by the raters
and excluded if justified. Furthermore, the quality rating from the automated pipeline will be
used as a covariate in MRI-related projects, to see whether the analyses are confounded by
subtle differences in image and processing quality.

Incidental findings
A by-product of population-based neuroimaging is the detection of incidental findings (IFs),
i.e., abnormalities that are unrelated to the aims of the study but could bear clinical relevance.
A meta-analysis study estimated the prevalence of such findings for brain MRI to be 2.7%, with
neoplastic findings in about 0.7% of individuals58. However, it remains unclear what the best
course of action is for incidental findings. For example, a follow-up study found that small
meningiomas, the most common neoplastic finding, tend to remain stable and thus clinical
intervention is not needed59. The UK Biobank also found that most clinical referrals of
incidental findings did not benefit the participants while being accompanied by side effects
such as emotional distress60. Incidental findings are thus to be expected but should be
approached conservatively, to minimize burden on the participants.
Like the Generation R child neuroimaging waves, we opted for a two-layered approach in
incidental finding detection and management55. The first layer takes place during the scanning
session itself. The radiographer scrolls through the T1-weighted images once, to detect any
gross abnormalities. If any are detected, a certified neuroradiologist is contacted (author:
MWV). The second layer is post-hoc inspection of the T1-weighted images, the DWI images, the
FLAIR images and the T2*-weighted images by trained personnel. A certified neuroradiologist
subsequently checks all findings (author: MWV). When a finding is deemed clinically relevant,
it is discussed in a broader consensus meeting where the decision is made to refer the patient
for further diagnostic testing and/or follow-up or clinical intervention.

Cognitive testing
All participants are tested individually by trained examiners. The participants are told that
they will take part in several tests and are asked to try their best. If participants ask about the
purpose of the test, the experimenter indicates that they cannot disclose this during the test
battery. If participants indicate that they want to restart or that they feel like they are doing
poorly, the experimenter encourages them to continue and finish the test. Spare glasses are
available for visually impaired participants who did not bring their own. Audio is recorded for
the entire cognitive test battery if the participant consented. If needed, a stopwatch is used to
measure time.
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15-word learning test
The 15-word learning test is a neuropsychological test to assess the ability of verbal learning,
retrieval, and recognition of verbal memory61. The test consists of three subtasks62. The first
subtask consists of three trials where the same 15 unrelated words were used as stimuli.
During each trial, the words are shown one by one on a computer screen, with a presentation
time of 2 seconds per word, in the same order. After every trial, the participant is asked to
name as many words as they can remember (immediate recall), and the trial is ended once the
participant cannot recall any more words.
At least 20 minutes after the third trial, the participant is asked to name as many presented
words as they can remember (delayed recall). Once the participant named all words that they
can recall, they are presented with 15 previously shown words and 15 new words on the
computer screen, one by one. The participants are asked to answer ‘Yes’ or ‘No’ to whether the
item belonged in the list of immediate recall (recognition). The number of correctly recalled
words in each trial are scored as the main outcome measures61.

Stroop task
The Stroop task is a neuropsychological test used to assess the ability to inhibit cognitive
interference. Cognitive interference occurs when the processing of a specific stimulus feature
impedes the simultaneous processing of a second stimulus attribute, known as the Stroop
Effect63,64. The Stroop task that is being used consists of three subtasks, and 40 stimuli for each
subtask are distributed evenly in a 4 by 10 matrix65. The first subtask shows words of different
colors (red, yellow, blue, or green) in black writing. The second subtask shows rectangles
solidly colored in either red, yellow, blue, or green. The third and last task shows the words of
different colors (red, yellow, blue, or green) in dissimilar ink color65. Every task must be read
aloud as quickly as possible without mistakes. There is no time limit to complete each subtask.
The time in seconds needed for a subtask is given as dependent measures (reading subtask,
color naming subtask, and color-word interference subtask respectively)61.

Letter-digit substitution test
The Letter-digit substitution test is a neuropsychological test to assess the ability of
processing speed and executive function61. In the test, a key in which the numbers 1 to 9 are
paired with a letter is given at the top of the worksheet66. Beneath the key, letters are given in
a random order and the participant needs to pair the letters with the number according to the
key. The first ten items are used for practice to ensure that the participant understands the
test instructions. Following the practice round, the participant needs to pair as many numbers
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as possible with the letters within 60 seconds in the given order. The number of correct items
is used as the outcome of the test, with the maximum being 125 points61.

Verbal fluency test
The verbal fluency test is a neuropsychological test to assess the ability of the efficiency of
searching in long-term memory61. An animal-based task is used, where participants are asked
to generate as many animal names as possible within 60 seconds67. The number of correct
animals is used as the outcome of the test61. Furthermore, the examiners write out the answers
in full for post-hoc construction of semantic networks across all participants68,69. This can be
done to determine the degree to which participants cluster within and switch between
semantic categories of animals69.

Purdue pegboard test
The Purdue pegboard test is a neuropsychological test to assess dexterity and fine motor
skill61. The Purdue pegboard is a rectangular board consisting of two columns of 25 holes70,71.
Above these columns are reservoirs for metal pins. The participant needs to move the pins one
at a time into the holes of the column on the same side of the board as the hand being used.
They start at the top of the column and place as many pins as possible within 30 seconds. The
task consists of three subtasks70,71. The first task is with the dominant hand, followed by the
non-dominant hand, and then using the left and right hand simultaneously. The numbers of
moved pins for each subtask are used as the outcome measure61.

Design organization test
The design organization test is a neuropsychological test to assess visuospatial ability61,72. The
participant is presented with nine designs consisting of squares. Six different squares are used:
1 black square, 1 white square, and 4 squares that are half-black and half-white divided along
the diagonal in different orientations. Numbers from 1 to 6 are assigned to each type of square,
with a key at the top of the sheet. Participants must convert the pattern designs to
corresponding number designs. They must fill in as many numbers as possible within 120
seconds. The first nine patterns consist of five designs with 2 by 2 squares, followed by four
designs with 3 by 3 squares, and thus a maximum of 56 points can be scored. The number of
correct items completed is used as the outcome measure61.

Gait assessment
The walking pattern, or gait, is a complex sequence of movements integrating sensory
information and motor commands73-75. Gait is considered an accurate reflection of general
health and is influenced by many organ systems such as the central and peripheral nervous
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system, cardiovascular system, and musculoskeletal system76-78. Gait is assessed with an
electronic walkway using pressure sensors (GAITRite; Sparta, NJ: 4.88-m active area; 120-Hz
sampling rate) and is considered accurate to determine gait parameters. Participants perform
a standardized gait protocol consisting of four different walking conditions: normal walk,
turning, tandem walk, and dual task. In the normal walk, participants walk six times over the
walkway at their own pace. In turning, participants walk at their usual pace, turn halfway, and
return to the starting position. In the tandem walk, participants walk tandem (heel-to-toe) on
the walkway. During the dual task, participants must count down from a 100 by seven while
walking over the walkway. Raters inspect all recordings and identify individual footsteps. The
GAITRite software returns a broad range of parameters that are commonly summarized into
seven independent gait domains: rhythm, phases, variability, pace, tandem, turning, and base
of support.
Until February 2018, the gait data were collected with the wireless GAITRite CIRFace system.
We experienced intermittent technical issues primarily related to loss of wireless signal. Since
March 2018, the gait data has been collected with the wired GAITRite RE system. Both systems
have the same settings and characteristics, and so the data from both systems will be used for
analysis.

Blood pressure and anthropometry
Systolic and diastolic blood pressure are measured with the validated automatic
sphygmomanometer Omron 907 (OMRON, Matsusaka Co., Ltd., Japan)79. All participants are
seated in upright position with back support. Blood pressure is measured two times over a 60second interval, and the mean blood pressures are used for further analysis80. Furthermore,
body weight (kilograms) and body height (centimeters) are measured after participants take
off their footwear.

Questionnaires
Migraine
Migraine is assessed with a validated screening questionnaire81. This questionnaire includes
five questions asking whether the participant had (i) severe headaches in the past 12 months,
(ii) what the headache severity was, (iii) whether the participant had suffered from headaches
which were preceded by visual disturbances, (iv) whether the participant had been diagnosed
with migraine by a physician, and (v) whether the participant had ever used anti-migraine
medication.
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Depressive symptoms
Depressive symptoms are measured using the validated Dutch version of the Center for
Epidemiologic Studies-Depression Scale (CES-D)82. The CES-D comprises 20 items, each with a
possible score of 0-3, and the score ranges from 0-60.

Sleep propensity
Sleep propensity, one’s readiness to transition from an awake state to sleep, is measured with
a Dutch version of The Epworth Sleepiness Scale83. The scale comprises eight items, each with
a possible score of 0-3, and the score ranges from 0 to 24. Higher scores indicate higher levels
of sleep propensity.

Handedness
Handedness is assessed using a modified version of the Edinburgh Handedness Inventory84.
This inventory contains questions on which hand someone prefers for a range of activities such
as writing, holding a fork, and striking a match. An option was added for both hands, to capture
ambidexterity. Furthermore, an item on eyedness (“which eye would you look with through a
telescope”) and footedness (“which leg would you use to kick a ball”) were included as well.
From these items, a laterality index ranging from -1 (preference for left) to 1 (preference for
right) is calculated.

Subjective memory complaints
Subjective memory complaints are assessed with four self-reported question. The first
question is “do you have more difficulty remembering things?” If participants answer “Yes”,
three follow-up questions are asked: the year in which these problems seemed to start,
whether the problems started suddenly (no/yes), and whether the problems have changed
over time (no/yes).

Other self-reported data
Additional information is obtained from participants through a semi-structured interview and
a separate questionnaire. Participants are asked about their sleep during the last night
(shorter, longer or the same as usual), and consumption of caffeine, nicotine, alcohol, and
drugs in the past 24 hours. Furthermore, participants are asked about their medical status
(presence of diseases) as well as medication use. We specifically ask about neurological and
psychiatric diseases and disorders. Women are asked about their menstrual cycle, i.e.,
whether they menstruate and when they last menstruated. Finally, participants are asked
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whether their biological mother or biological father have been diagnosed with dementia,
Parkinson’s disease, schizophrenia, or bipolar disease.

CURRENT STATE OF RECRUITMENT
Below we present the progress of the ORACLE Study from May 2017 up to September 2019. In
total, 1579 individuals have been reached for an invitation to take part in the ORACLE Study,
and 1307 (83%) have accepted that invitation. Of the respondents, 169 were HDP women, and
135 (80%) participated. Most participants were female (n = 842, 64.4%). The mean age during
the visit was 46.4 years for the women (standard deviation: 4.4, range: 33.0 – 60.9) and 49.0 for
the men (standard deviation: 5.0, range: 36.5 – 72.0). The mean follow-up time since the intake
of the Generation R Study was 14.9 years (standard deviation: 0.8 years). Most participants
(80.6%) reported to be of Dutch ancestry, 15.0% as non-Western and 4.4% as other Western.
Finally, at study intake 58.8% of the participants had a university degree, 37.8% only finished
secondary (vocational) education, and 3.4% only finished primary school or had no degree.
An overview of the participation rates for each measurement is given in Table 2. Out of 1307
participants, 1280 (97.9%) completed at least one MRI sequence. The remaining participants
did not participate in neuroimaging due to claustrophobia (n = 11), contraindications (n = 9),
technical scan issues (n = 5) and participants having to leave early (n = 2). Of the scanned
individuals, 1180 (92.2%) had complete data on all sequences (99.8% T1-weighted, 98.8%
diffusion-weighted imaging, 99.1% FLAIR, 97.4% T2*-weighted, 95.2% pcASL and 96.4% phase
contrast). Early termination of a scan session was most commonly due to anxious feelings.
Furthermore, the pcASL and the phase contrast were sometimes skipped due to time
constraints if the T1-weighted sequence had to be rescanned for quality purposes. Finally, the
diffusion-weighted sequence was not performed in the first 11 participants due to technical
issues.
Participation rates for the other tests were generally close to 100% (Table 2). Several
measures have lower participation rates as they were introduced at a later time point during
data collection, i.e., the Purdue pegboard test, the design organization test, the blood
pressure measurements, and some of the questionnaires. In addition, the gait assessment
experienced technical issues during the initial phase of the data collection, which resulted in
a relatively low participation rate (78.0%). Other non-participation can be explained by
participant refusal or inability to participate (e.g., muscle problems for the Purdue pegboard
test), technical problems with the equipment (e.g., blood pressure measurements), or
skipping of questions in questionnaires.
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Table 2 | Participation rates for each measurement of the ORACLE Study up to
September 2019.
Measurement

Eligible (n)

Available (n)

Participation (%)

T1-weighted

1280

1277

99.8

Diffusion-weighted imaging

1269

1254

98.8

FLAIR

1280

1269

99.1

T2*-weighted

1280

1247

97.4

pcASL

1280

1219

95.2

Phase contrast

1280

1234

96.4

MRI

Cognitive testing
15-word learning test

1307

1300

99.5

Stroop task

1307

1300

99.5

Letter-digit substitution test

1307

1300

99.5

Verbal fluency test

1307

1300

99.5

Purdue pegboard test

840a

820

97.6

Design organization test

839a

830

98.9

Gait assessment

1307

1016

78.0

Blood pressure

905a

889

98.2

Anthropometry (weight, height)

1307

1302

99.6

Migraine questionnaire

905a

872

96.4

CES-D

a

905

885

97.8

ESS

905a

884

97.7

Handedness

1307

1302

99.6

Subjective memory complaints

905a

879

97.1

Other measures

a

= These measures were introduced later in the study.

DISCUSSION
Given the high response rates and the high quality of the collected data, the ORACLE Study will
likely reach its goal of 2000 participants with a few more months of data collection. Once the
data collection is completed, the ORACLE Study will be open for collaborative projects. All
requests for collaboration can be directed to study PI Professor M. Arfan Ikram
(m.a.ikram@erasmusmc.nl).
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ABSTRACT
The cerebral cortex is fundamental to the functioning of the mind and body. In vivo cortical
morphology can be studied through magnetic resonance imaging in several ways, including
reconstructing surface-based models of the cortex. However, existing software for surfacebased statistical analyses cannot accommodate "big data" or commonly used statistical
methods such as the imputation of missing data, extensive bias correction, and non-linear
modeling. To address these shortcomings, we developed the QDECR package, a flexible and
extensible R package for group-level statistical analysis of cortical morphology. QDECR was
written with large population-based epidemiological studies in mind and was designed to fully
utilize the extensive modeling options in R. QDECR currently supports vertex-wise linear
regression. Design matrix generation can be done through simple, familiar R formula
specification, and includes user-friendly extensions for R options such as polynomials, splines,
interactions, and other terms. QDECR can handle unimputed and imputed datasets with
thousands of participants. QDECR has a modular design, and new statistical models can be
implemented which utilize several aspects from other generic modules which comprise
QDECR. In summary, QDECR provides a framework for vertex-wise surface-based analyses that
enables flexible statistical modeling and features commonly used in population-based and
clinical studies, which have until now been largely absent from neuroimaging research.
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INTRODUCTION
The cerebral cortex is integral to human psychological and physical functioning, and has been
studied for centuries85. Modern neuroimaging techniques have enabled non-invasive
assessment of the cortex, which has led to a myriad of studies elucidating the antecedents and
consequences of typical and atypical cortical features. One common method for obtaining in
vivo brain scans is with magnetic resonance imaging (MRI). The images begin as a grid of 3dimensional grayscale pixels (voxels) which are commonly further processed by classifying
(segmenting) the voxels into gray matter, white matter, and cerebrospinal fluid components86.
Other tools subsequently trace and isolate the cortex to create surface-based representations
of the brain as a series of interconnected points (vertices) forming a 2D mesh87,88. Specific
characteristics of the cortex like its thickness or curvature can be derived from these surface
representations at unique locations across the cortical mantle. These maps tend to consist of
hundreds of thousands of vertices, allowing the study of the cerebral cortex at a fine-grain
resolution. With advent of population neuroscience89 and the introduction of several largescale open-access neuroimaging initiatives90,91, it is imperative that the neuroimaging
community has a repertoire of tools available which are able to accommodate these massive,
high dimensional data sets.
Tools for vertex-wise analyses of brain imaging data have been around since the creation of
surface-based cortical models. One widely used tool which implements the linear model is
Qdec (www.surfer.nmr.mgh.harvard.edu), which stands for Query, Design, Estimate, Contrast.
Qdec is bundled with FreeSurfer88, an open source software suite designed to generate
surface-based maps of the brain from structural MRI data. Qdec facilitates whole-brain, vertexwise analyses from a graphical user interface. Though brilliantly user-friendly, the interface
has limitations including model specification (e.g., restrictions on the number of continuous
and categorical variables that can be used) and handling of missing data. Qdec is the frontend interface which was built on top of the mri_glmfit program; a tool which was written in
C++, works from the command line, and can handle larger datasets and more complicated
design matrices. Another tool, SurfStat92, was developed in Matlab and has a number of userfriendly features that mri_glmfit does not have, including formula-based creation of design
matrices. SurfStat is still widely used (e.g., 93), but has not been updated since 2008 and
requires a Matlab license.
The field of neuroimaging is rapidly developing, particularly with studies generally growing in
sample size due to the advent of open databases, consortia collaborations, and population
neuroscience initiatives89. These studies, increasingly more epidemiologic in nature, require
analytical tools that can handle statistical and epidemiological characteristics like big
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datasets, correction for confounding and selection bias, allowing imputed data to account for
missingness, and creating more flexibility in statistical model specification94. The previously
described vertex-wise analysis tools were designed with vertex-wise analyses as their core
purpose, but may lack features that are now crucial to begin integrating into neuroimaging as
common practice to ensure proper analysis and interpretation of the data. Furthermore,
expansion of features of those tools is not always straightforward as they were not designed
in a modular fashion. Lastly, each tool is designed within a software framework which was not
originally designed with statistical computing in mind.
We designed the QDECR package, a flexible and extensible R package for vertex-wise analyses.
R is a programming language designed around statistical computing95 and has become
increasingly popular in academia and neuroimaging96. More importantly, R has a standardized
syntax for statistical modeling, arguably has the most extensive statistical functionality of all
existing programming languages, and its codebase is improving and expanding every day
through a large user base and open source framework. We designed QDECR to fully utilize R’s
existing statistical infrastructure. We also designed QDECR to use the same user-friendly
syntax as all other R modeling functions, so new users are immediately familiar with the
QDECR syntax. Finally, we designed it to be an extensible and modular framework, where
advanced users can implement their own type of statistical analyses on a vertex-wise level
while still using core features of the framework (e.g., reading data, generating figures). In this
manuscript we will describe the structure and features of the QDECR package.

Figure 1 | General workflow of the QDECR package, from data collection to postprocessing.
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MATERIALS AND METHODS
General workflow
The general workflow of the QDECR package is shown in Figure 1.

Input: FreeSurfer-processed images
Two sources of data need to be available to conduct analyses. The first stream of data consists
of the T1-weighted MR images, which have been fully processed through the FreeSurfer
analysis suite (i.e., recon-all). Of note, after running the full primary recon-all
reconstruction, users also need to run the qcache processing with recon-all. Activating the
-qcache flag will co-register a given dataset into a standard coordinate system and spatially
smooth the surface-based maps with a set of full width half max (FWHM) values. It outputs
these maps in .mgh file format (Massachusetts General Hospital) in the "surf" subdirectory of
the FreeSurfer output. As part of the FreeSurfer installation, the SUBJECTS_DIR
environmental variable is set to indicate the directory where all the subject data are stored;
QDECR will recognize this environmental variable, and users can set (or override) it via an
optional argument when calling QDECR.

Input: Phenotype / covariate data
The second stream of data involves the other information relevant to the research question,
specifically the phenotypic information of interest and covariates (e.g., age and sex). These
data should be loaded into R with the user’s method of choice, and ideally stored as a standard
(imputed) data frame object. Furthermore, the phenotype data must include the identifier
which was used to store the MRI data to link the two data types during analysis (i.e., the
identifier variable the MRI data are stored on).

Analysis with QDECR
The next step is to run one of the analysis functions from the QDECR package, for example
qdecr_fastlm for linear regression. At minimum, the following input arguments need to be
specified:
•

formula: a formula object, specifying the linear model to be used;

•

data: a data frame containing the non-vertex (e.g., phenotype/covariate) data related to
the research question;

•

id: the name of the column in the data frame that identifies each subject;

•

hemi: a hemisphere (lh for left, rh for right);

•

project: a project name used for labeling output files.
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As an example, to run a vertex-wise analysis to study the effect of age and sex on cortical
thickness of the left hemisphere, the R code would be:
qdecr_fastlm(qdecr_thickness ~ age + sex, data = pheno, id = "id", hemi
= "lh", project = "test")
where pheno is an R data frame object containing at least the columns id, age, and sex. All
rows in pheno must correspond to an existing MRI session in SUBJECTS_DIR. During the
analysis, information on the input data as well as the progress of the analysis will be printed
on the console. The analysis will generate a number of files on disk (Table 1). The output of
the analysis can be stored directly into an R variable, or it can be loaded back in at a later point
in time.
In the current version of QDECR, results which are corrected for multiple comparisons (i.e.,
tests across all vertices) are by default also saved. This is done automatically in
qdecr_fastlm using pre-cached smoothed Gaussian Monte Carlo – known as MCZ –
simulations on a cluster level97. The cluster-forming threshold can be changed by specifying
the mcz_thr argument (default = 0.001 based on previous work showing correspondence
with full permutation tests98). The cluster-wise p-values are further corrected for performing
additional analyses (e.g., in both hemispheres), which can be set with the cwp_thr argument
(default = 0.025, which is 0.05 Bonferroni corrected for running both left and right
hemispheres).
The qdecr_fastlm function has many, additional arguments that users can specify.
Information on the function and its arguments can be obtained by calling ?qdecr_fastlm.
Several arguments may be of particular interest to users. First, users can a path to
SUBJECTS_DIR into qdecr_fastlm directly with the dir_subj argument, and to
FREESURFER_HOME with the freesurfer_home argument. Second, the target argument
allows for specification of the target template to use. Users can input templates that are
available in SUBJECTS_DIR, but note that –qcache must be run with whichever target
template has been specified. By default, the fsaverage template is used. Third, users can
differentiate which level of smoothing (i.e., FWHM) should be used by using the fwhm
argument, which is set to 10 by default.

Inspection of QDECR output
The output of the analysis can be explored with an array of functions within the QDECR
package. Most of these functions were built on top of commonly used R functions. For
example, the print and summary functions – which are familiar to most R users – can be used
to extract information about the analysis and the significant brain areas (clusters) identified,
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Table 1 | Overview of the output files. The project .rds file will have the name of the
outputted project name. The stack* names will be replaced with the stack number, e.g.,
stack1. The th* names will be replaced with the threshold of the cluster-wise threshold.
All .cache. files are output from mri_surfcluster.
Name

Per

Description

stack
`project`.rds

no

A file that stores the qdecr output object and can be

finalMask.mgh

no

The final mask that was used for the analyses.

fwhm.dat

no

A file containing the estimated smoothness.

significant_clusters.txt

no

Contains all significant clusters (the output of

stack_names.txt

no

Contains the link for variable name-stack number.

stack*.coef.mgh

yes

Contains the vertex-wise regression coefficients from

reloaded with qdecr_load.

summary(vw, annot = TRUE)).

the linear regression.
stack*.se.mgh

yes

Vertex-wise standard errors from the linear regression.

stack*.t.mgh

yes

Vertex-wise t-values from the linear regression.

stack*.p.mgh

yes

Vertex-wise p-values from the linear regression.

stack*.cache.th*.abs.sig.cluster.mgh

yes

Vertex-wise log10-transformed p-values of the cluster-

stack*.cache.th*.abs.sig.cluster.summary

yes

wise significance.
Text file with summary information about clusters
from the mri_surfcluster call.
stack*.cache.th*.abs.sig.masked.mgh

yes

Vertex-wise values after setting the non-cluster
vertices to zero.

stack*.cache.th*.abs.sig.ocn.annot

yes

Vertex-wise annotations for the clusters to which each
vertex belongs.

stack*.cache.th*.abs.sig.ocn.mgh

yes

stack*.cache.th*.abs.sig.voxel.mgh

yes

Vertex-wise values for the clusters to which each
vertex belongs.
Vertex-wise value for the corrected voxel-wise
significance.
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respectively. Furthermore, QDECR provides functions to visualize the data (e.g., hist and
freeview).

Internal structure
The field of neuroimaging has grown extensively over the last few decades, and a wealth of
analysis methods have been developed. This can be daunting for new users, who would
benefit from user-friendly and restricted analysis software. However, such restrictions may
deter advanced users who require flexibility in applying their methods. QDECR was designed
with both audiences in mind: straightforward and intuitive to use for beginners, yet flexible
and extensible for advanced users. To achieve this, QDECR was designed to contain six
modules:
1.

Input checking. All input arguments undergo integrity checks. For example, provided
paths are checked if they already exist in the system, and datasets are checked for the
presence of the variables in the model specification, i.e., the formula.

2.

Model preparation. The first steps of the statistical modeling are done here. The userspecified model is created and all steps that can be done before the vertex-wise
calculations are processed. For example, in linear regression the portion of the design
matrix that is common to all vertices is generated here.

3.

Loading the vertex-wise data. In this step, the dataset and the provided paths are used
to load in the vertex-wise data into a file-backed matrix.

4.

Vertex-wise analysis. This module builds upon step 2 and runs the statistical model for
every vertex. The output of each model is stored in dedicated file-backed matrices.

5.

Multiple testing correction. Once all analyses are done, multiple testing correction can
be applied across all vertices.

6.

Output generation. An R object is compiled to contain all the information on the QDECR
call, and output files are generated on disk to store the results more permanently.

These modules are implemented into the qdecr function. At its core, qdecr can handle any
statistical model that is entered as long as a model preparation module (module #2) and a
corresponding vertex-wise analysis module (module #4) exist. Functions like qdecr_fastlm
are wrappers that automatically use the appropriate modules in qdecr to perform vertex-wise
linear regression. Thus, users who only want to perform analyses do not have to think about
any of the modules nor the underlying qdecr function, while advanced users can use the
framework to implement new types of models more easily.

Formula objects
An important part of regression modeling is the creation of a design matrix. R uses formula
objects in building design matrices. Formulas usually have three components:
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1.

the left-hand side (the outcome or dependent variable);

2.

the right-hand side (the determinants or independent variables);

3.

a tilde to separate the sides.

For example, in the formula qdecr_thickness ~ age + sex, the qdecr_thickness is defined
as the outcome variable, and age and sex are denoted as the determinant variables. Using R
formula objects for design matrix creation has several strengths:
•

Categorical variables (like sex) are automatically recoded. By default, the levels will be
dummy-coded according to the default behavior of linear regression in R, but other
contrasts are available.

•

Interaction terms can be introduced using the * (main effects plus interaction) or :
(interaction only) symbols, for example qdecr_thickness ~ age * sex.

•

Variables can be customized within the formula, for example by adding polynomial terms
(e.g., poly(age, 3)), adding splines (e.g., splines::ns(age, 3)), standardizing a
variable (e.g., scale(age)) and recoding of variables (e.g., cut(age, 3)).

New features for formulas can be seamlessly introduced, such has been done with the
Formula package99.
Thus, R formula objects – when used properly – allow for intuitive and extremely powerful
behavior related to the creation of a design matrix. QDECR builds upon these principles, and
in general most functions that manipulate formula objects will automatically work in QDECR
as well, offering users continuity in syntax they already know from R.
Note that QDECR can handle all vertex-wise measures that FreeSurfer outputs by default, and
the names are simply the FreeSurfer-assigned names preceded by "qdecr_" (Table 2), such as
qdecr_thickness and qdecr_area_pial. The only modification is the “w-g.pct” file, which
is written as qdecr_w_g.pct as the hyphen (or minus sign) has a specific meaning in R
formula objects.
In certain cases, users may choose to create custom surface maps (e.g., functional activation
maps). QDECR can be used to analyze those maps, by specifying the custom_measure
argument of qdecr_fastlm. Users should supply the name of the vertex measure preceded
by "qdecr_" (e.g., qdecr_radialdistance). Furthermore, the surface files must be placed in
the “surf” directory of the FreeSurfer output of each participant. Finally, the surface files must
follow

the

same

naming

convention

as

the

other

surface

maps

(e.g.,

"lh.radialdistance.fwhm10.fsaverage.mgh").
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Table 2. Overview of the surface-based measures.
Surface measure in

Name in QDECR

Description

area

qdecr_area

Surface area of the white matter surface

area.pial

qdecr_area.pial

Surface area of the pial matter surface

curv

qdecr_curv

Smoothed mean curvature

jacobian_white

qdecr_jacobian_white

The Jacobian of the spherical transformation

sulc

qdecr_sulc

Average convexity compared to the average surface

thickness

qdecr_thickness

Cortical thickness; the distance between the white and

volume

qdecr_volume

Cortical volume

w-g.pct

qdecr_w_g.pct

Gray to white signal intensity ratio

white.H

qdecr_white.H

Mean curvature of the white surface

white.K

qdecr_white.K

Gaussian curvature of the white surface

FreeSurfer

pial surfaces

Statistical modeling of linear regression
The base model implemented in QDECR is a vertex-wise linear regression model with the
vertex-wise metric, e.g., cortical thickness, as the outcome. At each vertex, a least squares
regression would be performed:
β = (𝐗𝐗 T 𝐗𝐗)−1 𝐗𝐗 T y,

where X is an N (subjects) x p (variables) matrix that is the design matrix, y is an N x 1 vector
with the values at a given vertex, and β is a p x 1 vector of regression coefficients.
Running a linear regression for each separate vertex using the default lm function from the
stats package would take a significant amount of time in R as R is an interpreted
programming language. In interpreted languages the interpreting and execution of a line of
code requires some operation time. Given the thousands of vertices that maps exist of, and
given that linear regressions take milliseconds to perform, the compute time can become
hours to days. The regression coefficients for all m vertices can be determined in a single step
with the formula:
𝚩𝚩 = (𝐗𝐗 T 𝐗𝐗)−1 𝐗𝐗 T 𝐘𝐘,

Where Y is an n x m (number of vertices) matrix with all vertex-wise values, and Β is a p x m
matrix of regression coefficients. Note that the vertex measures are the outcome, and thus the
design matrix for all vertices is identical. To decrease run time QDECR therefore only builds the
design matrix once.
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The matrices may become exceedingly large given thousands of vertices, thousands of
participants, and tens of imputed datasets. This would then exceed the RAM size of the RAM
size of consumer grade computers. To avoid this, QDECR internally splits Y into ‘chunks’, or
smaller partitions, so that the analyses can be run in smaller sets limiting the amount of
required RAM at a given moment. By default, qdecr_fastlm creates chunks of 1000 vertices,
but the size can be fine-tuned to a given setup (e.g., number of subjects, RAM availability,
imputed datasets, etc.) with the chunk_size argument.

Handling imputed data
Missing covariate or phenotypic data in datasets can pose problems for statistical analyses.
Previous vertex-wise tools require complete data, and thus any subjects with missing
covariate or phenotypic data would have to be excluded for analysis, which could lead to loss
of power and an increase in bias100. Rather than using only complete observations, methods
have been developed to impute the missing data, typically under the assumption that the
missingness is random and that the missingness can be predicted from other available data.
To account for uncertainty in the imputation process, the imputation is repeated to generate
several imputed datasets. For users who decide imputations are useful and feasible for their
set of analyses, QDECR was designed to handle such imputed datasets from the most
commonly used R imputation packages. Internally, QDECR uses a function called imp2list
that converts any prespecified data object to a list of data frames. Consequently,
qdecr_fastlm accepts the following object types for its data argument: Data frames,
matrices, and lists of data frames, as well as imputed objects from the following R packages:
mice101, mi102, amelia103, and missForest104. Furthermore, users can implement methods for
new classes by converting their object to a list of datasets. In regression analyses, the
estimates across the imputed datasets are pooled using Rubin’s rules105.

Proof of principle for vertex-wise linear regression
To illustrate the QDECR package we performed vertex-wise analyses in 1000 randomly
selected participants from the UK Biobank91. The participants had a mean age of 63.9 years
(standard deviation: 7.7, range: 47.1 – 80.0) and 52.8% was female. The T1-weighted images
were processed with FreeSurfer version 6.088. Additionally, in order to facilitate reproducible
benchmarking and testing, a set of 10,000 simulated surface-based cortical thickness maps
have also been made publicly available alongside a full installation of QDECR at Code Ocean106,
and

can

be

freely

explored

and

tested

via

the

web

interface

(https://codeocean.com/capsule/6804031/tree/v2). A full tutorial on how to use QDECR can be
found in the Supplemental Materials (Section 1) and via the GitHub repository
(https://github.com/slamballais/QDECR).
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RESULTS
Age Associations: Example in the UK Biobank
Within the UK Biobank sample, we aimed to study the association between age and vertexwise cortical thickness, adjusted for sex. This can be achieved by running the following code
in R:
vw <- qdecr_fastlm(qdecr_thickness ~ age + sex, data = pheno, id = "id",
hemi = "lh", project = "test_project")
The formula (i.e., qdecr_thickness ~ age + sex) captures cortical thickness as the
dependent variable, and age and sex as the independent variables. The variable pheno
contains the information on age and sex per participant, and the identifier is id. By specifying
hemi = "lh", we specify that the left hemisphere should be analyzed. Finally, the project
name test_project is used, which will be incorporated in the names of the files that will be
written to disk. The output is stored in the variable vw.
Once the analysis is done, a summary of the analysis can be viewed with print(vw) (Figure
2A). The significant clusters can be tabulated with summary(vw) (Figure 2B), which shows
that a number of clusters have a significant association with age. Further inspection of the
vertex-wise data can be done with hist(vw) (Figure 3A), which generates a histogram of the
vertex-wise mean cortical thickness. The results can be visualized with the FreeSurfer
FreeView tool by typing freeview(vw) (Figure 3B). Within the FreeView visualization it is
clear that cortical thickness generally decreases with age, particularly in the temporal lobe
and the precentral gyrus.

Age Associations: Comparison to mri_glmfit
To demonstrate the accuracy and consistency of the tool, we compared the results from the
previous paragraph to those of mri_glmfit using the same data from the UKBB. A linear model
for the association of age and sex with cortical thickness was generated in mri_glmfit with a
DOSS (Different Offset, Same Slope) design. A full description of the input and code is given in
the Supplementary Materials (Section 2). The vertex-wise regression coefficients – or betas –
for age were examined. The mean absolute difference in the regression coefficients for age
across the tested vertices was 7.9 ∙ 10-7, which arose from differences in rounding. The
correlation between the betas was near perfect (Pearson’s r = 1.00, Spearman’s ρ = 0.9999954).
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Figure 2 | Examination of the QDECR analysis on the association of age and cortical
thickness in a subset of the UK Biobank. (A) The print function returns the key
information of the analyzed project, including the input arguments, the included formula,
the size of the dataset and the number of included vertices. (B) An example of output from
the summary function. Each row represents a statistically significant cluster.

Performance benchmark
To demonstrate how QDECR performs in terms of compute time in comparison to other tools,
we used simulated data to benchmark the performance of qdecr_fastlm. We studied the
influence of sex and age on cortical thickness of the left hemisphere in 100, 500, 1000, 5,000
and 10,000 participants. Further, we tested the impact of multiple imputation by generating 1,
33 or 100 imputed datasets. Lastly, we studied the impact of parallel processing by using 1 or
4 CPU cores. Figure 4A contains the results of the benchmark. The time it took to perform
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Figure 3 | Plots of the QDECR analysis results. (A) A histogram of the vertex-wise mean
cortical thickness for the study sample, generated with hist. (B) FreeView can be called
with the freeview function. This panel displays the vertex-wise map for the effect of age
on cortical thickness.

an analysis on unimputed data ranged from 0.8 minutes for a sample of 100 datasets to 26.7
minutes for a sample of 10,000 datasets. When the dataset with 10,000 was further imputed
100 times for missing covariates, the time increased to 146.4 minutes (i.e., 448% longer than
unimputed). The performance can be boosted by recruiting more CPU cores for the analysis.
For example, using 4 cores compared to 1 core on 10,000 datasets with 100 imputed datasets
dropped the analysis time from 146.4 to 54.9 minutes (i.e., 62.5% reduction).
We further compared the QDECR performance with Qdec and mri_glmfit (Figure 4B). Both
Qdec and mri_glmfit were faster than QDECR on samples of 100 individuals, and slower for
samples with 333 participants and more. Furthermore, Qdec was not able to finish the
analyses on 3,333 and 10,000 participants due to errors that arose when merging the
underlying MRI data into a single set. While mri_glmfit did succeed in running the analyses,
compared to QDECR it was much slower for the set of 3,333 individuals (42.8 minutes vs 6.8
minutes with QDECR) and 10,000 individuals (313.1 minutes vs 26.7 minutes with QDECR).
Finally, we compared the peak memory use of QDECR with that of mri_glmfit (Figure 4C).
Overall, QDECR had a higher peak memory use than mri_glmfit. Where QDECR reached a peak
memory use of 8.4 GB for 3,333 individuals and 20.8 GB for 10,000 individuals, mri_glmfit used
5.3 GB and 14.4 GB, respectively.
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Figure 4 | Computation time benchmark of the QDECR package. (A) Displays the
computation time of an analysis with QDECR when varying sample size, number of cores
(threads) used and number of imputed datasets that were included. (B) Compares the
computation time for mri_glmfit, QDEC and QDECR when using a single core (thread) and
unimputed data. For QDEC we used the time that the analysis took, without loading or
assembling of the data or the multiple testing correction. For mri_glmfit we measured the
time it took to run three commands: [1] mri_preproc to assemble the FreeSurfer output, [2]
mri_glmfit to run the analysis and [3] mri_glmfit-sim to perform the multiple testing
correction. **Note: QDEC returned errors when attempting to run the analyses on 3,333
and 10,000 participants and is thus not represented for those sample sizes in panel B. (C)
Compares the peak memory use in gigabytes (GB) for mri_glmfit and QDECR when using
a single core (thread) and unimputed data.
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DISCUSSION
QDECR provides a framework to perform vertex-wise analyses in R. It has the same base
functionality as other vertex-wise tools and adds several functionalities. We have shown that
QDECR runs faster on large datasets than other tools and can additionally handle imputed
datasets to minimize bias or loss of power due to exclusion of participants. Moreover, we
aimed to maximize user friendliness for individuals familiar with R through the
implementation of formula objects to handle design matrix specification and through writing
functions with similar arguments as other base functions. Finally, QDECR sets the stage for
further development of statistical applications to study the cerebral cortex in population
neuroscience settings.
QDECR has several limitations. The primary focus of the package has been to implement
vertex-wise analyses in R. In contrast, glmfit has a myriad of options for the MRI data available.
It works with both voxel-wise and vertex-wise data with all volume files that are recognized by
the FreeSurfer mri_convert function (.mgh, .nii, etc.). It also has several options related to
the analysis that are not available in QDECR yet, such as different methods for multiple testing
correction (e.g., permutation testing) and weighted least squares. However, QDECR is still in
development, and these options will likely be available in the future. Another limitation for
part of the potential users is that QDECR is only available in R. Qdec will therefore remain more
feasible for users with little programming experience, and MATLAB and Python users would
have to learn basic R skills to use it. Furthermore, developing new modules requires mastery
of R. Still, we opted for R as it provides an ideal environment to further develop the statistical
options for vertex-wise analyses. Furthermore, R is gaining popularity in medical research,
especially with the advent of Bioconductor107 and more recently Neuroconductor96.
While QDECR presents a substantial contribution to vertex-wise analyses, several areas of
opportunity for expansion and improvement exist. First, at the moment only the general linear
model is implemented. We envision logistic regression, linear mixed models, and structural
equation models to be the next key targets for future implementation. Next, though QDECR
relies on multiple testing correction that is native to the FreeSurfer library, new modeling
techniques may require new methods for adjusting analyses for multiple comparisons. Thus,
another target for development is implementing permutation testing and other state-of-theart methods in the field of neuroimaging. Finally, QDECR in its first implementation can handle
the mgh file format and assumes a FreeSurfer image reconstruction. In the future, new
methods should be implemented to accommodate other file format types (e.g., Minc/Civet108),
and allow for 3D voxel data in addition to surface data (e.g., Nifti format data).

56

The QDECR package

CONCLUSION
QDECR extends the capabilities of existing whole-brain vertex-wise statistical software for
neuroimaging data analysis, allowing for larger (population-based) datasets, incorporation of
novel epidemiological and statistical concepts, and elegant expansion within the widely used
and open-source R statistical framework.
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ABSTRACT
Individual differences in subcortical brain volumes are highly heritable. Previous studies have
identified genetic variants that underlie variation in subcortical volumes in adults. We tested
whether those previously identified variants also affect subcortical regions during infancy and
early childhood. The study was performed within the Generation R Study, a prospective birth
cohort. We calculated polygenic scores based on reported GWAS for volumes of the
accumbens, amygdala, brainstem, caudate nucleus, globus pallidus, putamen, and thalamus.
Participants underwent cranial ultrasound around 7 weeks of age (range: 3-20), and we
obtained metrics for the gangliothalamic ovoid, a predecessor of the basal ganglia.
Furthermore, the children participated in a magnetic resonance imaging (MRI) study around
the age of 10 years (range: 9-12). A total of 340 children had complete data at both
examinations. Polygenic scores primarily associated with their corresponding volumes at 10
years of age. The scores also moderately related to the diameter of the gangliothalamic ovoid
on cranial ultrasound. Mediation analysis showed that the genetic influence on subcortical
volumes at 10 years was only mediated for 16.5-17.6% of the total effect through the
gangliothalamic ovoid diameter at 7 weeks of age. Combined, these findings suggest that
previously identified genetic variants in adults are relevant for subcortical volumes during
early life, and that they affect both prenatal and postnatal development of the subcortical
regions.
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INTRODUCTION
Subcortical brain structures are a collection of diverse regions with a myriad of functions.
Subtle differences in these regions have been implicated in cognitive function, emotion
regulation and certain psychiatric disorders like schizophrenia and autism spectrum
disorder109-112. Like the rest of the brain2,113-115, the subcortex develops over a lifetime, with
emphasis on expansive growth during the prenatal period, reorganization during early life and
atrophy during late life. The development of subcortical regions is partly shaped by stochastic
events116 and by environmental factors such as early-life adverse events117-119. Subcortical
development is also strongly influenced by genetics, as the heritability has been estimated to
be around 60-80% for subcortical volumes120,121. Further elucidating the role of genetics in the
developmental trajectories of subcortical regions may in turn provide insight into the
functional consequences of the subcortex.
The strong heritability of subcortical volumes likely reflects the combined effect of weak
signals across the genome rather than a single gene. This was confirmed through genomewide association studies (GWAS)122, which aimed to establish associations between a given
phenotype and a wide range of markers of genomic variation such as single nucleotide
polymorphisms (SNPs). In 2015, Hibar and colleagues performed GWAS on the volumes of
several subcortical regions, and identified a total of seven SNPs that specifically related to the
volumes of either the putamen, the caudate nucleus or the hippocampus122. More recently
Satizabal and colleagues performed a GWAS in over 40,000 adults and extended the findings
to 25 genetic loci, potentially implicating 62 different genes11. These loci provide an
opportunity to further understand the genetic influences underlying subcortical development.
The GWAS informs about the genetic underpinnings of subcortical volumes, but its study
population consisted primarily of adults. It is not clear whether these findings would
generalize for studies on subcortical volumes during childhood or even infancy. The GWAS
likely captured signal that related to all aspects of changes in subcortical volumes, i.e., earlylife development, the height of the peak in subcortical volume and the degenerative processes
leading to a decline in volume with age. Furthermore, children may reach the same peak
subcortical volume during adulthood, but may do so at different rates, which would also
further diminish the value of the identified genetic markers in a pediatric population.
We therefore aimed to study two related questions. First, we aimed to study whether the
genetic markers that were identified during adulthood relate to subcortical volumes earlier in
life, i.e., infancy and early childhood. Second, if the genetic markers do associate with earlylife subcortical volumes, it remains unclear during which life phase the genetic effects
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primarily take place. Subcortical volumes during infancy likely correlate strongly to
subcortical volumes during early childhood. If the genetic effects mainly occur during fetal
development, then the associations would still carry over to early childhood. We would want
to study whether the genetic markers still associate with subcortical volumes during early
childhood when considering subcortical volumes during infancy.
Within this context, we aimed to study during which life phases the adult-derived genomic loci
are relevant. We performed the current study in the Generation R Study, a prospective birth
cohort based in Rotterdam, the Netherlands22. A subset of the children of Generation R was
invited for a cranial ultrasound around seven weeks of age. From these images we quantified
the gangliothalamic ovoid (GTO) diameter (GTOD), the diameter of a subcortical structure that
develops into the basal ganglia. At around ten years of age, the children were additionally
invited for an MRI scan of the brain. Next, we utilized a technique known as polygenic scores
(PGS), a score calculated based on GWAS results that quantifies a person’s genetic
predisposition for a trait, in this case the subcortical volumes. Within Generation R we
obtained genotypic information, and for each child we calculated PGS for each subcortical
region. We then assessed whether the PGS associated with the ultrasound metrics during
infancy and the MRI scan during childhood. Finally, to see whether the PGS associations with
subcortical volumes during childhood were mediated by the PGS associations with infant
subcortical volumes we formulated a causal mediation model. Importantly, the GTOD
measurement is coarser than the MRI measurements given that the GTOD is a diameter while
the MRI measurements are volumetric, like the original GWAS. While this will reduce the
accuracy to estimate the mediation, we do not expect systematic noise in the GTOD
measurement that could bias the estimation. Furthermore, the analysis should provide some
insight into whether the infant subcortical measures mediate the association between the PGS
and the childhood subcortical volumes.

METHODS
Study population
The study was conducted within the Generation R cohort, a prospective birth cohort based in
Rotterdam, the Netherlands22. At approximately seven weeks of age, a subset of the children
partook in cranial ultrasound measurements. At approximately ten years of age, most of these
children also visited the research center for MRI scans of the brain55. A flowchart of the sample
is shown in Figure 1. Out of 2,830 children of European ancestry and with genetic data
available, 576 had data on the seven-week ultrasound and 1,204 had data on the ten-year MRI.
In total, 340 children had data on both measures.
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Figure 1 | Flowchart of the study population.

Ethics statement
The study was approved by the Medical Ethical Committee of the Erasmus MC University
Medical Center in Rotterdam, and written informed consent was obtained from all primary
caregivers of the participants.

Genotyping and polygenic risk scores
All genotyping and quality control procedures have been described elsewhere123,124. Samples
were collected from cord blood at birth (Illumina 610K Quad Chip) or from venipuncture at a
visit to the research center at the age of around six years (Illumina 660K Quad Chip). The
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Illumina 610K and 660K samples were merged based on their overlapping SNPs. Quality
control was performed using PLINK (version 1.9)125. SNPs were removed if the minor allele
frequency was below 1%, the Hardy-Weinberg disequilibrium p-value below > 1 x 10-6 or a SNP
call rate of less than 98%. Individual data were removed in cases of genetic and phenotypic
sex mismatch, excess rates of homozygosity of the genotypes (> 4 standard deviations) and
genotype quality (> 5% missing). Pairs of individuals with identical genetic information but
who were not identical twins were removed, as they were likely samples that were processed
twice. For identical twins, the twin with the lower call rate was removed.
The current study was based on a GWAS on subcortical volumes11. The GWAS included 40,000
participants of predominantly European ancestry, and they did not overlap with the present
study sample. They performed a GWAS for each subcortical volume. We utilized the summary
statistics to calculate a PGS per subcortical region. PGS can be calculated by summing the
effect size of each SNP for a given person126. However, SNPs have proximal dependence and
tend to co-occur the closer they are to each other, a principle known as linkage disequilibrium
(LD). A common method to adjust for this is a sliding window approach, where the SNP with
the lowest p-value within that range is kept and all other SNPs are pruned. We used a more
refined method named LDpred126, which utilizes LD information from an external dataset to
improve prediction accuracy. Furthermore, different scores can be calculated depending on
the fraction P SNPs that are assumed to be causal. We used different values for the P
parameter: 1.0, 0.5, 0.1, 0.05, 0.01 and 0.005. The 1000 Genomes project was used as the
external LD dataset127. To account for the European ancestry in the original GWAS we
calculated the genomic components of our study population with the multi-dimensional
scaling function of PLINK124,125, and we subsequently selected participants of European
ancestry.

Ultrasound image acquisition and processing
Three-dimensional cranial ultrasound was performed at approximately seven weeks of postnatal age using a multifrequency electronic transducer (3.7-9.3 MHz) with a scan angle of 146°
(Voluson 730 Expert, GE Healthcare, Waukesha, WI, USA). The procedure has been described
elsewhere128,129. In brief, the probe was placed on the anterior fontanel. The volume box was
positioned at the level of the foramen of Monro, and a pyramid-shaped volume of brain tissue
was imaged. Images were subsequently used for measuring the GTOD (Figure 2A), which was
done by two trained raters. The reliability of the measurements was high (Cronbach's α = 0.83),
and thus the average of the diameters of the two raters were used for analysis.
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MRI Image acquisition and processing
The MRI imaging and image processing at the 10-year visit has been described elsewhere55. In
brief, structural brain images were obtained on a 3T GE Discovery MR750w MRI System
(General Electric, Milwaukee, WI, USA) using an 8-channel receive-only head coil. T1-weighted
images were obtained using an inversion recovery-prepared fast spoiled gradient recalled (IFSPGR) sequence (TR = 8.77 ms, TE = 3.4 ms, TI = 600 ms, flip angle = 10°, field of view = 220 x 220
mm, acquisition matrix = 220 x 220, slice thickness = 1 mm, number of slices = 230, bandwidth
= 25 kHz). The images were processed through the FreeSurfer analysis suite, version 6.0130.
After removal of non-brain tissue and normalizing voxel intensities for B1 homogeneities, the
images were segmented into prespecified cortical and subcortical regions, and their volumes
were determined. We extracted summary information on volume of the nucleus accumbens,
the amygdala, the brainstem, the caudate nucleus, the globus pallidus, the putamen, and the
thalamus (Figure 2B). We averaged the volume of the left and right hemispheric subcortical
structures as this was done in the original GWAS on subcortical volume as well and we did not
expect a lateralized effect.

Figure 2 | Visual representation of the subcortical structures under study. Panel A
shows how the gangliothalamic ovoid diameter was determined from the ultrasound at
seven weeks. Panel B displays the subcortical regions that were obtained from the MR
images at the ten-year visit. Panel C shows how we approximated a GTO-like volume using
the MR image data, i.e., by summing the volumes for the caudate nucleus, the globus
pallidus, the putamen, and the thalamus. The images were based on data from the MIDA
model145.
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Statistical analysis
The study focused on four sets of analyses. Analyses were performed using R, version 3.5.195.

Subcortical PGS and childhood MRI
In the first set of analyses, we used linear regression models to explore whether PGS for
subcortical regions associated with subcortical volumes obtained with MRI at around 10 years
of age. We first assessed whether PGS and volumes for the same region were associated
(within-region associations). Next, we considered whether PGS and volumes of differing
regions were associated (between-region associations). We created a separate linear
regression for each combination of PGS and subcortical volumes across all values for
parameter P, yielding 7 x 7 x 6 = 294 models. In each model, the PGS and the volumes were
standardized to increase comparability of the findings. Furthermore, to control for potential
confounding, we adjusted for age during the MRI (in years), intracranial volume (in ml), sex and
the first ten genomic components. To adjust for multiple testing, we applied a Bonferroni
correction to the 7 x 7 different models within a given parameter P. The PGS based on different
values for parameter P tended to correlate very strongly (median Pearson's r = 0.91), thus due
to the conservative nature of the Bonferroni correction, we did not additionally correct for
each parameter of P. The alpha level was thus set at 0.05 / 49 = 0.00102.

GTO PGS and infant US
For the second set of analyses, we used linear regression models to see whether the
subcortical PGS associated with GTOD as obtained from the ultrasound during infancy. As the
GTO is a combination of different subcortical regions, we created a PGS for the GTO by
summing the PGS of several regions together. Given that these subcortical regions differ in
size, we calculated a relative GTO PGS according to the following formula:
PGS(GTO) = 0.22 · PGS(caudate) + 0.10 · PGS(pallidus) + 0.28 · PGS(putamen) + 0.40 · PGS(thalamus)
The weights were obtained by considering the mean relative size of the subcortical regions as
obtained from the MRI around the age of 10 years, as we did not have information on the
relative size of these regions from the ultrasound during infancy. Like the first set of analyses,
the variables were standardized, and the models were corrected for gestational age at birth
(in weeks), age at ultrasound (in weeks), head circumference (in cm), sex and the first ten
genomic components. Given that only one analysis was performed per value for parameter P,
we did not apply correction for multiple testing and the alpha level was set at 0.05.
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GTO PGS and childhood MRI
As a third set of analyses, we wanted to assess whether the GTO PGS associated with the
equivalent of the GTO at age 10 years. We therefore calculated a GTO-like volume, where the
volumes of the caudate nucleus, the pallidi, the putamen and the thalami were summed
together (Figure 2C). Then, we used linear regression to assess the association between the
GTO PGS and this GTO-like volume. The models were specified similarly as the first set of
analyses. Given that only one analysis was performed per value for parameter P, we did not
apply correction for multiple testing and the alpha level was set at 0.05.

Mediation analyses
For the fourth set of analyses, we explored whether the associations between the PGS and the
subcortical volumes at 10 years of age were mediated by the GTOD during infancy. The genetic
loci captured by the PGS may drive both prenatal and postnatal effects on neurodevelopment.
Any relevance to prenatal development should be expressed by stronger associations
between a GTO PGS and the GTOD from the postnatal ultrasound at 7 weeks than the
association between a GTO PGS and the GTO-like volume from the MRI at 10 years. More
critically, if the PGS primarily affects postnatal development then the PGS should associate
with GTO-like volume from MRI at 10 years when also considering the GTOD from the postnatal
ultrasound at 7 weeks. We therefore created a causal mediation model with the GTO PGS as
the determinant, the GTOD from the 7-weeks postnatal ultrasound as the mediator and the
GTO-like volume at age ten as the outcome131. Causal mediation allows for estimation of the
relative contributions of the natural direct effect of determinant on the outcome and the
natural indirect effect that runs from the determinant to the outcome through the mediator.
The confidence intervals were estimated through nonparametric bootstrapping. Causal
mediation assumes that all confounding factors for the direct effect and the indirect effect are
accounted for. We therefore corrected for sex, age, intracranial volume and the first ten
genomic components when estimating the exposure-outcome association. For the mediatoroutcome association we additionally corrected for maternal education at birth of the child
(low, medium, or high) and birth weight of the child in grams. The analyses were performed
using the R `mediation` package132.

Samples used in the analyses
The main measurements – i.e., cord blood at birth or venipuncture at the research center,
postnatal ultrasound, and the MRI visit – were performed at very different phases of the
children's lives. In addition, the postnatal ultrasound was only administered in a subsample
of the whole Generation R Study. As such, the number of children with complete data was
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relatively small compared to the number of children that had genetic data and one of the two
imaging measures (Figure 1). The sample size therefore differs per analysis, with 1204 children
for the PGS-MRI associations, 576 children for the PGS-GTOD associations, and 340 children
for the PGS-MRI associations mediated by the GTOD.

Sensitivity analyses
Previous literature suggests that subcortical development differs between men and women,
with local differences in rate and variability independent from total brain size133-136. We
reanalyzed the PGS and MRI subcortical volume associations by adding an interaction term for
the different PGS and sex. Furthermore, we reanalyzed all associations using only the set of
340 children with complete data. Finally, to make the GTO-like volume more comparable to
the GTOD in the mediation analyses, we modeled the GTO-like volume to as a spherical volume
3 3v

to derive a diameter. The estimated diameter was defined as 2� , where v was the GTO-like
volume.

4π

To assure that the FreeSurfer subcortical segmentations were of good quality, each
subcortical structure segmentation was visually inspected in 929 of the 1201 children 137. Most
regions had >98% children with sufficient quality, except for the caudate (94.4%), the putamen
(88.3%) and the pallidum (90.9%). We therefore performed stringent sensitivity analyses
where children were only included if their subcortical segmentation had been assessed, and if
they passed quality assessment for all regions, i.e., 761 out of 929 children. In the 340 children
with both ultrasound and MRI data, 272 had their segmentation quality rated, and of those 219
had sufficient segmentation quality to be included in the sensitivity analysis.

RESULTS
Characteristics of the study population
The population characteristics are displayed in Table 1. In the whole study population, the
cranial ultrasound took place at a mean age of 6.8 (SD = 1.8) weeks, with a mean head
circumference of 38.6 (SD = 1.5) cm and a mean GTOD of 4.3 (SD = 0.2) cm. Participants on
average were 10.2 (SD = 0.6) years of age during the MRI scan, with a mean intracranial volume
of 1540 (SD = 138) ml. PGS at different parameter P values for any given region were highly
correlated (median Pearson’s r = 0.91) (Supplementary Figure 1), also in those with only
complete data (Supplementary Figure 2).
Participants with complete data did not differ from participants with data on only MRI
characteristics. However, compared to participants with only ultrasound they were slightly
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Table 1 | Characteristics of the study population. The values represent the means and
standard deviations unless stated otherwise.
Partial data set

Complete data set

(n = 1430)

(n = 340)

Gender, boy (n, %)

730 (51.0%)

169 (49.7%)

Gestational age at birth (weeks)

40.1 (1.6)

40.2 (1.5)

Birth weight (g)a

3533 (524)

3530 (510)

Maternal age at birth (years)a

32.1 (4.0)

32.2 (3.9)

Low

118 (8.4%)

29 (8.6%)

Middle

321 (22.8%)

69 (20.5%)

High

966 (68.8%)

238 (70.8%)

Ultrasound (n)

566

340

Age (weeks)

6.8 (1.8)

6.5 (1.6)

Head circumference (cm)

38.6 (1.5)

38.5 (1.5)

GTO diameter (cm)

4.3 (0.2)

4.3 (0.2)

Magnetic resonance imaging (n)

1201

340

Age (years)

10.2 (0.6)

10.2 (0.6)

Intracranial volume (ml)

1540 (138)

1531 (138)

Accumbens nucleus volume (ml)

1.4 (0.2)

1.4 (0.2)

Amygdala volume (ml)

3.6 (0.4)

3.6 (0.4)

Brainstem volume (ml)

18.9 (1.8)

18.9 (1.7)

Caudate nucleus volume (ml)

8.3 (1.0)

8.2 (0.9)

Globus pallidus volume (ml)

3.9 (0.4)

3.9 (0.4)

Putamen volume (ml)

10.8 (1.1)

10.8 (1.1)

Thalamus volume (ml)

15.2 (1.3)

15.1 (1.3)

General characteristics

Maternal education at birth (n, %)

a

a

= These variables are not included in the analyses but are used to show the differences between the partial and

complete sets.

younger (mean difference = 0.3 weeks, p < 0.001) and had a smaller head circumference (mean
difference = 0.1 cm, p = 0.016).

Subcortical volume PGS and childhood MRI
The volumes of all regions were correlated, with most Pearson’s r values ranging between 0.4
and 0.6 (Supplementary Figure 3). The region-specific associations between the PGS and
mean volumes are shown in Figure 3. All regional volumes were significantly associated with
their PGS, with the strongest associations in the putamen (β = 0.207, 95% CI = [0.162; 0.252],
ΔR2 = 4.7%) and the brainstem (β = 0.205, 95% CI = [0.167; 0.243], ΔR2 = 4.5%). Most importantly,
the associations for all regions were generally constant across different values for parameter

71

Chapter 3.1

Figure 3 | The beta coefficients for the association between subcortical PGS and the
brain. The colored bars represent the different values for the P parameter for LDpred. (A)
shows the results for PGS and their associated regions during early childhood. (B) shows the
associations for the GTO PGS and the corresponding measures from ultrasound and MRI. Acc
= accumbens; Amg = amygdala; BrS = brainstem; Cau = caudate nucleus; MRI = magnetic
resonance imaging; Pld = pallidus; Put = putamen; Thl = thalamus; US = ultrasound.

P. The interaction term of PGS with sex was not significant in any of the associations. The
correlations were similar in the children with only complete data (Supplementary Figure 4).
Region-nonspecific associations are shown in Figure 4 and Supplementary Table 1 for PGS
based on all parameters P. After Bonferroni correction only 3 to 4 out of 42 region-nonspecific
associations reached statistical significance across parameter P values, compared to 7 out of
7 for the region-specific associations. Two of the region-nonspecific associations that were
statistically significant for all parameter P values were located within the globus pallidus and
the putamen (both p < .001), which are neighboring regions. Sensitivity analyses showed that
the pattern of associations generally remained similar after excluding participants with lower
region-specific segmentation quality and those without segmentation quality ratings
(Supplementary Figure 5). However, the region-specific association between the PGS and
volume of the nucleus accumbens did not reach statistical significance anymore in all but the
parameter P = 0.05 level. In children with only complete data only the region-specific
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associations were statistically significant, and the accumbens and pallidus associations did
not reach statistical significance at any level of parameter P (Supplementary Figure 6).
Similar patterns emerged in children with only complete data after excluding those with poor
image segmentation quality and those without segmentation quality ratings (Supplementary
Figure 7).

GTO PGS as a predictor for infant US and childhood MRI
We constructed a GTO PGS by combining the scores for the caudate nucleus, the putamen, the
globus pallidus and the thalamus. We further combined the volumes of these regions as
obtained from the MR images at ten years to approximate a GTO-like volume. As Figure 3B
and Supplementary Table 2 show, the GTO PGS at all levels of parameter P seemed to
associate with similar effect size to the GTOD and the GTO-like volume from childhood MRI.
For example, at parameter P = 1.00 one standard deviation increase in the PGS led to a 0.105
(95% CI = [0.039; 0.171]) increase in standardized GTOD and 0.124 (95% CI = [0.091; 0.157])
increase in standardized GTO-like volume.

Figure 4 | Heatmaps for associations between the subcortical PGS and the MRI-based
subcortical volumes. Each heatmap corresponds to a different value for parameter P. The
rows represent the PGS. Columns represent the standardized volumes for the subcortical
regions as obtained from the MRI segmentations. The associations were Bonferroni
corrected. Acc = accumbens; Amg = amygdala; BrS = brainstem; Cau = caudate nucleus;
Pld = pallidus; Put = putamen; Thl = thalamus; Vol = volume. * p-value < 0.05; ** p-value <
0.01; *** p-value < 0.001.
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The GTOD from ultrasound also related to the GTO-like volume from childhood MRI, with each
standard deviation increase in GTOD associating with a 0.27 standardized increase in GTO-like
volume (95% CI = [0.17; 0.36], ΔR2 = 3.9%).

Mediation analyses
To assess the relative contribution of the GTO PGS to GTOD and the GTO-like volume we
constructed a causal mediation model. The results for the mediation analyses at all parameter
P values are shown in Table 2. We found that the effect of the combined PGS on the estimated
GTO volume at ten years of age was partly mediated by the GTOD at seven weeks of age at
parameter P = 0.05 and higher. At those thresholds, the natural direct effect ranged between
82.4% and 83.5%, and the natural indirect effect between 16.5% and 17.6%. Substituting the
GTO-like volume for its estimated diameter did not attenuate or change the results, with the
proportion of the mediated effect increasing by less than 0.5% for all parameter P values
(Supplementary Table 3).

Table 2 | Results for the mediation analyses. The percentages represent the proportions
of the natural direct effect and the natural indirect, i.e., mediated, effect.
Parameter P

Direct effect (95% CI)

Indirect effect (95% CI)

p-value

0.005

87.4% (67.4 – 100.0)

12.6% (0.0 – 32.6)

.134

0.010

85.9% (68.4 – 100.0)

14.1% (0.0 – 31.6)

.058

0.050

83.5% (60.7 – 97.8)

16.5% (2.2 – 39.3)

.018

0.100

83.0% (61.4 – 97.7)

17.0% (2.3 – 38.6)

.028

0.500

82.5% (59.8 – 98.0)

17.5% (2.0 – 40.2)

.036

1.000

82.4% (58.7 – 97.5)

17.6% (2.5 – 41.3)

.028

DISCUSSION
The genetic loci related to subcortical volumes in an adult sample also associate with
subcortical volume during infancy and early childhood. Furthermore, the associations during
early childhood are partly independent from those during infancy, suggesting that the
previously identified loci affect both prenatal and postnatal development.
The region-specific PGS primarily associated with the region-specific volumes from MRI and
had limited associations with other regions. The previously identified genetic loci therefore
generalize to earlier life phases, even infancy, and could aid in predictions based on
subcortical volumes. The coefficients obtained from the analyses may be considered modest
in size. In general, a standard deviation change in the PGS only led to about 0.1 standard
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deviations increase in the associated subcortical volume. Interestingly, this effect was similar
to the effect size of sex and the effect size of a year increase in age in the early childhood MRI.
In addition, PGS tend to have effect sizes around this magnitude138. This suggests that the PGS
did capture a relevant effect in prediction of subcortical volume in childhood.
The mediation analysis suggested that the genetic effects on subcortical volumes during
infancy only explain a relatively small part of the volumes during early childhood. A theoretical
consideration is that the analyses were adjusted for global scale, i.e., head circumference
during infancy and intracranial volume during early childhood, which was also done in the
original GWAS11. The analyses therefore focus on the relative size of subcortical regions.
Combined, this implies that the genetic scores capture a change in the relative subcortical
volumes that occurs during early childhood, that is at least partly independent of the volumes
during infancy. Little is known, however, about growth trajectories of subcortical volume
relative to intracranial volume during early life. A study of 48 postmortem fetal brains found
that the deep nuclei – which roughly correspond to the subcortical regions of interest – did not
increase in size relative to the supratentorial volume between gestational weeks 20 to 31139.
By contrast, a study by the ENIGMA consortium showed that the subcortical volumes corrected
for intracranial volume rapidly change particularly during early childhood140. Further work is
needed to study whether and how trajectories of prenatal subcortical volumes relate to
postnatal trajectories, and how the underlying genetic mechanisms differ.
Another explanation for the relatively weak mediating effect relates to individual differences
in brain development. Subcortical volumes during early childhood may already relate very
closely to the peak volumes as seen during adulthood, given that the brain reaches its
maximum size at approximately 10 to 12 years of age141,142. However, individuals reach these
end states of development at different rates133,143. Individuals who reach the same peak
volume may do so at very different ages due to differences in developmental rates during in
utero and early childhood. Studying regional brain volumes during infancy may therefore be
confounded by differences in developmental trajectories that are perhaps driven by different
genetic mechanisms, thus leading to an underestimation of the mediating effect. These
differences in developmental trajectories may be amplified in subcortical regions like the
thalamus, which develop throughout adolescence and reach their peak volume during
adulthood144. Further work on infant brain development is needed to address these questions.
The study had several limitations. First, the original GWAS were based on MRI data whereas
the imaging during infancy was done using cranial ultrasound. These methods have vastly
different levels of precision, with the ultrasound potentially suffering from more measurement
error compared to the MRI. In addition, the ultrasound data focused on the GTO, which does
not have a proper equivalent structure in the MRI analyses and the GWAS. These differences in
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measurement error and region of interest have likely led to an underestimation of the
mediating effect of subcortical volumes during infancy. Second, the exclusion of those
genetically classified as non-European leads to a severe reduction in sample size and further
limits the generalizability of the findings. Third, the sample with complete data was only about
a quarter of the sample with useable data. We tried to account for this limitation by also
showing the analyses for both datasets, and we further showed that the characteristics of the
samples and the effect sizes of each model are comparable. Fourth, any residual confounding
in the mediation analysis may lead to overestimation of the mediating effect131. We corrected
for educational attainment of the mother and birth weight of the child in the association
between infant and early childhood GTO volume, but other confounders could still be
unaccounted for. Fifth, the GWAS on subcortical volumes focused on SNPs, which cover only
part of the genetic variation between individuals. If all genetic variation underlying subcortical
volumes could be captures in a score, then the identified associations may have been
different. However, given the low prevalence of other sources of genetic variation – like indels
and copy-number variants – it would require massive sample sizes to identify those. Our study
also benefitted from a number of strengths. As the sample size was reasonably large, the
statistical power was high enough to detect relatively small effects. For example, for the
associations between the PGS and early childhood MRI volumes, the a priori power to detect
2% explained variance on top of the base model was 98.1% for unadjusted analyses and 78.8%
for the Bonferroni adjusted analyses. Finally, the Generation R study provided a unique sample
with prospectively collected neuroimaging during infancy and childhood.
In conclusion, we established that genetic variants that were found to be related to subcortical
volume during adulthood also relate to subcortical volume during infancy and early
childhood. We further showed that these effects are partly independent, suggesting that the
genetic loci may modulate specific stages of postnatal development.

Data availability statement
The data used in this study will not be made publicly available due to legal and informed
consent restrictions. Reasonable requests for access to the data can be directed to the Director
of the Generation R Study, Vincent Jaddoe (generationr@erasmusmc.nl), in accordance with
the local, national and European Union regulations.
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ABSTRACT
Background
Genetics play a significant role in the etiology of late-life neurodegenerative diseases like
Alzheimer's disease, Parkinson's disease, and frontotemporal dementia. Part of the individual
differences in risk for these diseases can be traced back decades before the onset of disease
symptoms. Previous studies have shown evidence for plausible links of apolipoprotein E
(APOE), the most important genetic marker for Alzheimer's disease, with early-life cognition
and neuroimaging markers. We aimed to assess whether genome-wide genetic burden for the
aforementioned neurodegenerative diseases plays a role in early-life processes.

Methods
We studied children from the Generation R Study, a prospective birth cohort. APOE genotypes
and polygenic genetic burdens for Alzheimer's disease, Parkinson's disease, and
frontotemporal dementia were obtained through genome-wide genotyping. Non-verbal
intelligence was assessed through cognitive tests at the research center around the age of 6
years, and educational attainment through a national school performance test around the age
of 11 years. The Child Behavior Checklist was administered around the age of 10 years, and
data from the anxious/depressed, withdrawn/depressed, and the internalizing behavior
problems scales were used. Children participated in a neuroimaging study when they were 10
years old, in which structural brain metrics were obtained. Lipid serum profiles, which may be
influenced by APOE genotype, were assessed from venal blood obtained around the age of 6
years. The sample size per analysis varied between 1,641 and 3,650 children due to
completeness of data.

Result
We did not find evidence that APOE genotype or the polygenic scores impact on childhood
nonverbal intelligence, educational attainment, internalizing behavior, and global brain
structural measures including total brain volume and whole brain fractional anisotropy (all p
> 0.05). Carriership of the APOE ε2 allele was associated with lower and APOE ε4 with higher
low-density lipoprotein cholesterol concentrations when compared to APOE ε3/ε3 carriers.

Conclusion
We found no evidence that genetic burden for late-life neurodegenerative diseases associates
with early-life cognition, internalizing behavior, or global brain structure.
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INTRODUCTION
Genetic factors play a significant role in the etiology of late-life neurodegenerative diseases
like Alzheimer's disease (AD)16,146, Parkinson's disease (PD)147 and frontotemporal dementia
(FTD)148. With the exception of rare Mendelian forms of diseases, cases arise due to
multifactorial processes where many genetic variants confer risk of neurodegeneration, in
combination with non-genetic factors. The clinical onset of the aforementioned diseases
tends to be preceded by years of deterioration of cognition and brain structure149-151 as well as
an increased incidence of depressive and psychiatric symptoms152-154. For AD, these differences
may even extend decades before the onset of disease37,155,156, which could partly be explained
by individual differences in the genetic burden for AD. As the genome is stable throughout life,
the genes implicated in late-life neurodegenerative disease may already lead to subtle
differences during childhood.
The apolipoprotein E epsilon 4 allele (APOE ɛ4) is the strongest common genetic variant for
AD157-159. The APOE gene plays a role in lipoprotein metabolism, and has been shown to affect
lipid serum profiles during adulthood160-164, and potentially during childhood165,166. As APOE
also increases the risk for AD, its role in early-life cognition and brain markers has also been
studied. The studies on APOE ɛ4 and cognition during adolescence and early adulthood have
reported mixed results, with some reporting lower cognitive function, some higher, and most
reporting no difference167. Additionally, a number of studies showed that APOE ɛ4 may relate
to lower brain volumes during infancy and childhood, particularly in regions affected in AD
such as the hippocampus168-173. Overall, APOE ɛ4 may associate with early-life processes, but
this needs to be elucidated further.
With the advent of genome-wide association studies (GWAS) there has been an increase in the
number of genes identified for neurodegenerative disease. GWAS has led to the discovery of
at least 30 new genetic loci for AD16,146, at least genetic 24 loci for PD147 and at least three loci
for FTD148. The disease burden per locus can be combined into a single score, known as
polygenic risk scores (PGRS), to assess the genetic burden a person has for that disease174. The
genetic burden for AD, PD and FTD may relate to early-life processes, which can be studied
using PGRS. However, few studies exist that assesses the effect of such PGRS on early-life
markers.
To obtain a more comprehensive overview of the relevance in early-life of genes related to
late-life neurodegenerative disease we performed a comprehensive study within the
Generation R birth cohort. We assessed the APOE genotype and created PGRS for AD, PD and
FTD. Given the existing literature we hypothesized that these genetic predispositions to late-
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life neurodegenerative disorders associate with early-life non-verbal intelligence quotient
(IQ), educational attainment, internalizing behavior, and neuroimaging markers, and that
APOE and the AD PGRS associate with lipid profiles.

METHODS
Participants
The data was obtained from the Generation R cohort, a prospective birth cohort based in
Rotterdam, The Netherlands22. Pregnant women in Rotterdam were at their first prenatal visit
approached to participate. A total of 9,901 children were born as part of the Generation R
cohort and were invited to participate in questionnaires and research center visits beginning
in 2002 to the present day.
DNA was sequenced from blood obtained from the umbilical cord or with blood samples
collected around 6 years of age, and genetic data was available for 5725 children. In the case
of sibling pairs (n = 235 pairs) we included the oldest sibling. This led to a sample of 5490
children. The focus of the current study was on cognitive function, brain structure and blood
lipid profiles. Non-verbal IQ was measured at approximately 6 years (n = 3650) and educational
attainment at 11 years of age (n = 1641). The Childhood Behavior Checklist (CBCL) was
administered around the age of 10 years with data for the anxious/depressed scale (n = 1867),
the withdrawn/depressed scale (n = 1862) and the internalizing problems scale (n = 1859) used
for this study. Magnetic resonance imaging (MRI) of the brain was done when the children were
approximately 10 years of age, collecting both T1-weighted (n = 1962) and diffusion-weighted
images (n = 1832). Blood lipid profiles were determined with blood samples obtained around
the age of 6 years (n = 2749). A flow chart of the study population is shown in Supplementary
Figure 1.

Ethics Statement
The study was conducted in accordance with the guidelines as proposed in the World Medical
Association Declaration of Helsinki and was approved by the Medical Ethics Committee of the
Erasmus MC (registration number MEC 02.1015). Written informed consent was obtained from
primary caregivers on behalf of the child.

Genotyping, APOE ɛ4 and PGRS
DNA sample collection, genotype calling procedures and subsequent quality control have
been described elsewhere123,124. In brief, samples were either collected from cord blood at birth
(Illumina 610K Quad Chip) or from venipuncture at a visit to the research center when children
were between the age of 5 till 8 years (Illumina 660K Quad Chip). Single nucleotide
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polymorphisms were filtered for minor allele frequency < 0.01, Hardy-Weinberg disequilibrium
p < .00001 and missing rate > 0.05. To be able to account for population stratification, we
calculated the first ten genomic components using the multi-dimensional scaling function of
PLINK124,125.
APOE carriership status was assessed from the genotyped data and based on the nucleotide
combinations of two single nucleotide polymorphisms: rs429348 and rs7412. A thymine at
both locations is classified as APOE ɛ2, one thymine and one cytosine as APOE ɛ1 or APOE ɛ3,
and both cytosines as APOE ɛ4. As APOE ɛ1 and APOE ɛ3 cannot be distinguished we classified
both as APOE ɛ3. We considered APOE ɛ3/ɛ3 to be the reference category as this is the most
prevalent genotype.
PGRS for AD, PD and FTD were calculated using PRSice-2175 . The scores were based on
summary statistics from the largest GWA studies for each respective neurodegenerative
disease147,148,176. PGRS are generally calculated for different thresholds of statistical
significance in the summary statistics. As we did not have an a priori hypothesis on the optimal
threshold, we calculated PGRS based on single nucleotide polymorphisms below the following
p-value thresholds: 0.000001, 0.000005, 0.00001, 0.000005, 0.00001, 0.00005, 0.0001, 0.0005,
0.01, 0.05, 0.1, 0.5 and 1.0. Strand flips were corrected, and we used clumping to build the score
using independent loci.

Non-verbal IQ and educational attainment
Two measures for cognitive function were available. The first was an assessment of non-verbal
IQ at the research visit around the age of 6 years. Participants completed two subtests of the
Snijders-Oomen Non-verbal Intelligence Test-Revised (SON-R 2½-7)177: "Mosaics", a spatial
visualization task, and "Categories", an abstract reasoning task. The raw scores were
converted to IQ scores using age and sex-specific norms. As both tasks specifically assess nonverbal cognition, we considered these scores as non-verbal IQ scores. The correlation between
IQ derived from the whole test battery and IQ derived from just the “Mosaics” and “Categories”
tests has been shown to be high (r = 0.86)178.
The measure of cognitive function was the educational attainment score obtained at the age
of 11 years. The 'Centraal Instituut voor Toetsontwikkeling' (CITO) test is administered in the
majority primary schools in The Netherlands and is completed during the final year of primary
school. The CITO test generally consists of two main skill domains: language and mathematics.
The raw test scores for both domains were obtained for most Generation R children that took
the CITO test during the years 2014 to 2017 and that were still part of Generation R at the time.
As the test difficulty tends to vary slightly each year we summed the raw domain scores to a
total score for each child, standardized the scores for all children within a given year and finally
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combined the stratified distributions into one distribution. This method yielded standardized
scores that were comparable across testing years.

Child Behavior Checklist
Behavioral problems were assessed using the CBCL for ages 6 to 18179. The CBCL is a validated
and reliable 113-item inventory that uses caregiver-reported information to assess behavioral
problems in children. The procedure and specific characteristics for Generation R have been
described elsewhere55. For this study we considered mother-reported data on the
anxious/depressed, the withdrawn/depressed and the internalizing problems scales.

Image acquisition and processing
Image acquisition has been described elsewhere55. In brief, structural brain MR images were
obtained on a single 3T GE Discovery MR750w MRI System (General Electric, Milwaukee, WI,
USA) utilizing an 8-channel receive-only head coil. T1-weighted images were collected using a
3D inversion recovery-prepared fast spoiled gradient recalled sequence (TR = 8.77 ms, TE = 3.4
ms, TI = 600 ms, flip angle = 10°, Field of view = 220 x 220 mm, Acquisition matrix = 220 x 220,
slice thickness = 1 mm, number of slices = 230, bandwidth = 25 kHz). Diffusion-weighted
images consisted of 3 b0 volumes and 35 diffusion directions using an echo planar imaging
sequence (TR = 12,500 ms, TE = 72 ms, Field of view = 240 x 240 mm, Acquisition matrix = 120 x
120, slice thickness = 2 mm, number of slices = 65, b = 900 s/mm2).
T1-weighted images were processed through the FreeSurfer analysis suite, version 6.0.088. The
procedure has been described elsewhere180. Briefly, non-brain tissue was removed, voxel
intensities were normalized for B1 inhomogeneity, whole-brain tissue segmentation was
performed, and a surface-based model of the cortex was reconstructed. For each participant
we obtained metrics for total brain volume, cortical gray matter volume, cerebrospinal fluid
volume and mean cortical thickness. For analyses of APOE status and the AD PGRS we
additionally focused on volumes of the hippocampus, the entorhinal cortex, the middle
temporal gyrus and the parahippocampal gyrus. For the PD PGRS we also considered volumes
of the nucleus accumbens, the caudate nucleus, the globus pallidi and the putamen. Finally,
for the FTD PGRS we also looked at the frontal and the temporal lobes, and in particular the
volume, the mean thickness, and the surface area. For all lateralized structures we took the
mean of both sides.
DTI images were processed through the FMRIB Software Library (FSL), version 5.0.9181. The full
procedure is described elsewhere180. Briefly, non-brain tissue was removed and images were
corrected for eddy-current artifacts and translations/rotations resulting from head motion.
Diffusion tensors were fitted at each voxel using the RESTORE method from the Camino
diffusion MRI toolkit182. We further performed probabilistic white matter fiber tractography in
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native space for each participant using the FSL plugin AutoPtx to identify connectivity
distributions of a number of well-known fiber bundles183. Average fractional anisotropy and
mean diffusivity values were then computed for each white matter tract. Global measures for
fractional anisotropy and mean diffusivity were obtained by performing factor analyses on the
tract-specific values184.

Lipid profiles
Lipid profiles of the children were assessed from venous blood acquired during the research
visits around the age of 6 years after a thirty minute fast. Serum total cholesterol, high-density
lipoprotein cholesterol (HDL-c) and triglyceride concentrations were derived with the Roche
Cobas 8000 analyzer (Roche Diagnostics GmbH, Penzburg, Germany), and low-density
lipoprotein cholesterol (LDL-c) was estimated using the Friedewald equation185. We
considered these lipids in relation to APOE status and the AD PGRS as the APOE gene plays a
significant role in lipid metabolism186, whereas we did not have such a prior expectation for PD
and FTD.

Statistical Analysis
Statistical analyses were performed with the R statistical package, version 3.5.295. We used
multiple linear regression for all outcomes, correcting for age at outcome measurement, sex
of the child, maternal education (low, intermediate, or high) and the first ten genomic
components. The latter was done to take into account the underlying genetic structure of the
population. The serum lipid models were additionally adjusted for body mass index (BMI) at
the time of the venous puncture. The volumetric neuroimaging models, i.e., cortical volume,
CSF volume and the disease-specific regional brain volumes, were additionally adjusted for
total brain volume. Furthermore, we applied square-root transformations to the CBCL scales
to better satisfy the linearity assumption of linear regression.
Polygenic burden may only affect those whose burden is above a certain threshold, thus
leading to non-linearity of an association. We assessed this through two approaches: [1]
dichotomization of the top PGRS decile versus the rest of the population, [2] fitting restrictive
cubic splines on the PGRSs to assess any non-linearity in the association.
Use of PGRS in the Generation R Study requires a critical consideration of ethnicity. The GWAS
from which we used the summary statistics were based on populations of European ancestry.
Findings from GWAS and by extension PGRS are specific to the ethnicity of the original study
population. The Generation R Study is based in the city of Rotterdam, where about half of all
individuals are of non-European ancestry. We focused our main findings on the complete
population, but we additionally stratified our analyses for European ancestry to check for any
effects related specifically to ethnicity. We additionally performed sensitivity analyses where
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we did not correct for the first ten genomic components, to see whether improper correction
for population stratification is relevant for studies on APOE and studies on AD, PD, and FTD
PGRS187.

Table 1 | Characteristics of the study population.
Characteristics

All

European

Non-European

ancestry

ancestry

(N = 5490)

(N = 2651)

(N = 2839)

ɛ2/ɛ2

0.5

0.5

0.6

ɛ2/ɛ3

11.5

10.4

12.6

ɛ2/ɛ4

2.3

2.5

2.1

ɛ3/ɛ3

64.9

60.6

69.0

ɛ3/ɛ4

19.1

21.6

16.8

ɛ4/ɛ4

1.6

2.2

1.1

non-verbal IQ (mean, SD)

101 (15)

105 (14)

97 (15)

Total cholesterol (mean, SD) (mmol/L)

4.2 (0.6)

4.2 (0.6)

4.3 (0.7)

HDL-c (mean, SD) (mmol/L)

1.3 (0.3)

1.3 (0.3)

1.4 (0.3)

LDL-c (mean, SD) (mmol/L)

2.4 (0.6)

2.3 (0.6)

2.4 (0.6)

Triglyceridesa (geometric mean, SD) (mmol/L)

1.0 (0.5)

1.1 (0.5)

1.5 (0.5)

CITO score, standardized (mean, SD)

0.0 (1.0)

0.2 (0.9)

-0.3 (1.1)

Total brain volume (mean, SD) (cm3)

1200 (118)

1225 (113)

1168 (116)

Cortical volume (mean, SD) (cm3)

574 (59)

588 (56)

556 (59)

Cerebrospinal fluid volume (mean, SD) (cm3)

0.9 (0.2)

0.9 (0.2)

0.9 (0.2)

Mean cortical thickness (mean, SD) (mm)

2.67 (0.08)

2.68 (0.08)

2.67 (0.08)

APOE genotype (%)

Visit around 6 years

Visits at 10 and 11 years

Global FA, standardized (mean, SD)

0.00 (1.00)

0.11 (0.97)

-0.15 (1.02)

Global MD, standardized (mean, SD)

0.00 (1.00)

-0.03 (0.98)

0.04 (1.03)

Anxious/depressed scale (mean, SD)

2.2 (2.7)

2.2 (2.7)

2.2 (2.6)

Withdrawn/depressed scale (mean, SD)

1.1 (1.6)

1.1 (1.5)

1.1 (1.8)

Internalizing problems scale (mean, SD)

4.7 (5.0)

4.5 (4.8)

5.1 (5.4)

APOE = apolipoprotein epsilon; FA = fractional anisotropy; HDL-c = high density lipoprotein cholesterol; IQ = intelligence
quotient; LDL-c = low density lipoprotein cholesterol; MD = mean diffusivity.
a

Triglyceride serum values were log-transformed.
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Multiple testing correction was considered on three levels: [1] the PGRS for AD, PD or FTD, [2]
the PGRS thresholds, and [3] the outcome measures. We did not expect dependence amongst
the PGRS of the neurodegenerative diseases. Therefore, we applied a Bonferroni correction
across AD, PD and FTD. As the PGRS thresholds were strongly intercorrelated as well as some
of the outcome measures, we applied a False Discovery Rate (FDR) correction within a given
disease. The p-values reported below are those after the FDR correction.

Data availability statement
The datasets for this manuscript are not automatically publicly available due to legal and
informed consent restrictions. Reasonable requests to access the datasets should be directed
to the Director of the Generation R Study, Vincent Jaddoe (v.jaddoe@erasmusmc.nl), in
accordance with the local, national and European Union regulations.

RESULTS
Population characteristics
Table 1 shows the characteristics of the total study population and stratified by European
ancestry and non-European ancestry. Overall, the most common APOE genotypes were ɛ3/ɛ3
(64.9%), ɛ2/ɛ3 (11.5%) and ɛ3/ɛ4 (19.1%), whereas the other genotypes were much less
common, i.e., ɛ2/ɛ2 (0.5%), ɛ2/ɛ4 (2.3%) and ɛ4/ɛ4 (1.6%). These numbers were similar for
those with European and non-European ancestry.

APOE and PGRS for AD
Figure 1-2 display the results of the associations of all relevant outcomes with APOE genotype
and AD PGRS, respectively. Neither APOE genotype nor any AD PGRS associated with nonverbal IQ during the six-year visit or the CITO score at 11 years (all pcorrected > 0.05). The APOE
genotype and AD PGRS also did not relate to global brain metrics such as total brain volume
and CSF volume, nor with the connectivity metrics global fractional anisotropy and mean
diffusivity (all pcorrected > 0.05). APOE genotype and the AD PGRS also did not associate with
region-specific metrics for the hippocampus, the entorhinal cortex, the medial temporal gyrus
and the parahippocampal region. Finally, APOE genotype and AD PGRS did not show any
statistically significant associations with the CBCL scales anxious/depressed or
withdrawn/depressed, nor with the internalizing problems scale (all pcorrected > 0.05).
The APOE genotype associated with serum lipid profiles. Compared to the APOE ɛ3/ɛ3
genotype, those with APOE ɛ2/ɛ3 had lower total cholesterol concentrations (β = -0.32, SE =
0.06, pcorrected < 0.001), lower LDL-c concentrations (β = -0.57, SE = 0.06, pcorrected < 0.001) and
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Figure 1 | Heatmap showing the regression coefficients between APOE genotype and
all phenotypes. The E3/3 genotype is used as a reference for the other genotypes. All
coefficients are standardized. The reported p-values were corrected for multiple testing.
IQ = Intelligence Quotient; CBCL = Child Behavior Checklist; HDL = high-density
lipoprotein; LDL = low-density lipoprotein; CSF = cerebrospinal fluid; FA = fractional
anisotropy; MD = mean diffusivity; * = 0.05; ** = 0.01; *** = 0.001.

higher HDL-c concentrations (β = 0.22, SE = 0.06, pcorrected = 0.01). The APOE ɛ2/ɛ2 followed the
exact same pattern but with even larger differences.
Compared to the APOE ɛ3/ɛ3 genotype those with ɛ3/ɛ4 had higher total cholesterol
concentrations (β = 0.19, SE = 0.05, pcorrected = 0.003), higher LDL-c concentrations (β = 0.16, SE
= 0.05, pcorrected < 0.001) and lower HDL-c concentrations (β = 0.26, SE = 0.05, pcorrected = 0.02).
These differences were similar and larger when comparing the APOE ɛ3/ɛ3 genotype with the
APOE ɛ4/ɛ4 genotype.
Triglycerides were higher in all genotypes compared to APOE ɛ3/ɛ3, although none of these
were statistically significance (all pcorrected > 0.05).
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Figure 2 | Heatmap showing the regression coefficients between the AD PGRS and all
phenotypes. Each score is based on a different threshold for inclusion of SNPs into the
score. All coefficients are standardized. The reported p-values were corrected for multiple
testing. IQ = Intelligence Quotient; CBCL = Child Behavior Checklist; HDL = high-density
lipoprotein; LDL = low-density lipoprotein; CSF = cerebrospinal fluid; FA = fractional
anisotropy; MD = mean diffusivity; * = 0.05; ** = 0.01; *** = 0.001.

The AD PGRS also associated with serum lipid profiles, but only at stricter PGRS thresholds,
i.e., PGRS thresholds below 0.001. However, these associations disappeared upon including
the APOE genotype as a covariate (all pcorrected > 0.05). Furthermore, the results did not differ
when using the top-decile PGRS dichotomization rather than the continuous PGRS, or when
modeling cubic splines.

PGRS for PD and FTD
The results for the PD and FTD PGRS are shown in Figures 3-4, respectively. We found no
support for associations of scores at any threshold with non-verbal IQ, educational
attainment, internalizing behavior scales or neuroimaging markers. Furthermore, we did not
find evidence for associations of the PD scores with the volumes of the nucleus accumbens (ß
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Figure 3 | Heatmap showing the regression coefficients between the PD PGRS and all
phenotypes. Each score is based on a different threshold for inclusion of SNPs into the
score. All coefficients are standardized. The reported p-values were corrected for multiple
testing. IQ = Intelligence Quotient; CBCL = Child Behavior Checklist; HDL = high-density
lipoprotein; LDL = low-density lipoprotein; CSF = cerebrospinal fluid; FA = fractional
anisotropy; MD = mean diffusivity; * = 0.05; ** = 0.01; *** = 0.001.

for PGRS at 0.05 threshold = -0.08, SE0.05 = 0.12, pcorrected = 1.00), the caudate nucleus (ß0.05 = 0.03,
SE0.05 = 0.12, pcorrected = 1.00), the globus pallidus (ß0.05 = -0.07, SE0.05 = 0.13, pcorrected = 1.00) or the
putamen (ß0.05 = -0.13, SE0.05 = 0.12, pcorrected = 1.00). Similarly, we did not observe any
associations of the FTD scores with the volumes of the frontal (ß0.05 = -0.00, SE0.05 = 0.03, pcorrected
= 1.00) or temporal lobes (ß0.05 = 0.01, SE0.05 = 0.03, pcorrected = 1.00).

Population structure
All analyses were performed in all available participants and were controlled for the first 10
genomic components. We further stratified the analyses for European versus non-European
ancestry (Figures 5A & 5D, Supplementary Figure 2), and the effect estimates were generally
similar. We additionally reran the analyses without correcting for the genomic components,
and this led to stark changes in the results (Figures 5B & 5E, Supplementary Figure 3). The
higher the PRS threshold, the more statistically significant findings were present in the
analyses not corrected for genomic components compared to when we did correct for
genomic components. We further split the uncorrected analyses for European versus nonEuropean ancestry, to see whether one of these groups was driving the sudden change in
findings (Figures 5C & 5F, Supplementary Figure 4). Within the uncorrected analyses for
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Figure 4 | Heatmap showing the regression coefficients between the FTD PGRS and all
phenotypes. Each score is based on a different threshold for inclusion of SNPs into the
score. All coefficients are standardized. The reported p-values were corrected for multiple
testing. IQ = Intelligence Quotient; CBCL = Child Behavior Checklist; HDL = high-density
lipoprotein; LDL = low-density lipoprotein; CSF = cerebrospinal fluid; FA = fractional
anisotropy; MD = mean diffusivity; * = 0.05; ** = 0.01; *** = 0.001.

Individuals of non-European ancestry we find an inflation of the number of statistically
significant findings, whereas this was not the case for individuals of European ancestry.

DISCUSSION
None of the measures for genetic burden for AD, PD or FTD were associated with childhood
non-verbal IQ, educational attainment, internalizing behavior, global brain structure, or
disease-specific regional brain structures. Although genetic burden for late-life
neurodegenerative disease has been linked to brain structure and cognitive function during
late-life, we find no evidence that these affect the same processes during early life.
Furthermore, we provided clear evidence that the APOE genotype affects lipid profiles during
childhood. Finally, we showed that improper control of the ethnic structure of the population
through genomic components can lead to false positive associations when considering PGRS
for AD, PD and FTD.
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Figure 5 | Scatterplots of log-transformed p-values when comparing different analyses.
The results are shown for PGRS thresholds 0.000001 (top row) and 1.000000 (bottom
row). Comparisons are shown for European versus non-European (A, D), correcting for
genomic components or not (B, E), and European versus non-European when not
correcting for genomic components (C, F). EU = European; GC = Genomic component.

We found no support for the link between AD genetic burden and global, hippocampal and
temporal regions although previous studies have provided evidence for such links during
infancy172,173, childhood168,171,188,189 and early adulthood169,190-197. The support for such
associations does seem stronger in studies during early adulthood than during childhood. This
suggests that the genetic burden for AD becomes more relevant with age, and that there are
cumulative processes at play which may only become apparent after early-life. For example,
the pathological burden in APOE ɛ4 carriers may be increased due to accumulation of
lipoprotein198,199, reduced neuronal reparative capacity200,201 and altered responses to
neuroinflammatory processes202.
Interpreting the role of APOE in childhood brain development is further complicated by the
inconsistency of findings. Shaw and colleagues found in children and adolescents that APOE
ɛ4 carriers had thinner entorhinal cortices than non-carriers168. Chang and colleagues also
studied children and adolescents, but they found that ɛ4 carriers had larger hippocampi than
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non-carriers171. Additionally, they report that ɛ4 carriers compared to non-carriers had larger
volumes for the cuneus, the temporal pole, the lateral occipital pole, and the medial
orbitofrontal cortex. The two studies that report that APOE affects brain structure in infants
show that ɛ4 carriers have smaller hippocampi than non-carriers172,173. Furthermore, they
report that APOE affects regions that are very different from those reported by Chang and
colleagues171. More recently, Axelrud and colleagues reported that the AD PGRS relates to
hippocampal volume in Brazilian children aged 6 to 14 years old188. However, the source GWAS
on which the PGRS in the latter study was based was performed in a population of European
ancestry176. As we have shown, using the AD PGRS in populations of non-European ancestry
leads to false positive findings. Indeed, Axelrud and colleagues could not replicate their
findings in a separate Canadian population of 1,024 adolescents. In summary, previous
findings have been inconsistent, which suggests that AD genetic burden may only affect earlylife brain structure under specific circumstances or that the effect is unlikely to be clinically
relevant.
We did not find evidence in our study to suggest that AD genetic burden affects cognitive
functioning during childhood. Previous studies on this topic report mixed results, but several
larger studies also did not find evidence for such a link. Taylor and colleagues studied
cognition in the ALSPAC study165. The only pattern observed was that APOE ɛ4 carriers
performed better on cognitive tests than those with a APOE ɛ3/ɛ3 genotype, although not
statistically significant. In our study we found no evidence to support this. More recently,
Weissberger and colleagues meta-analyzed data from 9234 individuals aged 2 to 40 years old
and found no association of APOE ɛ4 carriership with intelligence, attention, executive
function, language, memory, processing speed and visuospatial abilities203. In our study we
confirmed this finding at two timepoints in childhood (around 6 years of age and around 11
years of age), and we also extend the findings to APOE ɛ2 genotypes and to broader AD genetic
burden. Taken together, the literature and this study suggest that AD genetic burden does not
affect cognition during early life.
The role of the APOE gene in serum lipid profiles during early life has been studied before. In
2011, a study by Taylor and colleagues assessed the relation between APOE status and serum
lipid profiles in 2875 children aged 8 to 11 years from the ALSPAC cohort, a prospective birth
cohort study165. They showed that carriership of APOE ɛ2 was associated with reduced
cholesterol and increased triglyceride levels compared to APOE ɛ3/ɛ3, whereas APOE ɛ4
carriers had both elevated cholesterol and triglyceride levels. In 1997, Kallio and colleagues
showed that cord blood from 42 APOE ɛ4 carriers contained higher concentrations of
cholesterol than 13 carriers of APOE ɛ2166. In addition, LDL levels rose steeper during the first
year of life in the APOE ɛ4 carriers than in the APOE ɛ2 carriers. In our study we had similar
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findings for ɛ2/ɛ3 and ɛ3/ɛ4 but not for ɛ2/ɛ2 and ɛ4/ɛ4 genotypes, likely because those
genotypes were uncommon within the current study population. Our findings further
consolidate the causal role of APOE genotype in serum lipid levels even during early life.
We found no evidence that PD and FTD genetic burden influences early-life processes.
However, the etiology and pathogenesis of PD and FTD are poorly understood, and less is
known on the preclinical disease stage compared to AD. It is therefore not clear how genetic
burden for PD or FTD would influence early-life processes. As both syndromes can occur
through dominant autosomal inheritance, it should be possible to investigate families of PD
or FTD patients to identify such processes. However, we were unable to identify any such study
in the literature. Another route would be to look at healthy carriers of known genetic risk
variants for either PD or FTD to identify affected processes. For example, the G2019S mutation
in the LRRK2 gene, the gene most widely associated with Parkinson's disease, has been
studied in healthy controls. Different studies found this gene to be associated with lower
executive functioning204, changes in gait205, olfactory dysfunction206. However, all these studies
were small and exploratory. To the best of our knowledge, no studies focusing on FTD
candidate genes in healthy controls are available. Further work is needed to elucidate whether
PD and FTD genetic burden play a role in other domains during early-life, for example brain
function rather than brain structure.
The etiology of AD, PD and FTD extend beyond lipid profiles, the brain, behavior, and
cognition, thus raising the question which other processes could be relevant during childhood.
For example, cerebrospinal fluid markers levels such as Tau and phosphorylated Tau are
affected by APOE ɛ4 carriership in demented individuals207-210. In addition, ApoE protein levels
in cerebrospinal fluid, but not blood serum, depend on the APOE genotype211. Another avenue
for further research is inflammatory markers such as C-reactive protein, interleukin-6 and α1antichymotrypsin, which have shown predictive value for the onset of all-cause dementia212.
Further assessment of endophenotypes closely related to specific gene function may provide
more stable findings related to early life.
Our findings may have been limited by several aspects of the study design. First, we relied on
cross-sectional data. Brain growth follows non-linear trajectories, reaching a peak at around
the age when the children in our study underwent neuroimaging142. The genetic burdens for
neurodegenerative disease may affect the trajectories of brain development, which would
only be detectable through longitudinal studies. Alternatively, the genetic burden for late-life
neurodegenerative disease may not express until later in childhood or adolescence, and the
study population may simply be too young for the research questions at hand. Second, the
number of individuals with ɛ2/ɛ2 or ɛ4/ɛ4 genotypes was relatively low, thus we were likely
underpowered to establish any small effects for those genotypes. Third, we administered a
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limited number of cognitive tests around the age of 6, limiting our investigation to non-verbal
IQ. AD is generally characterized by a loss of memory function, for which we did not have an
adequate test in children.
Our study also had clear strengths. The size of our study population ensured sufficient power
to detect relatively small effects related to the common APOE genotypes and the AD, PD and
FTD PGRS. Furthermore, we provide an unambiguous case for proper control of population
stratification, which was only possible due to the large proportion of participants of nonEuropean ancestry. Finally, the Generation R Study is a representative sample from the general
population, which vastly improves the generalizability to a community-dwelling population of
European descent.
In conclusion, we found no evidence to support the role of genetic burden for late-life
neurodegenerative disease in early-life cognitive performance, internalizing behavior, and
brain metrics. APOE genotype was related to blood lipid profiles. Genetic burden for AD, PD
and FTD did not relate to cognition or brain structure. These findings suggest that the etiology
of late-life neurodegenerative disease becomes only relevant later in life.
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ABSTRACT
Background
High blood pressure levels and higher arterial stiffness have been shown to be associated with
lower cognition during adulthood, possibly by accumulative changes over time. However,
vascular factors may already affect the brain during early life.

Methods and Results
We examined the relation between cognition and vascular factors within 5853 children from
the Generation R Study (mean age 6.2 years) and 5187 adults from the Rotterdam Study (mean
age 61.8 years). Diastolic and systolic blood pressure and arterial stiffness were assessed, the
latter by measuring pulse-wave velocity and pulse pressure. For cognition, the Generation R
Study relied on nonverbal intelligence, whereas the Rotterdam Study relied on a cognitive test
battery to calculate the g-factor, a measure of global cognition. In the Generation R Study,
standardized diastolic blood pressure showed a significant association with standardized
nonverbal intelligence (β = -0.030, 95% confidence interval = [-0.054; -0.005]) after full
adjustment. This association held up after excluding the top diastolic blood pressure decile (β
= -0.042 [-0.075; -0.009]), suggesting that the relation holds in normotensives. Within the
Rotterdam Study, standardized cognition associated linearly with standardized systolic blood
pressure (β = -0.036 [-0.060; -0.012]), standardized pulse-wave velocity (β = -0.064 [-0.095; 0.033]), and standardized pulse pressure (β = -0.044 [-0.069; -0.020], and nonlinearly with
standardized diastolic blood pressure (quadratic term β = -0.032 [-0.049; -0.015]) after full
adjustment.

Conclusions
Blood pressure and cognition may already be related in the general population during early
childhood, albeit differently than during adulthood.
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INTRODUCTION
Dementia is a disease posing a huge burden on societies worldwide, and the number of cases
is predicted to double by 2040213. It is a multifactorial disease, with the role of cardiovascular
risk factors increasingly recognized214. Blood pressure and arterial stiffness have been of
particular interest since these are easily measured and amenable to standard and inexpensive
treatments. Interestingly, the effect of high blood pressure may accumulate over time, as midlife214-216,persistent hypertension into late life18 and longer exposure to hypertension19 have
been shown to associate with dementia. Furthermore, mid-life blood pressure and arterial
stiffness are also inversely associated with cognition among healthy individuals during later
life217,218, implying that vascular factors and cognitive functioning relate on a clinical as well as
a preclinical level.
The previously described studies have focused on mid- and late-life populations but the
relevance of the associations during early life remains to be elucidated. Given that blood
pressure and arterial stiffness in individuals follow stable trajectories219-222, partly determined
through genetic predisposition223,224, it is conceivable that the earliest adverse associations
between the vascular factors and cognition may be discernable at young age already225.
Previous studies investigating the link between blood pressure and cognition during
childhood and adolescence have primarily focused on hypertensive versus normotensive
populations226-228. We therefore hypothesize that the associations between vascular factors
and cognitive functioning may already be present during childhood as well as within the
normal ranges of blood pressure. Finally, given the cumulative effects of vascular risk factors
during life, we also hypothesize that the magnitude of the association increases with age.
Hence, we aimed to evaluate whether higher levels of systolic (SBP) and diastolic blood
pressure (DBP) and arterial stiffness associated with worse cognition during childhood and
mid- to late adulthood. Arterial stiffness was measured directly via carotid-femoral pulse wave
velocity (PWV) and indirectly using pulse pressure (PP)229. We studied the early life relation in
the pediatric Generation R birth cohort and used data from the Rotterdam Study cohort with
individuals aged 45 years and over to establish a benchmark for comparison.

METHODS
The data, analytic methods, and study materials will not be made available readily to other
researchers for purposes of reproducing the results or replicating the procedure due to legal
and informed consent restrictions. Specific requests for consideration can be made to the
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respective studies. The first and the corresponding authors had full access to all datasets
within this study.

Study population
The Generation R Study is a population-based birth cohort in Rotterdam, the Netherlands22. In
short, 9,745 children were born between April 2002 and January 2006 from mothers who were
enrolled during pregnancy or immediately after birth of the child. Of those, 6,690 children
visited the research center at the age of five to eight years for follow-up data collection. For
this study, we selected 5,853 (mean age is 6.2 ± 0.5 years) children with available data on the
intelligence quotient (IQ) measure and at least one of the vascular measures, including
carotid-femoral PWV, SBP, and DBP (Figure 1). The study was conducted in accordance with
the guidelines as proposed in the World Medical Association Declaration of Helsinki and was
approved by the Medical Ethical Committee of the Erasmus MC University Medical Center in
Rotterdam. Written informed consent was obtained from all primary caregivers of the
participants.
The Rotterdam Study is a prospective population-based cohort that started in the Ommoord
District of The Netherlands230. The first three cohorts – RS-I, RS-II and RS-III – started in 1990,
2000 and 2006 and included 7,983, 3,011 and 3,932 participants, respectively. SBP, DBP and
PWV were measured during the third visit of RS-I (RS-I-3), the first visit of RS-II (RS-II-1) and the
first visit of RS-III (RS-III-1). Cognitive testing was introduced in 2002, and therefore cognition
in the first two cohorts was assessed in a later research phase than the vascular measures,
namely in the fourth visit of RS-I (RS-I-4, mean time lag = 4.5 years) and the second visit of RSII (RS-II-2, mean time lag = 4.1 years). After exclusion of 527 participants with a history of
dementia at the time of the vascular measures the final population consisted of 5,187
individuals (Figure 2). The Rotterdam Study has been approved by the Medical Ethics
Committee of the Erasmus MC University Medical Center in Rotterdam and by the Dutch
Ministry of Health, Welfare and Sport. All participants provided written informed consent to
participate in the study and to have their information obtained from treating physicians.

Measurement of blood pressure and carotid-femoral pulse wave velocity
In Generation R we measured blood pressure four times at the right brachial artery, in supine
position, with 1-minute intervals using the validated automatic sphygmanometer Datascope
Accutor Plus (Paramus, NJ)231. SBP and DBP were determined by excluding the first
measurement and averaging the other measurements. In the Rotterdam Study, blood
pressure was measured twice before measurement of PWV. Blood pressure was measured
twice with a sphygmomanometer after 5 minutes of rest, and the mean was taken as the
participant’s reading.
102

Early and late-life vascular factors and cognition

Figure 1 | Flow chart of inclusion for the Generation R Study.
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In both studies we assessed carotid-femoral PWV, the reference method to assess aortic
stiffness232, using an automatic device (Complior; Artech Medical, Pantin, France) with
participants in supine position. Piezoelectric sensors placed on the skin close to the carotid
(proximal) and femoral (distal) artery. PWV was defined as the ratio between the distance
travelled by the pulse wave and the time delay between the carotid and femoral pressure
waveforms, as expressed in meters per second233. To cover a complete respiratory cycle, the
mean of at least ten consecutive pressure waveforms was used in the analyses. PWV can be
measured reliably with good reproducibility in pediatric populations234. Finally, we calculated
the pulse pressure by subtracting DBP from SBP.

Cognitive Function
The ethnic profiles of the studies differ significantly. The Rotterdam Study consists of roughly
96% ethnically Dutch participants whereas the Generation R Study only does for roughly 57%.
For Generation R we therefore focused on two subtests of the Snijders-Oomen Non-verbal
Intelligence Test–Revised (SON-R 2½-7)177: 'Mosaics', which tapped into spatial visualization
abilities, and 'Categories', which assessed abstract reasoning abilities. The raw scores were
converted to non-verbal IQ using age and sex-specific norms. These scores correlated well
with IQ scores derived from the total test (r = 0.86) 178 and with the distribution of IQ in the
general population177.
In the Rotterdam Study we focused on a much broader range of cognitive domains to gain a
comprehensive understanding of cognitive function in non-demented elderly61. We were
interested in the general underlying structure of cognition235, generally known as the g-factor,
a stable concept related to intelligence. For the Rotterdam Study we calculated the g-factor
by applying principal component analysis to scores from five cognitive tests: Color-word
interference Stroop task, letter digit substitution test, verbal fluency test, delayed recall score
of the 15-word learning test, and the Purdue pegboard test61. The g-factor was defined as the
first principal component as returned by the analysis and explained 54.3% of the variance,
which is similar to other studies in the literature236.
As the two studies do not have overlapping scales and as the Rotterdam Study only has one
non-verbal non-motor cognitive test, we decided to focus the analyses on general cognition
i.e., non-verbal IQ in Generation R and the g-factor in the Rotterdam Study, rather than the
subscales.

Measurement of Covariates
For Generation R we included information obtained from midwives and hospital registries on
child sex, birth weight (in grams), gestational age at birth and complications during delivery.
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Figure 2 | Flow chart of inclusion for the Rotterdam Study.

Body mass index (BMI) of the child was based on height and weight as measured during the
visit. Child ethnicity was based on parental countries of birth. Maternal age, maternal smoking
during pregnancy and maternal education were assessed by questionnaires. Diet quality was
determined by a food frequency questionnaire sent to the children at the age of eight (median
age = 8.1 years). The algorithm to score adherence to Dutch dietary guideline has been
previously described237 and is based on sufficient intake of vegetables, fruit, whole grains, fish,
legumes, nuts, dairy, oils and soft fats, low intake of sugar-containing beverages, and high-fat
and processed meat. The average hours of physical activity per week was based on a parent-
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reported questionnaire describing time spent on walking, cycling, physical education,
swimming, playing outside and sports participation238.
In the Rotterdam Study the covariates were measured during the same examination phases as
the vascular measures. Smoking status and education were obtained during home interviews.
BMI was based on height and weight during the research center visit. Diabetes mellitus was
defined as having a fasting glucose level of ≥7.0 mmol/L, or ≥11.1 mmol/L if only non-fasten
serum samples were available, or using blood glucose–lowering medication. Fasting glucose
levels were available for over 97% of the study population. Data on indication for use of blood
pressure-lowering medication were based on information collected by a physician at the
research center. Adherence to Dutch dietary guidelines was determined via food frequency
questionnaires with a similar algorithm as in Generation R239. The food frequency
questionnaire was not administered for RS-I-3, so the data from RS-I-1 was used, which was
collected four to ten years earlier. Alcohol use was assessed during home interviews with
questions based on beer, wine, liquor and moderately strong alcohol types like sherry and
port. The algorithm to calculate alcohol in grams per day is provided elsewhere240. For RS-I-3
and RS-II-1 physical activity was assessed using a validated adapted version of Zutphen
Physical Activity Questionnaire241 and expressed in MET hours per week242. For RS-III-1 physical
activity was assessed using the LASA Physical Activity Questionnaire, and expressed in MET
hours per week243. Due to the difference between the questionnaires we standardized the MET
hours per cohort. Finally, the time interval between the two visits was included in the models
as it represents the aging between the two visits, and cognition generally declines with age.

Statistical analysis
Initially, both ordinary linear regression and iteratively reweighted least squares were used to
analyze the data, the latter using Huber-White standard errors. As the models did not
noticeably differ in their estimates and standard errors, we decided to report the results from
the iteratively reweighted least squares models. To increase the comparability between
studies we standardized the determinants and outcomes. All levels of associations are
presented with their 95% confidence intervals (CIs).
Generation R used four models:
•

Model 1: Adjusted for sex of the child and age of the child during the visit.

•

Model 2: Model 1 further adjusted for birth weight, BMI of the child during visit, ethnicity
of the child, gestational age at birth, diet quality score and physical activity.

•

Model 3: Model 2 further adjusted for prenatal or perinatal maternal variables, i.e.,
education level at birth of the child, age at birth of the child, parity and smoking during
pregnancy.
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•

Model 4: Model 3 further adjusted for maternal diabetes mellitus and hypertension during
the pregnancy.

Additionally, pre-eclampsia has been consistently associated with elevated blood pressure in
the offspring244, thus we ran a sensitivity analysis excluding children with mothers
experiencing pre-eclampsia during pregnancy in order to ensure that the association was not
accounted for by this population.
The Rotterdam Study used two models:
•

Model 1: Adjusted for age, sex, cohort, and time interval between the measures.

•

Model 2: Model 1 further adjusted for education level, BMI, smoking status, diabetes
mellitus status, use of blood pressure lowering medication, diet quality score, alcohol
intake and physical activity standardized per cohort.

For both studies we additionally adjusted the models with PWV as the determinant for heart
rate and mean arterial pressure (DBP + 1/3 × (SBP - DBP)).
Several studies have found non-linear associations between blood pressure and measures of
cognition245. We therefore performed sensitivity analyses with quadratic terms for DBP and
SBP in both the Generation R and the Rotterdam Study cohorts. In addition, stratification for
antihypertensive drug use has shown that the association between blood pressure and
cognition is diminished in those that use antihypertensive drugs246, so we stratified for it in our
final sensitivity analysis.
All adjustment variables had less than 5% missing values except for maternal smoking,
diabetes mellitus and hypertension during pregnancy, with 13.4%, 14.6% and 14.7%
missingness, respectively. This pattern is due to the questions being part of a prenatal
questionnaire which was not filled out by all participants who were included postpartum.
Missing values were imputed 100 times using chained equations and the model fits for each
imputed dataset were subsequently pooled105. Statistical analyses were performed in R
3.3.3247. The package mice 2.30101 was used for multiple imputation, and MASS 7.3-45248,
sandwich 2.3-4249 and lmtest 0.9-35250 to create the iteratively reweighted least squares
models.
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RESULTS
Generation R
Characteristics of the Generation R Study population stratified by ethnicity are provided in
Table 1. The mean carotid-femoral PWV was 5.5 (0.9) m/s, and the mean SBP, DBP, and PP
were 103 (8), 61 (7) and 42 (7) mmHg, respectively. The average non-verbal IQ score was 101
(15) points. Excluded participants, i.e., that took part in the research phase but did not have
data on cognition, had younger mothers at birth (29.4 versus 30.6 years, p < 0.05) who were
less likely to have obtained higher education (40.4% versus 46.9%, p < 0.05) and were less likely
to be of Dutch ethnicity (53.8% versus 57.4%, p < 0.05).

Table 1 | Characteristics of the Generation R Study participants.
Characteristics

Dutch

Other Western

Non-Western

(N = 5853)

(n = 3350)

(n = 510)

(n = 1993)

IQ score

104 ± 15

101 ± 15

96 ± 15

Systolic blood pressure (mmHg)

102 ± 8

103 ± 9

104 ± 9

Diastolic blood pressure (mmHg)

60 ± 7

61 ± 7

62 ± 7

Pulse pressure (mmHg)

42 ± 6

42 ± 7

42 ± 7

Pulse wave velocity (m/s)

5.5 ± 0.9

5.5 ± 0.9

5.6 ± 0.9

Male (%)

49.4

45.0

51.8

Age (y)

6.1 ± 0.4

6.1 ± 0.5

6.3 ± 0.6

Birth weight (g)

3451 ± 584

3406 ± 562

3316 ± 556

Body mass index (kg/m2)

15.9 ± 1.5

16.2 ± 1.8

16.7 ± 2.2

Gestational age at birth (w)

39.8 ± 1.9

39.8 ± 2.0

39.6 ± 1.8

Diet Quality Score

4.5 ± 1.2

4.5 ± 1.2

4.4 ± 1.3

Physical activity (hours / week)

2.2 ± 1.2

2.2 ± 1.3

1.9 ± 1.2

Low

2.8

7.4

22.1

Intermediate

39.6

34.7

55.2

High

57.6

57.9

22.7

Age (y)

31.4 ± 4.7

31.0 ± 4.9

29.1 ± 5.6

Nulliparous (%)

61.1

56.0

47.6

Never

74.8

75.1

74.9

Until aware

10.0

10.9

6.2

Continued

15.2

14.0

18.9

Diabetes mellitus (%)

0.2

0.0

0.9

Hypertension (%)

1.0

1.1

1.9

Characteristics of mothers at partum
Education (%)

Pregnancy smoking (%)
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Table 2 | Associations between standardized blood pressure, standardized pulse
pressure, standardized pulse wave velocity and standardized child non-verbal IQ
scores within the Generation R Study. The table represent the results from the iteratively
reweighted least squares models. All beta values represent the change in the outcome
when increasing the value of a determinant by one standard deviation.
non-verbal IQ

Modela

β

95% confidence interval
lower

upper

SBP

1

-0.059

-0.084

-0.033

2

-0.027

-0.053

-0.002

3

-0.018

-0.043

0.008

4

-0.018

-0.043

0.007

1

-0.068

-0.094

-0.043

2

-0.040

-0.065

-0.015

3

-0.030

-0.055

-0.006

4

-0.030

-0.054

-0.005

1

-0.001

-0.028

0.026

2

0.009

-0.016

0.035

3

0.011

-0.015

0.036

4

0.010

-0.015

0.036

1

-0.036

-0.061

-0.010

2

-0.017

-0.043

0.008

3

-0.015

-0.039

0.009

4

-0.015

-0.039

0.009

DBP

PP

PWV

DBP = diastolic blood pressure; SBP = systolic blood pressure; PP = pulse pressure; PWV = pulse wave velocity.
a

Model 1 consisted of age (years) and sex. The models for PWV were additionally corrected for pulse rate before

measurement (beats/min) and mean arterial pressure (mmHg).
Model 2 consisted of all variables from model 1, birth weight (grams), BMI (kg/m2), ethnicity of the child, gestational age
at birth, diet quality score and physical activity (hours per week).
Model 3 consisted of all variables from model 2, education of the mother at birth of the child, age of the mother at birth
of the child, and parity.
Model 4 consisted of all variables from model 3, smoking status, diabetes mellitus during pregnancy and hypertension
during pregnancy.

Table 2 shows the associations between standardized PWV, SBP, DBP, and PP with
standardized non-verbal IQ in 6-year-old children. When corrected for sex and age of the child,
all three vascular measures were negatively associated with the non-verbal IQ score. However,
only DBP remained statistically significantly associated after adjusting for all child and
maternal covariates (β = -0.030, 95% CI = [-0.054; -0.005]). This relationship was not modified
by gender and ethnicity. After exclusion of 114 children (2.2%) whose mothers experienced
pre-eclampsia during pregnancy, the association remained statistically significant and the
effect size was not affected (β = -0.032, 95% CI = [-0.059; -0.005]). To ensure that the association
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held up in a normotensive population we excluded the top decile for DBP, and the effect size
seemed to be unaffected (β = -0.42, 95% CI = [-0.075; -0.009]).

Rotterdam Study
Characteristics of the Rotterdam Study participants stratified by cohort are provided in Table
3. The carotid-femoral PWV had a mean of 11.6 (3.0) m/s, and SBP, DBP, and PP averaged at
144 (22), 84 (10) and 60 (16) mmHg, respectively. For participants from RS-I and RS-II the
median interval between the measurements of exposures and the outcome was 4.4 years (IQR
= 4.1-4.7 years). Excluded participants, i.e., those with incomplete data on cognition and the
vascular measures, were more likely to use blood pressure lowering medication (35.4% versus
29.3%, p < 0.05), meet the criteria for diabetes mellitus (14.1% versus 9.8%, p < 0.05) and were
more likely to have obtained lower levels of education (42.5% versus 33.0%, p < 0.05).

Table 3 | Characteristics of the Rotterdam Study participants.
Characteristics

RS-I cohort

RS-II cohort

RS-III cohort

(N = 5187)

(n = 2066)

(n = 1578)

(n = 1543)

Cognitive function g-factor

-0.52 ± 0.93

-0.08 ± 0.88

0.47 ± 0.86

Systolic blood pressure (mmHg)

149 ± 20

150 ± 20

130 ± 18

Diastolic blood pressure (mmHg)

84 ± 10

86 ± 10

80 ± 10

Pulse Pressure (mmHg)

64 ± 16

64 ± 16

50 ± 11

Pulse wave velocity (m/s)

13.0 ± 2.8

12.2 ± 2.8

9.1 ± 1.6

Age (y)

63.6 ± 5.7

63.1 ± 6.6

58.0 ± 7.3

Sex, Male (%)

42.0

44.0

42.7

Time interval between measurements (y)

4.5 ± 0.4

4.1 ± 0.5

0.0 ± 0.0

Low

43.3

30.1

26.0

Medium

44.7

51.6

46.2

High

12.0

18.3

27.8

26.8 ± 3.8

27.1 ± 3.9

27.4 ± 4.3

Education (%)

Body mass index (kg/m2)
Smoking (%)
Never

33.0

30.1

33.3

Past

51.7

51.4

46.3

Current

15.3

18.5

20.4

Diabetes Mellitus (%)

10.0

10.8

8.5

Blood pressure lowering medication (%)

36.5

24.4

27.7

Diet quality score

6.9 ± 1.8

6.2 ± 1.9

6.9 ± 1.9

Alcohol (grams / day)

11.2 ± 15.4

11.0 ± 14.3

8.8 ± 9.5
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Table 4 shows the associations between standardized carotid-femoral PWV, PP, and blood
pressure with the standardized g-factor. For DBP no significant associations were shown in
model 1 and 2 (β = -0.006, 95% CI = [-0.028; 0.017]). In contrast, carotid-femoral PWV (β = -0.064,
95% CI = [-0.095; -0.033]), SBP (β = -0.036, 95% CI = [-0.060; -0.012]) and PP (β = -0.044, 95% CI
= [-0.069; -0.020]) showed statistically significant negative associations with the g-factor.
These relationships were not modified by gender. For comparison, a year increase in age led
to a 0.062 standard deviation decrease of the g-factor (95% CI = [-0.065; -0.058]).

Non-linear associations
Within Generation R the quadratic terms for neither DBP nor SBP reached statistical
significance (p > 0.05). Within the Rotterdam Study the quadratic term for DBP (β = -0.032, CI
95% = [-0.048; -0.015]) but not SBP (β = -0.013, CI 95% = [-0.029; 0.002]) reached statistical
significance. This suggests the presence of a non-linear relationship between DBP and the gfactor where more extreme values of DBP, i.e., both at the lower and higher ends, were
associated with a quadratic decrease in the g-factor.

Table 4 | Associations between standardized blood pressure, standardized pulse
pressure standardized pulse wave velocity and the standardized g-factor within the
Rotterdam Study. The table represent the results from the iteratively reweighted least
squares models. All beta values represent the change in the outcome when increasing
the value of a determinant by one standard deviation.
g-factor
SBP
DBP
PP
PWV

Modela

β

95% confidence interval
lower

upper

1

-0.059

-0.084

-0.033

2

-0.036

-0.060

-0.012

1

-0.021

-0.045

0.001

2

-0.006

-0.028

0.017

1

-0.065

-0.091

-0.039

2

-0.044

-0.069

-0.020

1

-0.080

-0.112

-0.047

2

-0.064

-0.095

-0.033

DBP = diastolic blood pressure; SBP = systolic blood pressure; PP = pulse pressure; PWV = carotid-femoral pulse wave
velocity.
a

Model 1 consisted of age (years), sex, cohort and time difference between exposure and outcome measurements

(years). The models for PWV were additionally corrected for pulse rate before measurement (beats/min) and mean
arterial pressure (mmHg).
Model 2 consisted of all variables from model 1, education, BMI (kg/m2), smoking status, diabetes mellitus, blood
pressure lowering medication usage, diet quality score, alcohol intake (grams / day) and physical activity standardized
per cohort (MET hours / week).
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Antihypertensive drug use
Within those that did not use antihypertensive drugs we found similar associations as
described above, i.e., linear associations for PWV (β = -0.082, 95% CI = [-0.119; -0.046]) and SBP
(β = -0.031, 95% CI = [-0.060; -0.002]) with cognition, and a statistically significant quadratic
term for DB P (β = -0.022, 95% CI = [-0.038; -0.005]). In those using antihypertensive drug none
of the linear terms reached statistical significance. However, the coefficient for the quadratic
DBP term remained statistically significant (β = -0.055, 95% CI = [-0.078; -0.031]).

DISCUSSION
In both the pediatric and elderly cohorts vascular measures associated with cognition. In
particular, DBP but not SBP, PP or PWV was negatively associated with non-verbal IQ amongst
children of 6 years old. In middle-aged and elderly, both arterial stiffness and SBP were
negatively associated with the g-factor, while DBP showed an inverted non-linear relation.
Thus, the exact nature of the vascular-cognitive relation might depend on the life phase.
Cognition in elderly has been previously linked to blood pressure217,245. However, most studies
dichotomized blood pressure measures into presence or absence of hypertension, and the
cut-offs used varied amongst the studies. In addition, most of those studies also did not adjust
for antihypertensive drug use, which has been suggested to modify the cognitive-vascular
relationship246. In the current study, we showed that the associations were statistically
significant for continuous blood pressure measures and when adjusting for use of
antihypertensive drugs.
The findings within the Generation R cohort suggest that the vascular-cognitive relation may
extend to earlier life phases as well. The association between DBP and non-verbal IQ in the
pediatric cohort showed a similar effect size as the SBP and arterial stiffness associations with
the g-factor within the Rotterdam Study. While blood pressure and cognition have been
studied in pediatric populations, those studies have generally focused on hypertensive
cases226-228,251. Lande and colleagues226 showed among 5077 children aged 6 to 16 years that
elevated blood pressure levels seems to relate to a digit span test, although this effect
disappeared after multiple testing correction. In addition, Adams and colleagues227 showed in
201 children that those with sustained primary hypertension were more likely to suffer from
learning disabilities. While the effect sizes cannot be directly compared due to differing
determinants and outcomes the current study does show that the association holds for
normotensive populations. It also bolsters the idea that the association between the vascular
and cognitive performance may have its roots in childhood.
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Different mechanisms have been proposed to link hypertension and arterial stiffness to
cognition. Cerebrovascular disease burden is a likely mechanism during adulthood. For
example, brain plaque and tangle burden seemingly mediate the effect of diastolic blood
pressure on cognition252. Additionally, the relation between arterial stiffness and memory may
be mediated by cerebrovascular resistance and white matter hyperintensities253. However,
such pathways may depend on aging254 and could thus not be relevant for explaining the
findings in our pediatric sample.
A more likely mechanism is cerebrovascular reactivity, which encompasses the vasodilatory
and vasoconstrictive ability of cerebral vessels. Indeed, Settakis and colleagues showed that
hypertensive adolescents (aged 14-18 years) had reduced cerebrovascular reactivity
compared to normotensives after a 30 second breath hold255. The most profound difference
was found for the diastolic blood flow velocity. Another study by Wong and colleagues in
hypertensive and normotensive children (aged 7-20 years) showed that diastolic blood
pressure related more strongly to cerebrovascular reactivity than systolic blood pressure after
a CO2 challenge test256. Hypertensive status has also been linked to reduced cerebrovascular
reactivity in regions related to the default mode network257, which in turn plays a role in
cognitive functioning258. The association between DBP and non-verbal IQ in our pediatric
sample may thus be mediated by cerebrovascular reactivity.
Lower DBP seemed to be associated with lower levels of cognitive function in the adults but
not the children. Several mechanisms can underlie this difference. First, blood pressure in
children may be more tightly controlled, especially at lower values, than in adults259,260. As such
the lower end of the blood pressure distribution in children does not reach levels at which they
become detrimental to the brain. Second, brains of children may better withstand low blood
pressure, for instance because of better compensatory mechanisms of the small peripheral
vessels. Third, perhaps prolonged exposure to hypotension is necessary for it to impair
cognitive function. Further studies are needed to confirm and explain this finding.
The association between arterial stiffness and the g-factor in elderly could be related to the
SBP findings. Interestingly, the relation between SBP and arterial stiffness may in fact be
bidirectional261,262. The former increases pulsatile aortic wall stress, leading to stretching and
thus stiffening of elastic lamellae of the large arteries. Conversely, arterial stiffness has been
shown to predict hypertension in mid to late adulthood263-265.
The findings show statistical significance, but the question remains whether they warrant
clinical implications since one standard deviation change in DBP within Generation R pediatric
sample roughly translated to half of a non-verbal IQ point change. It remains to be seen
whether treatment of high blood pressure in childhood would have beneficial effects on
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cognition later in life. Our study does underscore that the detrimental effects of blood
pressure, however small those may be, might have an origin already in early life. The findings
therefore give etiological insights into the interplay between the vascular system and
cognition during the life course. Effect sizes found in the Rotterdam Study adult sample can
be interpreted more clearly, with one standard deviation increase in SBP and PWV having
about the same effect on the g-factor as aging half a year and one year, respectively. Such
findings do warrant further investigation of any causal benefit of blood pressure lowering
medication and lifestyle changes on cognition.
Several limitations should be taken into account. First, the comparability of results between
the cohorts is hampered due to the difference in measures of cognition. The children were
tested for non-verbal IQ due to the diverse ethnic background of the children, while the gfactor did include a verbal component. In addition, the g-factor may capture other aspects of
cognition that were not assessed in the children. Second, both cohorts were studied crosssectionally, which increased the comparability between the cohorts but did not allow a
clearer, developmental narrative, and also prevented any causal interpretations. In particular,
the hypothesized relationship could actually be reversed, with higher levels of cognition being
associated with healthier diets and lower levels of sedentary behavior266,267. Fourth, the
determinants and outcome were not measured in same visit for the majority of the Rotterdam
Study population. This may have led to survivor bias due to selective attrition between the
visits, and potentially residual confounding due to time-dependent covariates. Finally, our
cohorts do not cover the age ranges of 6 to 45 years, and the exact life course relation between
the vascular and cognitive systems remains to be elucidated. However, both cohorts were
recruited in the same study area and rely on similar methodologies, strengthening the
comparability of the findings.
We found that blood pressure and arterial stiffness showed significant associations with
cognition during mid- and late adulthood. In addition, we showed that DBP during childhood
also associates with non-verbal cognition, even after excluding the top DBP decile. Thus, we
have provided evidence that the associations between cognition and vascular factors hold for
the general population and across the age spectrum, warranting further investigation in the
exact mechanisms that govern the associations over the whole life course.
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ABSTRACT
Gyrification of the cerebral cortex changes with aging and relates to development of cognitive
function during early life and midlife. Little is known about how gyrification relates to age and
cognitive function later in life. We investigated this in 4397 individuals (mean age: 63.5 years,
range: 45.7 to 97.9) from the Rotterdam Study, a population-based cohort. Global and local
gyrification were assessed from T1-weighted images. A measure for global cognition, the gfactor, was calculated from five cognitive tests. Older age was associated with lower
gyrification (mean difference per year = -0.0021; 95% confidence interval = -0.0025; -0.0017).
Non-linear terms did not improve the models. Age related to lower gyrification in the parietal,
frontal, temporal, and occipital regions, and higher gyrification in the medial prefrontal cortex.
Higher levels of the g-factor were associated with higher global gyrification (mean difference
per g-factor unit = 0.0044; 95% confidence interval = 0.0015; 0.0073). Age and the g-factor did
not interact in relation to gyrification (p > 0.05). The g-factor bilaterally associated with
gyrification in three distinct clusters. The first cluster encompassed the superior temporal
gyrus, the insular cortex, and the postcentral gyrus, the second cluster the lingual gyrus and
the precuneus, and the third cluster the orbitofrontal cortex. These clusters largely remained
statistically significant after correction for cortical surface area. Overall, the results support
the notion that gyrification varies with aging and cognition during and after midlife, and
suggest that gyrification is a potential marker for age-related brain and cognitive decline
beyond midlife.
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INTRODUCTION
Gyrification is one of the most fundamental and distinguishing properties of the human
cerebral cortex. The folding patterns of the cortex are highly heritable343, evolutionarily
conserved, and similar amongst closely related animal species344. Abnormalities in
gyrification, such as polymicrogyria and pachygyria, lead to altered brain function, which can
manifest as impairments in speech and cognition. Similarly, both global and regional
abnormalities

in

gyrification

have

been

found

in

patients

with

autism345,346,

schizophrenia347,348, and bipolar disorder348. A deeper understanding of gyrification may
therefore lead to better insight into a broad range of diseases.
Gyrification changes with age and in turn affects cognitive function348-351. The global degree of
gyrification is often expressed as the Gyrification Index (GI). The GI peaks during childhood,
rapidly declines during adolescence and the decline slows down as adulthood progresses348. Regional patterns of gyrification can be quantified with the Local Gyrification Index (LGI)352.

350

The regions surrounding the angular gyrus, i.e. the parietal cortex, seem most prone to agerelated decline in the LGI351. The association between the LGI and cognition has been studied
in both pediatric and adult cohorts, and it showed the strongest effect in the frontal and
parietal regions as well as the temporoparietal junction350. These findings consolidate the
relevance of gyrification in the normal development of the brain.
Several knowledge gaps still remain. Limited work exists on cortical gyrification during middle
adulthood, i.e., 40 to 65 years of age, and late adulthood, i.e., beyond 65 years of age. Other
aspects of the cerebral cortex – such as cortical surface area – change significantly during
middle and late adulthood3. Furthermore, atrophy of the cerebral cortex seems to accelerates
towards the end of life353, and the rates of atrophy differ between brain regions3. How
gyrification changes during late life and how the changes are distributed across the brain
remains to be elucidated. Similarly, cognitive function declines in aging, which in turn may
affect if and how cognition and gyrification relate. Finally, most previous studies were
performed in clinical samples or clinic-based settings, limiting the external validity of the
findings. The use of population-based studies would allow for better generalization of the
results.
The aim of the present study was to elucidate the associations of age and cognition with
gyrification during middle and late adulthood. The study was performed using data from the
Rotterdam Study cohort, a prospective population-based cohort study of individuals aged 40
years and higher. We hypothesized that age and the GI showed a non-linear association across
middle and late adulthood, where the rate of loss of gyrification accelerates with age.
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Furthermore, based on previous volumetric work, we expected to find that the shape of the
association between age and the LGI differed across the brain, with regions near the angular
gyrus showing the fastest decline towards the end of life. Finally, we hypothesized that
cognition positively associated with the GI, and with the LGI in frontal and temporal regions.

METHODS
Study population
The Rotterdam Study is a prospective cohort study based in the Ommoord district of
Rotterdam, the Netherlands, that has been ongoing since 1989354. The second recruitment
wave started in 2000, and the third wave in 2006. All participants are re-invited for an interview
and in-person examinations every 4 to 6 years. The study has included 14,926 participants 45
years of age and older. Neuroimaging was introduced in 200513. The current study population
included individuals who were eligible to participate in a research center visit between 2006
and 2015 with cognitive testing and neuroimaging (n = 6,647). Of these, 38 had no cognitive
test battery data, 980 had incomplete data, 417 did not participate in the MRI study, in 462 the
image surface tessellation in FreeSurfer failed, and 145 were excluded due to poor quality of
the T1-weighted images. We further excluded participants with prevalent stroke (n = 126) or
prevalent dementia (n = 82). The final sample consisted of 4,397 participants. A flow chart of
the study population is shown in Supplementary Figure 1. The Rotterdam Study has been
approved by the Medical Ethics Committee of the Erasmus MC (registration number MEC
02.1015). All participants provided written informed consent.

Assessment of cognitive function
All participants underwent a cognitive test battery61. The battery consisted of five tests, each
assessing different cognitive domains. The first test was the 15-word learning test (15WLT), to
assess verbal learning and verbal memory355. The 15WLT consisted of three trials where 15
words were presented visually, and after each trial participants had to name all words they
could remember (i.e., immediate recall). At least 10 minutes after the third trial, participants
were again asked to name all words that they could still remember (i.e., delayed recall). We
used the number of words in the delayed condition as the measurement outcome. The second
test was the Stroop task356, a task that assesses selective attention and automaticity.
Participants had to read aloud the names of colors (red, green, blue, yellow) as fast and
flawless as possible. The words were printed on paper in mismatching colors (e.g., "blue"
printed in the color red) to interfere with the naming process. The time to read all words was
adjusted for the number of errors by calculating the time per word and adding one-and-a-half
that time for each error. Thus, the Stroop task is inversely coded compared to the other tests,
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where a higher score relates worse performance. The total was then log transformed and used
as the outcome measure. The third test was the letter-digit substitution test (LDST)66, in which
participants have to write down the corresponding digits next to letters according to a
dictionary table. This assesses processing speed as well as executive function. Fourth, a word
fluency test (WFT) was administered to assess efficiency of searching long term memory357.
Participants had to name as many animal species in a span of one minute, with the total
number of unique species as the outcome. Finally, we administered the Purdue pegboard test
(PPB)71, where participants had to place small metal pins into holes across three trials: left
hand only, right hand only, and both hands. The sum of the number of pins over all trials was
used as a measure for fine motor dexterity and psychomotor ability. To summarize all tests
into a single score for global cognition, known as the g-factor, we used principal component
analysis and isolated the first component358. The g-factor explained 50.6% of the variance
amongst the cognitive tests which is in agreement with previous literature280.

Image acquisition
Neuroimaging was performed on a 1.5T magnetic resonance imaging (MRI) scanner with an
eight-channel head coil (GE Signa Excite, General Electric Healthcare, Milwaukee, USA). The
imaging sequences have been described extensively elsewhere13. Axial T1-weighted images
were collected using a 3D Spoiled Gradient Recalled sequence (TR = 13.8 ms, TE = 2.8 ms, TI =
400 ms, flip angle = 20°, bandwidth = 12.5 kHz, voxel size = 0.8 mm isotropic). The images were
subsequently stored in an extensible neuroimaging archive toolkit (XNAT) database56.

Image processing
Images were processed using the FreeSurfer analysis suite (version 6.0)88. The standard
reconstruction was conducted, where non-brain tissue was removed, voxel intensities were
corrected for B1 field inhomogeneities, voxels were segmented into white matter, gray matter
and cerebrospinal fluid, and surface-based models of gray and white matter were generated.
The GI was calculated as the ratio between the outer contour of the cortex and the pial surface
of the whole cerebrum. The LGI was estimated at each vertex along the cortical ribbon352,359,
and each vertex was automatically assigned an anatomical label according to a predefined
atlas327. All measures were co-registered to a standard stereotaxis space and smoothed with a
full-width half-max Gaussian kernel, 5 mm for the LGI given inherent smoothness and 10 mm
for all other measures.
A multistep procedure was used to identify datasets of insufficient quality for analysis. First,
we used an automated tool to obtain a quality metric for each T1-weighted scan that assesses
artifacts related to motion57. Next, we visually inspected FreeSurfer reconstructions from 200
randomly selected scans. The visual ratings consisted of inspecting segmented brain images
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in the coronal, sagittal and axial directions, as well as 3D reconstructions of the pial surface.
The segmentation was rated as “fail” if FreeSurfer failed to consistently trace the white and
pial surfaces. Next, we established that the automated quality metric value predicted strongly
whether a test passed or failed. We subsequently set a threshold above which all scans were
of sufficient quality, and all scans below the threshold were excluded.

Measurement of covariates
Hypertension was defined as a resting blood pressure exceeding 140/90 mmHg or the use of
blood pressure lowering medication. Blood pressure was measured twice with a
sphygmomanometer after 5 minutes of rest, and the average of the two measurements was
used. Use of blood pressure lowering medication was derived from information collected by a
physician at the research center. Alcohol use was assessed during home interviews with
questions based on beer, wine, liquor, and other alcoholic beverages such as sherry and port.
Based on these data, an established method was used to calculate alcohol in grams per day240.
BMI was calculating using the height and weight obtained during the research center visit.
Smoking status was obtained during home interviews and individuals were classified as never
smokers, past smokers, or current smokers. Education level was assessed during the home
visit interview and classified into four categories according to the United Nations Educational,
Scientific and Cultural Organization classification: primary (no or primary education), low
(unfinished secondary and lower vocational), intermediate (secondary or intermediate
vocational) or high education (higher vocational or university).

Statistical analyses
All statistical analyses were performed in R 3.4.395. To assess the relation of age and cognition
with the GI we used linear regression models. Surface-based LGI analyses were performed to
study the spatial distributions of these associations along the cortex. This was done with
vertex-wise analyses using the R package QDECR (https://github.com/slamballais/QDECR).
Resulting p-value maps were corrected for multiple comparisons at the vertex level using
Gaussian Monte Carlo Simulations97. Surface-based analyses on cortical thickness and similar
measures may show non-Gaussian patterns of spatial correlations, which would increase the
false positive rate higher than 0.0598. We therefore set the cluster forming threshold to p =
0.001, as this has shown high correspondence with actual permutation testing across all
surface measures98. We further applied Bonferroni correction to account for analyzing both
hemispheres separately (i.e., p < 0.025 cluster-wise).
Age-related atrophy of the brain accelerates with age, which may also affect cortical
gyrification. We therefore studied three types of associations between age and cortical
gyrification: (1) a linear age term, (2) orthogonal linear and quadratic age terms, (3) a B-spline
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for age with two or three degrees of freedom. The spline knot for the two-fold spline was set
at the median age, and the knots of the three-fold spline at the first and second tertiles. The
shape of the relationship between age and gyrification was assessed in two steps by evaluating
model fit. The linear and non-linear model fits for the GI were compared by calculating the
Akaike information criterion (AIC) and the Bayesian information criterion (BIC) for each model.
Next, we created a linear model for age and the LGI, and additionally a non-linear model
depending on the AIC and BIC for the GI models.
Specific domains of cognition map to different functional regions of the cerebral cortex360.
Therefore, in addition to the g-factor we also studied whether the scores from the individual
cognitive tests associated with GI and LGI. Furthermore, to inspect whether the association
between cognition and gyrification changes with age we created a separate model with an
interaction term for age and the g-factor.
Models were adjusted for covariates to account for potential confounding. The age analyses
were corrected for sex and for study cohort, i.e., the first, second or third cohort of the
Rotterdam Study. The cognition analyses were adjusted in three separate models, which
allows for the impact of each set of new confounders on model estimates to be described.
Model 1 was adjusted for sex, cohort, age at cognitive testing and age difference between
cognitive testing and the MRI scan. The way that age entered the model as a covariate – linear,
quadratic or with splines – was dependent on the results from the analyses on age and the GI.
Model 2 was additionally adjusted for hypertension, alcohol intake, smoking status, and BMI.
Lastly, Model 3 was additionally adjusted for education level. The p-values for the associations
between the potential confounders and the global gyrification index are shown in
Supplementary Table 1. To assess whether image quality could affect the results we ran
sensitivity analyses with the image quality metric for each scan as a covariate.
Gyrification is calculated as the ratio of the pial surface and the outer surface of the brain359.
However, the cortical surface area itself has also been shown to relate to cognitive function361.
Any association between the LGI and cognition may therefore be driven by cortical surface
area, and potentially by cortical thickness as well. To further assess this, we performed a
sensitivity analysis per cluster. In each model we defined cognition as the outcome, and both
the mean LGI and the mean cortical surface area or the mean cortical thickness of each cluster
as the determinants. The models were further corrected for all covariates as used in Model 3.
We then assessed whether the association between cognition and LGI remained statistically
significant, taking into account cortical surface area or thickness.
All covariates had less than 1% missing data except for alcohol use (4.8%). To maximize power,
missing covariate data were imputed thirty times using multiple imputation by chained
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equations101. Imputed models were subsequently pooled per vertex according to Rubin's
rules105. We also performed a non-response analysis to examine whether the individuals who
were not included into the final sample were in any way different than those who were
included (Table 1). This was done through logistic regression, where inclusion was entered as
the outcome and all other variables were included as predictors.

Table 1 | Baseline characteristics of the study population. The excluded sample (n =
2,250) were all participants that were eligible for cognitive testing and the neuroimaging
study but did not end up in the final sample (see Supplementary Figure 1).
Characteristics

Included sample

Excluded sample

N = 4,397

N = 2,250

Age at MRI (years)

63.5 ± 10.1

69.5 ± 1.13

G-factor

0.00 ± 1.00

Cohort (%)

p-valueb
< .001
< .001

RS-I

15.3

33.9

RS-II

25.3

26.7

RS-III

59.4

39.5

Sex, female (%)

55.3

57.8

.278

Time between cognition and MRI

0.3 ± 0.4

0.2 ± 0.3

.847

Hypertensive (%)a

61.4

76.1

.053

Alcohol per day (grams)a

9.2 ± 10.1

8.5 ± 9.6

<.001

Body mass index (kg/m2)a

27.4 ± 4.1

28.1 ± 4.8

.003

Never

30.9

29.9

Past

49.1

49.4

Current

20.0

20.7

Primary

7.8

13.1

Low

37.7

41.0

Intermediate

30.3

28.4

High

24.2

17.5

2.55 ± 0.08

2.52 ± 0.09

(years)

Smoking status (%)a

.406

Education level (%)a

Mean GI

.002

< .001

GI = gyrification index; MRI = magnetic resonance imaging.
a

= Missingness of data for all variables was below 1% except for alcohol consumption (4.8%).

b

= Differences between inclusion and exclusion were tested through multiple logistic regression.
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Of note, in all models, we defined age or cognition as the determinants (predictors) and
gyrification as the outcome, as limitations in vertex-wise analyses generally only allow for the
vertex measure to be modeled as the outcome. Thus, while cognition is generally considered
a consequence of brain structure, due to limitations in the vertex-wise software it was defined
as a determinant of gyrification in the models. As a sensitivity analysis, we created models for
each statistically significant LGI cluster where the cluster-wise mean LGI was defined as the
determinant and the g-factor as the outcome.
All reported results focus on the beta coefficients and the 95% confidence intervals (CIs) rather
than p-values. Confidence intervals give insight into the range of values within which the true
parameter will likely be, whereas p-values do not362. Any reported result that is stated as
statistically significant will have a p-value below the threshold of 0.05.

RESULTS
Baseline characteristics of the study population (n = 4,397) are displayed in Table 1. The mean
age of the participants was 63.5 years (SD: 10.1, range: 45.7 to 97.9) and 55.3% were female.
We analyzed whether any differences were present between individuals included in the
analysis and those who were eligible for MRI but did not end up in the final sample
(Supplementary Figure 1). Excluded participants tended to be older (mean = 6.2 years), were
more often from the first cohort of the Rotterdam Study (33.9% versus 15.3%), were less likely
to drink alcohol (mean = -0.7 grams per day), had a higher BMI (mean = 0.7 kg/m2), were more
likely to have only primary education (13.1% versus 7.8%) and had a lower GI (mean = -0.03).

Age and global gyrification
A scatterplot of age and the GI is shown in Figure 1A, and the results of the different models
are shown in Table 2. In the linear model one year increase in age associated with a -0.0021
(95% CI: -0.0025; -0.0017) lower GI. For the 2nd polynomial model both the linear term (p <
0.001) and the quadratic term (p = 0.027) were also statistically significant. All spline
coefficients were statistically significant for the natural cubic splines with both two and three
degrees of freedom. The AIC and BIC of all models were highly similar, suggesting that the
linear fit sufficiently describes the association of age during mid and late adulthood with the
GI.

Cognition and global gyrification
A scatterplot of the g-factor and the GI is shown in Figure 1B, and regression coefficients for
the g-factor and all separate cognitive tests are shown in Table 3 for all three adjustment
models. Higher levels of the g-factor were associated with a higher GI, with similar results
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Figure 1 | Scatterplot of age (A) and cognition (B) with GI. For age, four models were plotted
(linear, quadratic, and the two and three spline models). The lines are not fully visible due to
the extensive overlap. The plot for cognition only shows the linear model.

Table 2 | The associations between age and GI.
Modela

Type

β

95% CI

AIC

BIC

Linear

Linear

-0.0021

-0.0025; -0.0017

-10252.60

-10214.27

Quadratic

1st polynomial

-0.0053

-0.0081; -0.0024

-10255.47

-10210.75

2nd polynomial

-2.5e-5

-3.0e-5; -4.6e-5

1st spline

-0.1235

-0.2376; -0.1020

-10256.33

-10211.61

2nd spline

-0.0703

-0.0947; -0.0458

1st spline

-0.0552

-0.0384; -0.0718

-10203.46

-10254.57

2nd spline

-0.1179

-0.0915; -0.1442

3rd spline

-0.0826

-0.0550; -0.1102

Spline (2)
Spline (3)

AIC = Akaike information criterion; BIC = Bayesian information criterion; CI = confidence interval; GI = gyrification index.
a

The models were adjusted for study cohort and sex.
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Table 3 | The associations between cognition and the GI.
Domain

Model 1a
β

Model 2b
95% CI

Model 3c

β

95% CI

β

95% CI

g-factor

0.0045

0.0018; 0.0073

0.0047

0.0019; 0.0075

0.0044

0.0015; 0.0073

15WLT

-0.0001

-0.0009; 0.0007

-0.0001

-0.0010; 0.0007

-0.0003

-0.0011; 0.0006

Stroopd

-0.0090

-0.0171; -0.0010

-0.0090

-0.0172; -0.0010

-0.0081

-0.0164; -0.0002

LDST

0.0005

0.0001; 0.0009

0.0005

0.0002; 0.0009

0.0005

0.0001; 0.0009

WFT

0.0009

0.0005; 0.0013

0.0009

0.0005; 0.0013

0.0009

0.0005; 0.0013

PPB

0.0001

-0.0004; 0.0007

0.0002

-0.0004; 0.0007

0.0002

-0.0004; 0.0007

CI = confidence interval; LDST = letter digit substitution test; PPB = Purdue pegboard test; WFT = word fluency test; WLT
= 15-word learning test.
a

= Adjusted for age at MRI scan (years), study cohort, sex and age difference between cognitive testing and MRI scan

(years).
b

= Additionally adjusted for hypertension (yes/no), alcohol intake (grams per day), BMI and smoking status

(never/past/current).
c

= Additionally adjusted for education level (primary/low/intermediate/high).

d

= The Stroop task is inversely coded compared to the other tests, where a higher score relates worse performance.

across Model 1 (β = 0.0045, 95% CI = 0.0018; 0.0073) to Model 3 (β = 0.0044, 95% CI = 0.0015;
0.0073). We examined the individual cognitive tests to see which cognitive tests drove most of
the association. Three cognitive tests yielded statistically significant results, namely the LDST
(β = 0.0005, 95% CI = 0.0001; 0.0009), the WFT (β = 0.0009, 95% CI = 0.0005; 0.0013) and the
Stroop task (β = -0.0081, 95% CI = -0.0164; -0.0002). Of these, the Stroop task had the strongest
association with gyrification. Of note is that the association with the Stroop task was negative
due to the lower scores on the Stroop task reflecting higher cognitive performance. Finally, the
interaction term between age and cognition did not reach statistical significance in any of the
models (all punadjusted > 0.05), thus the magnitude of the association between cognition and the
GI was stable during and after midlife.

Age and local gyrification
To determine the precise spatial extent of associations between age and gyrification, we
performed surface-based vertex-wise analyses. Due to the similar fits between the models of
age and the GI we opted to further investigate the linear model and the two-fold spline model
with the LGI. Figure 2 displays the vertex-wise associations between age and the LGI. In the
linear model the LGI decreased with age in the parietal, temporal, occipital and frontal regions.
The effect sizes were generally larger than those found when examining the association
between age and the GI. A second cluster arose in the frontal pole and medial prefrontal
cortex, where the LGI increased with age. The significant clusters were similar across
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Figure 2 | Vertex-wise associations between age – the linear model and the two-fold
spline model – and the local gyrification index (LGI). The color scale represents the
regression coefficients. The models were adjusted for study cohort and sex. L = Lateral; M
= Medial; S = Superior; I = Inferior.

hemispheres in both size and strength. The two-degree spline model differed from the linear
model. The first spline fold, i.e., ages between 45.7 and 61.6 years, associated negatively with
the LGI in the parietal, frontal, temporal, and occipital regions. Unlike the linear model, no
cluster was present near the frontal pole or the medial prefrontal pole. In the second spline
fold, i.e., ages between 61.6 and 97.9 years, the negative associations were more restricted to
the temporal and parietal regions, and the lateral part of the frontal cortex. In addition, a
positive cluster was present in the medial prefrontal cortex and the frontal pole, stronger than
in the linear model. The age-gyrification association shows a clear deviation in its shape in the
medial prefrontal gyrus compared to other regions (Supplementary Figure 2). The findings
were robust upon further correction for the image quality metric (Supplementary Figure 3).
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Cognition and local gyrification
Figure 3 displays the vertex-wise associations of the g-factor with the LGI for the three
adjustment models. Associations between g-factor and the LGI were mostly present in three
clusters: (1) the superior temporal gyrus, the insular cortex, and the postcentral gyrus, (2) the
lingual gyrus, the precuneus and the pericalcarine cortex and (3) the orbitofrontal gyrus. These
clusters roughly presented bilaterally. Similar patterns were found for the associations
between the individual cognitive tests and the LGI (Figure 4). The LGI of the cuneate gyrus,
insular cortex and superior temporal gyrus were all associated with the Stroop task, the LDST

Figure 3 | Vertex-wise associations between the g-factor and the LGI. The color scale
represents the regression coefficients. Model 1 was adjusted for age (linear term), study
cohort, sex and the time difference between the cognitive test battery and the MRI visit.
Model 2 was additionally adjusted for hypertension status, alcohol intake, BMI, and
smoking. Model 3 was additionally adjusted for education level. L = Lateral; M = Medial; S
= Superior; I = Inferior.
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and the WFT, although more so on the right than the left hemisphere. Additionally, the WFT
also associated with the LGI in several additional regions, namely the supramarginal gyrus on
both hemispheres and the lateral orbitofrontal cortex, the angular gyrus, and the superior
parietal gyrus on the right hemisphere. Further correction for the image quality metric did not
affect these findings (Supplementary Figure 4). Finally, as cognition was originally specified
as the determinant, we constructed cluster-wise models with the cluster-wise mean
gyrification as the determinant and cognition as the outcome. For the identified LGI clusters
the associations with cognition remained unattenuated (all clusters p < .00001).

Figure 4 | Associations between the individual cognitive tests and the LGI. The color
scale represents the regression coefficients. The images show the results for Adjustment
Model 3. The Stroop task is inversely coded compared to the other tests, where a higher
score relates worse performance. No statistically significant clusters were identified for
the 15-word learning test or the Purdue pegboard test, thus these are not displayed. LDST
= Letter digit substitution test; WFT = Word fluency test. L = Lateral; M = Medial; S =
Superior; I = Inferior.
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#

1

2

3

1

2

3

Hemisphere

Left

Left

Left

Right

Right

Right

Orbitofrontal

Cuneus

Temporal

Orbitofrontal

Cuneus

Temporal

Location

0.030

0.028

0.045

0.025

0.047

[0.005; 0.054]

[-0.005; 0.073]

[0.014; 0.076]

[-0.001; 0.050]

[0.016; 0.077]

[-0.006; 0.055]

.019

.094

.004

.056

.002

.115

0.061

0.029

0.041

0.067

0.025

0.056

[0.034; 0.089]

[-0.004; 0.063]

[0.009; 0.073]

[0.038; 0.096]

[-0.005; 0.056]

[0.024; 0.088]

95% CI

< .001

.085

.012

< .001

.106

.001

p

β

0.025

standardized mean surface area
p

β

95% CI

Standardized mean LGI

Table 4 | The associations of the mean LGI and mean surface area with g-factor per previously identified LGI cluster. Each
model contained both LGI and surface area. Both the LGI and surface area were standardized to be able to compare the magnitude
of their effects. All models were adjusted for age at MRI scan (years), study cohort, sex, age difference between cognitive testing
and MRI scan (years), hypertension (yes/no), alcohol intake (grams per day), BMI (kg/m2), smoking status (never/past/current), and
education level (primary/low/intermediate/high).
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Both vertex-wise cortical surface area and thickness associate with age (Supplementary
Figure 5) and the g-factor (Supplementary Figure 6). To assess whether the associations
between cognition and the LGI were driven by cortical surface area or thickness, we created a
new model for each significant LGI cluster with the g-factor as the outcome and both the mean
LGI and the mean cortical thickness or surface area as determinants. Associations remaining
after concurrent adjustment for cortical surface area or thickness suggest an independence
between LGI the other measures. The results are shown in Table 4 for surface area and in Table
5 for cortical thickness. After adjustment for surface area, the LGI remained associated with
the g-factor in the left hemisphere in the cluster near the cuneus (punadjusted = .002) but not the
clusters in the orbitofrontal cortex (punadjusted = .056) or the temporal cortex (punadjusted = .115). In
the right hemisphere the association between the LGI and cognition was unaffected by surface
area in both the orbitofrontal (punadjusted = .019) and the temporal clusters (punadjusted = .004), but
not in the cluster in the cuneus (punadjusted = .094). In all clusters, the LGI was unaffected by
additional corrections for cortical thickness.

DISCUSSION
We show in a large population-based setting that global gyrification of the cerebral cortex
decreases during middle and late adulthood. This decline in gyrification is mainly driven by
regions close to the Sylvian fissure. A specific cluster within the medial prefrontal cortex
showed more gyrification with increasing age, particularly during late adulthood.
Furthermore, we also found that global cognition positively associates with gyrification, in
particular in the temporal regions, the lingual gyrus, and the cuneus.
The findings for age and gyrification are in line with previously reported findings in smaller or
younger age samples. A study from 2017 attempted to map the life course trajectory of the GI
in a cross-sectional sample of 881 participants348. The authors found that the GI trajectory can
be described as a negative logarithmic function, with the decline in gyrification slowing with
age. However, their sample included only about 30 participants above the age of 60. Another
study reported on the association of age and gyrification in 322 healthy adults of whom 116
were aged 60 or older351. They found that the LGI had non-linear associations with age in
certain brain regions, especially the orbitofrontal and dorsomedial prefrontal cortex. In
particular, LGI in these regions seemed to increase towards the end of life. Our study builds
upon these findings, with a much larger number of participants beyond the age of 70 years,
allowing us to more precisely study how gyrification changes during late adulthood. We found
that the association is essentially linear, which matches a negative logarithmic life course
pattern348. We also established non-linear patterns in the regional surface-based patterns,
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#

1

2

3

1

2

3

Hemisphere

Left

Left

Left

Right

Right

Right

Orbitofrontal

Cuneus

Temporal

Orbitofrontal

Cuneus

Temporal

Location

0.049

0.058

0.075

0.044

0.069

[0.026; 0.073]

[0.034; 0.083]

[0.050; 0.100]

[0.020; 0.068]

[0.045; 0.094]

< .001

< .001

< .001

< .001

< .001

< .001

p

-0.003

0.050

0.061

-0.025

0.045

0.062

[-0.027; 0.021]

[0.027; 0.073]

[0.037; 0.085]

[-0.049; -0.000]

[0.022; 0.068]

[0.039; 0.085]

95% CI

β

[0.038; 0.088]

95% CI

β
0.063

standardized mean thickness

Standardized mean LGI

.790

< .001

< .001

.047

< .001

< .001

p

Table 5 | The associations of the mean LGI and mean cortical thickness with g-factor per previously identified LGI cluster. Each
model contained both LGI and cortical thickness. Both the LGI and cortical thickness were standardized to be able to compare the
magnitude of their effects. All models were adjusted for age at MRI scan (years), study cohort, sex, age difference between
cognitive testing and MRI scan (years), hypertension (yes/no), alcohol intake (grams per day), BMI (kg/m2), smoking status
(never/past/current), and education level (primary/low/intermediate/high).
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albeit the increase in LGI was only seen in the medial prefrontal cortex and only towards the
end of life. These findings further consolidate the global and local dependence of gyrification
on age.
Gyrification associates with cognition during and after midlife, and this association does not
change with age. Furthermore, in half of the significant clusters we found that cortical surface
area is likely driving the associations. This is not surprising as loss of surface area leads to
lower folding thus lower gyrification within that region. Still, three out of six LGI clusters
remained associated with cognition after adjusting for surface area, suggesting that
gyrification harbors independent information. Furthermore, the pattern of LGI clusters within
our study was similar amongst the individual cognitive tests, suggesting that the LGI captures
a more general aspect of cognitive function. Gyrification may therefore play a unique role in
cognitive function, which could prove useful in the study of normal and abnormal cognitive
aging. For example, other cortical characteristics such as thickness and surface area have
distinct contributions to cognitive decline as seen in Alzheimer's disease363-365, yet any such
contributions from gyrification remain to be elucidated.
The temporal lobe has previously been linked to cognitive processes such as language366 and
memory367 as well as psychiatric disorders like adulthood autism spectrum disorders368 and
schizophrenia369-371. Interestingly, these disorders have also been linked to abnormal
gyrification345-348. Genetic mechanisms underlying cognitive processes and neuropsychiatric
disorders may also affect cortical morphology in the temporal region, and in particular
gyrification. Previous studies have found links between genes underlying cognition function
and temporal lobe structure372,373, although the results are inconsistent374. Thus, further work
is needed to elucidate the presence of a genetic pleiotropic link between gyrification and
function of the temporal lobe.
Several mechanisms could explain how gyrification changes with age. One explanation is that
during brain development the cortical surface buckles due to differential rates of growth of
cortical layers375, and the opposite may occur during adulthood. The rate of atrophy is higher
in gray than white matter during early and mid adulthood376,377. Gray matter atrophy is mostly
through the reduction of surface area of the cortex, which leads to more shallow sulci and
consequently a lower GI. The rate of atrophy of white matter starts to exceed the rate for gray
matter during late adulthood3, which could in turn lead to an increase in gyrification with age.
Interestingly, a previous study found that after the age of 60 years the cingulate cortex thickens
and that the rate of thinning of the medial prefrontal cortex declines378, which could explain
the increased gyrification of the medial prefrontal cortex in our study. Indeed, we see a similar
thinning of the cingulate cortex. However, our findings also suggest that gyrification overall
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keeps decreasing during older adulthood, thus other mechanisms than the different gray and
white matter atrophy rates are also likely involved.
Another plausible explanation is the "axon tension" theory379, which states that axonal tension
pulls the gyral walls inwards, thus folding the cortex. The axonal tension may depend on the
health status of the axon, and damage to axons could lead to reduced tension and
consequently decreased gyrification. White matter microstructure decreases with age380,381
and white matter lesions accumulate from mid adulthood onwards3, and could explain the
decrease in gyrification. However, further experimental work has discredited axonal tension
as a cause of cortical folding. For example, if axonal tension causes gyrification then cutting
the gyrus transaxially should unfold the gyrus, and experiments have shown that this is not
the case382. Thus, further work is needed to elucidate the causes of cortical (un)folding during
adulthood.
Gyrification may also associate with age due to more technical aspects of the data collection
itself. Head motion may affect the relation between age and GI383. The reasoning for this is that
older participants tend to move more with their head while in the MRI. A previous study
confirmed this and also found that head motion related to LGI, although the association was
not very strong384. We attempted to minimize the impact of head motion on the analyses by
conservatively excluding all raw images with suboptimal quality and further by performing
sensitivity analyses with the image quality metric as a covariate.
The study has several limitations. First, we relied on a cross-sectional study design to examine
age effects on gyrification. Cross-sectional estimation of age-related changes may yield
inaccurate estimates compared to longitudinal designs385. Second, changes in gyrification
likely cause changes in cognition, but the models were specified with cognition as the
determinant and gyrification as the outcome due to limitations in the vertex-wise analysis
modeling. Rerunning the models per cluster with proper specification did show that the LGI
clusters indeed associated with cognition, suggesting that the models hold under proper
specification. Third, the cognitive test battery that was used does not cover all aspects of
cognitive function. Due to the emphasis on verbal tests, we were not able to fully assess the
scope of cognition and gyrification. Fourth, in the case of cognition there may be reverse
causality, as higher intelligence tends to lead to a healthier lifestyle and thus better brain
health. We corrected for a number of variables related to lifestyle and their effect on the
association was minimal. Despite this there could still be residual confounding by other
variables that we did not account for. Fifth, while we excluded those with prevalent stroke and
dementia, there could be other medical conditions and confounders that could bias the
results. For example, traumatic brain injury and substance abuse disorders are known to
accelerate brain and cognitive aging386-388, and could subsequently affect the association of
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age and cognition with gyrification. Our study also had several strengths. First, this is the
largest sample size to date in a study of gyrification and age or cognition, leading to sufficient
statistical power to find associations, and unravel new regional differences. Second, the
individuals were sampled from a wide age-range, thus enabling making accurate inferences
about gyrification even in the later phases of late adulthood. Third, the sample was drawn
from a population-based cohort, thus the findings can be generalized beyond a clinical setting.
In conclusion, gyrification globally decreases linearly with age across the entirety of
adulthood, and gyrification in the medial prefrontal cortex increases towards the end of life.
Furthermore, gyrification increases with higher levels of cognitive performance in some
clusters irrespective of surface area. These findings consolidate the importance of gyrification
in normal brain function. Whether gyrification is a viable marker for abnormal brain aging and
cognitive decline towards the end of life remains to be elucidated.
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ABSTRACT
Background
Individual differences in the risk to develop dementia remain poorly understood. These
differences may partly be explained through reserve, which is the ability to buffer cognitive
decline due to neuropathology and age.

Objective
To determine how much early and late-life cognitive reserve (CR) and brain reserve (BR)
contribute to the risk of dementia.

Methods
4,112 dementia-free participants (mean age = 66.3 years) from the Rotterdam Study were
followed up for on average 6.0 years. Early-life CR and BR were defined as attained education
and intracranial volume, respectively. Late-life CR was derived through variance
decomposition based on cognition. Late-life BR was set as the total non-lesioned brain volume
divided by intracranial volume.

Results
Higher early-life CR (hazard ratio = 0.48, 95% CI = [0.21; 1.06]) but not early-life BR associated
with a lower risk of incident dementia. Higher late-life CR (hazard ratio = 0.57, 95% CI = [0.48;
0.68]) and late-life BR (hazard ratio = 0.54, 95% CI = [0.43; 0.68]) also showed lower levels of
dementia. Combining all proxies into one model attenuated the association between early-life
CR and dementia (hazard ratio = 0.56, 95% CI = [0.25; 1.25]) whereas the other associations
were unaffected. These findings were stable upon stratification for sex, age, and APOE ɛ4.
Finally, high levels of late-life CR and BR provided additive protection against dementia.

Conclusion
The findings illustrate the importance of late-life over early-life reserve in understanding the
risk of dementia and show the need to study CR and BR conjointly.
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INTRODUCTION
Susceptibility to develop dementia varies greatly across individuals and is thought to be
influenced by both early and late-life factors6,30-32,39,389-393. These factors shape the risk of
dementia through a mechanism called reserve. Cognitive reserve (CR) buffers the effects of
dementia-related pathology through cognitive flexibility or recruitment of alternative neural
networks while brain reserve (BR) buffers pathology through the structure of the brain20,48. CR
and BR are generally estimated through proxies. Educational attainment is the most
commonly used proxy for the maximum attained CR throughout early-life31,32. BR is commonly
estimated through intracranial volume (ICV) as it a strong proxy for maximal brain volume
early in life20,394. However, reserve changes as people grow older, and these fluctuations
cannot be captured with educational attainment and ICV. Recently, a method was proposed
to quantify CR in late-life from cross-sectional data395,396. It uses structural equation modeling
based on demographics, accumulated white matter lesions as a measure of neuropathology
and cognitive functioning. BR in late-life can be estimated through brain volume20,397.
Against this background, several knowledge gaps need to be addressed. First, both early-life
and late-life proxies of reserve have been associated with onset of dementia. However, given
that reserve builds up and diminishes with age, it remains unclear whether early-life or latelife reserve proxies are more relevant to study for the risk of developing dementia. Second,
even though CR and BR are conceptually related, they have generally been studied in isolation.
It is unclear whether they independently protect against dementia or if one effect is
confounded by the other. Finally, most studies on CR and BR focused on patients with memory
complaints, mild cognitive impairment or dementia at baseline398. The extent to which these
associations hold for dementia-free individuals in the general population is unclear.
The present study aimed to elucidate the relative importance of early-life and late-life CR and
BR in the risk of developing dementia. The study was performed as part of the Rotterdam
Study, a population-based prospective cohort.

MATERIALS AND METHODS
Study population
The Rotterdam Study is a prospective population-based cohort in the Ommoord district of
Rotterdam, the Netherlands354. The study started in 1989 with the RS-I cohort and
encompassed 7,983 participants aged 55 years and older. In 2000, the study was expanded
with the RS-II cohort, which consisted of an additional 3,011 individuals aged 55 years and
older. In 2006, the RS-III cohort started and included 3,932 participants aged 45 years and
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older. At study entry and subsequent follow-up visits, the participants partook in a home visit
as well as one or several visits to a dedicated research center. MR neuroimaging was included
into the core protocol from 2005 onwards. For the participants included in the current analysis,
we used their first MRI exam between 2005 and 2014 as the baseline13. Cognitive tests closest
to the MRI with respect to date of assessment were used.
A flow chart of the inclusion process is presented in Figure 1. A total of 4,888 participants had
complete data on both the MRI and the cognitive test battery. We excluded all participants
below the age of 55 years old (n = 553) as none of them developed dementia during follow-up.

Figure 1 | Flowchart of the selection process.
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Furthermore, we excluded all individuals who were diagnosed with stroke (n = 119), dementia
(n = 25) or both (n = 2) before follow-up started. Finally, participants were excluded if no
information on follow-up was available (n = 77). The final sample used in the analyses included
4,112 participants.

Standard protocol approvals, registrations, and patient consents
The Rotterdam Study has been approved by the Medical Ethics Committee of the Erasmus MC
and by the Dutch Ministry of Health, Welfare and Sport (Population Screening Act WBO, license
number 1071272-159521-PG). All participants provided written informed consent to
participate in the study and to have their information obtained from their treating physicians.

Operationalization of reserve
The primary aim of this study was to investigate the role of early-life and late-life reserve in the
incidence of dementia. As participants were included during middle and late adulthood,
proxies were used for early-life CR and BR. Educational attainment was used as a proxy for
early-life CR and ICV as a proxy for early-life BR. Late-life CR was estimated using a structural
equation model similar to the model used in the study by Petkus and colleagues396. For latelife BR measurements were chosen that closely related to early-life BR, i.e., ICV. Hence, latelife BR was defined as the proportion of MRI-based normal appearing brain tissue. Nonlesioned brain volume is conceptually close to ICV as a proxy for early-life BR, as both describe
the total neural capacity. Late-life BR was calculated according to the equation: [total brain
volume – white matter lesion volume] / ICV. The white matter lesion volume was removed from
the total brain volume as BR denotes the neural capacity to buffer neuropathology, and white
matter lesions are a type of neuropathology and should thus not be counted towards BR. The
metric was divided by ICV for two reasons. First, this proportional metric has been shown to
have a stronger association with dementia than brain volume by itself399. Second, the strong
correlation between brain volume and ICV (Pearson’s r = 0.90) introduced unwanted
multicollinearity in the models that contained both ICV and late-life BR.

Educational attainment and cognitive function
Education level was assessed at baseline and classified into four categories according to the
UNESCO

classification.

The

levels

used

were

primary

education

("primary"),

lower/intermediate general education or lower vocational education ("low"), intermediate
vocational education or higher education ("intermediate"), and higher vocational education
or university ("high"). Primary education was used as the reference class. This was because
previous studies have indicated that educational attainment particularly reduces the risk of
incident dementia at lower levels of educational attainment400.
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To assess cognitive function all participants underwent a cognitive test battery. The protocol
has been described elsewhere61. In brief, the battery consisted of a 15-word verbal learning
test355, the Stroop test356, the letter-digit substitution test66, a verbal fluency task357, and the
Purdue pegboard Test71.

Late-life CR
Late-life CR was estimated using a structural equation model (Figure 2), which was based on
a previous study

. In brief, CR can be described as the level of cognitive function when

396

considering the degree of neuropathology and age-related decline. The structural equation
model therefore defined late-life CR as a latent variable that is calculated by controlling the
cognitive scores for demographic factors and brain-related factors including neuropathology.
This approach is known as variance decomposition and has been validated as an appropriate
method to assess late-life CR395,396,401.
The full model was designed as follows. Scores were obtained for the five cognitive tests and
for each we regressed out the effects of age, sex, educational attainment, the natural log of the
white matter lesion volume and the volume of normal appearing brain matter. Normal
appearing brain matter and the log of the white matter lesions were adjusted for intracranial
volume, age, sex, and educational attainment. Late-life CR was defined as a latent variable on
which all cognitive test scores loaded. Thus, CR was the difference between the actual
cognitive functioning and the predicted level of cognition based on demographic factors and
brain structure. The distribution of the Stroop test times had a strong positive skew, which led
to violation of the normality assumption of the residuals in the structural equation model. This
was amended by log transforming the Stroop test time distribution. The model fit was
evaluated using the comparative fit index (CFI) > 0.95, the Tucker Lewis Index (TLI) > 0.95 and
the root-mean-squared error of approximation (RMSEA) < 0.06, in accordance with commonly
used criteria402.

Assessment of intracranial volume and brain volume
Neuroimaging was performed on a 1.5 Tesla MRI scanner with an eight-channel head coil (GE
Signa Excite, General Electric Healthcare, Milwaukee, USA). The imaging sequence and
processing details have been described extensively elsewhere13. In brief, images from three
sequences were utilized, i.e., a T1-weighted sequence, a proton density-weighted sequence,
and a fluid-attenuated inversion recovery (FLAIR) sequence.
The images were segmented into grey matter, cerebrospinal fluid and white matter using an
automated processing algorithm based on a k-nearest-neighbor classifier, which has been
described previously403. In brief, the classifier automatically registers six manually segmented
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Figure 2 | Structural equation to estimate late-life cognitive reserve. Comparative Fit
Index = 0.991; Tucker-Lewis Index = 0.965; root mean square error of approximation =
0.050 [95% CI = 0.043; 0.056].

atlases non-rigidly to the images. By considering the k nearest voxels, voxel-wise tissue class
probabilities can be calculated, which are then used to classify the voxel to a tissue type. All
segmentations were visually inspected, and corrections were applied where necessary. Total
brain volume was estimated by summing total gray and white matter volumes. ICV was
calculated as the sum of the total brain volume and the cerebrospinal fluid volume.
White matter lesions were quantified through an automated method404. In brief, white matter
lesions are typically detected on FLAIR images as hyperintense regions in the white matter.
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The automated method utilized the gray matter classification to determine the optimal
intensity threshold for the white matter lesions on the FLAIR images, thus enabling automated
segmentation404.

Assessment of incident dementia
Participants were screened for dementia at study entry and subsequent center visits with the
Mini-Mental State Examination405 and the Geriatric Mental Schedule organic level406. Those
with a Mini-Mental State Examination score below 26 or Geriatric Mental Schedule score above
0 underwent a physician interview and additional testing using the Cambridge examination
for mental disorders in the elderly (CAMDEX)407. In addition, the entire cohort was continuously
under surveillance for dementia through electronic linkage of the study database with medical
records from general practitioners and the regional institute for outpatient mental health care.
Study physicians biannually evaluate all records and combine information from medical
records with in-person screening to draw up individual case reports. In these reports, the
physicians covered all gathered relevant information to establish the presence, probability,
and subtype of dementia. A consensus panel led by a consultant neurologist established the
final diagnosis according to standard criteria for dementia using the revised third edition of
the Diagnostic and Statistical Manual of Mental Disorders version III (DSM-III-R)408.

Stroke
Participants were excluded if they had prevalent stroke, i.e., if they were diagnosed with stroke
before the start of follow-up (see “Study Population”). The stroke ascertainment has been
described previously409. In brief, during the baseline interview participants were asked
whether they had suffered a stroke, as diagnosed by a physician. These answers were then
verified through medical records. After the baseline interview, participants were continuously
monitored for the occurrence of events through automatic linkage with the files of the general
practitioners. If an event occurred, a consensus panel would consider the event based on
information from the general practitioner and hospital discharge records if available. The
event was defined as a probable stroke if typical clinical symptoms were present but no clinical
information on neuroimaging was available. MRI scans obtained as part of the Rotterdam
Study were not used in the consensus panel to maintain consistency of ascertainment among
those that did and did not participate in the MRI scanning. For the current paper, all
participants with definite or probable stroke before the start of follow-up were excluded.

Covariates
Hypertension was defined as a resting blood pressure exceeding 140/90 mmHg or the use of
blood pressure lowering medication. Blood pressure was measured twice with a
sphygmomanometer after 5 minutes of rest, and the mean was taken as the participant’s
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reading. Use of blood pressure lowering medication was derived from information collected
at the home interview. Alcohol use was assessed during the home interview, and assessed
consumption of beer, wine, liquor, and other alcohol types. To define the total alcohol intake,
the number of each beverage consumed was converted to alcohol intake in grams per day and
then summed up. The algorithm to calculate alcohol in grams per day is described
elsewhere240. Smoking status was obtained during home interviews and defined as never,
former, and current. Body mass index (BMI) was calculating using the height and weight
obtained with calibrated scales during the research center visit. The number of APOE ε4 alleles
was determined by DNA sequencing procedures which have been described elsewhere410.

Statistical analysis
The primary aim of the study was to examine the associations of early-life and late-life CR and
BR with the risk of developing dementia. To do so, Cox regression models were constructed.
The beginning of follow-up time was defined as the moment of completion of the cognitive
measures or the MRI visit, whichever occurred last. The censor date was based on the date of
dementia diagnosis, date of loss to follow-up, date of death, or January 1st 2016, whichever
came first. All analyses were performed with age as the time scale. All reserve proxies but
educational attainment were standardized.
To adjust for potential confounding, the models included the following covariates: Cohort (RSI, RS-II or RS-III), sex, age difference between cognitive testing and MRI scan (years),
hypertension (yes/no), alcohol intake (g/day), smoking status (never/past/current), BMI
(kg/m2) and APOE ε4 allele count. Given the strong correlation between ICV and body height,
body height was also considered as a confounder. However, adjusting for body height may
lead to overadjustment and thus an underestimation of the association between ICV and the
incidence of dementia394. Furthermore, the results were unattenuated when body height was
included as a covariate (data not shown). Therefore, only the findings from the models that
were not adjusted for body height were reported.
To study the relative contribution of all factors in the incidence of dementia, three different
types of Cox regression models were constructed. In Model 1, to examine the effect of each
proxy in isolation, each reserve proxy was examined in a separate Cox regression model:
•
•
•
•
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where

ℎ1 (𝑡𝑡)

ℎ0 (𝑡𝑡)

is the hazard ratio, ln is the natural log, the βs are the regression coefficients, llCR

is the late-life CR and llBR is the late-life BR. In Model 2, the CR proxies were combined into one
model and the BR proxies into another to consider the relative importance of early-life and
late-life proxies:
•
•
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In Model 3, all four reserve proxies were combined into a single model to see whether CR and
BR exert independent effects on the risk of dementia:
•

ℎ1 (𝑡𝑡)

ln �ℎ

0 (𝑡𝑡)

� = 𝛽𝛽𝑒𝑒𝑒𝑒𝑒𝑒 ∙ 𝑒𝑒𝑒𝑒𝑒𝑒 + 𝛽𝛽𝐼𝐼𝐼𝐼𝐼𝐼 ∙ 𝐼𝐼𝐼𝐼𝐼𝐼 + 𝛽𝛽𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 ∙ 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 + 𝛽𝛽𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 ∙ 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 + 𝛽𝛽𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ∙ 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

For each model, the hazard ratios, 95% confidence intervals (95% CI) and p-values are
reported.

To see how CR and BR interact in their protective effects, two new models were created: one
containing early-life CR and BR, and one containing late-life CR and BR. In both models, both
variables were dichotomized along their mean values and created four groups of individuals
based on their levels of CR and BR. We consequently looked at whether these groups differed
in their risk of dementia.
To see how stable the findings were, the analyses were stratified by for sex, age at baseline
(below or equal and above 77 years of age) and APOE ε4 carriership to see how stable the
associations were. Missing data were imputed twenty times using chained equations and the
estimates from the models were pooled subsequently101,105,411. All statistical analyses were
performed in R 3.4.2 using the 'survival' package95,412. The structural equation model was built
with the 'lavaan' package413.

Data availability statement
The datasets for this manuscript are not automatically publicly available due to legal and
informed consent restrictions. Reasonable requests to access the datasets should be directed
to the management team of the Rotterdam Study (secretariat.epi@erasmusmc.nl), which has
a protocol for approving data requests.

RESULTS
Table 1 shows the baseline characteristics of the 4,112 participants. The mean age at baseline
was 66.3 years (standard deviation = 8.7), and 2,278 (55.4%) were women. The median
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Table 1 | Baseline characteristics of the study population (N = 4,112).
Characteristics

M ± SD or N (%)

RS cohort
RS-I

806 (19.6%)

RS-II

1,134 (27.6%)

RS-III

2,172 (52.8%)

Sex, female

2,278 (55.4%)

Age at start of follow-up in years

66.3 ± 8.7

Years difference between cognitive testing and MRI scan (median; IQR)

0.13 ± 0.26

Hypertension, yesa

2,696 (65.7%)

a

Alcohol in g/day

9.7 ± 10.6

a

Smoking status
Never

1,277 (31.2%)

Past

2,096 (51.1%)

Current

722 (17.6%)

Body mass index in kg/m2a

27.4 ± 4.1

a

APOE ε4 number of alleles
0

2,850 (71.3%)

1

1,053 (26.4%)

2

92 (2.3%)

Education level
Primary

333 (8.1%)

Low

1,617 (39.3%)

Medium

1,215 (29.5%)

High

947 (23.0%)

ICV in cm

3

Late-life BR ((BV – WMHV) / ICV)

1,139.4 ± 115.9
0.82 ± 0.04

BV = brain volume; ICV = intracranial volume; IQR = interquartile range; RS = Rotterdam Study; WMHV = white matter
hyperintensity volume.
a

Missingness was present in the variables hypertension (0.2%), alcohol intake (6.3%), smoking status (0.4%), body mass

index (0.2%) and APOE ε4 allele count (2.8%).
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duration between the cognitive testing and the MRI scanning was 0.13 years (interquartile
range: 0.26; from 0.08 to 0.34). Most participants achieved low to intermediate education
(primary = 8.1%, low = 39.3%, intermediate = 29.5%, high = 23.1%). The mean ICV was 1,139.4
cm3 (standard deviation = 115.9 cm3). Both late-life CR and BR were standardized and had a
mean of 0 (standard deviation = 1). The structural equation for late-life CR had a satisfactory
fit (CFI = 0.991, TLI = 0.965, RMSEA = 0.050 [95% CI = 0.043; 0.056]).

Incidence of dementia and separate models of the reserve proxies
During 24,631 person-years of follow-up (mean follow-up time = 6.0 years, SD = 2.8) a total of
110 participants developed dementia. As expected, the incidence rate increased with age
(0.09% at 70 years, 0.80% at 80 years and 3.91% at 90 years).
Table 2 shows the results of the Cox regressions for the risk of dementia associated with each
reserve proxy. In Model 1, compared to those with only a primary education, the risk of
dementia was lower in those with low education (hazard ratio (HR) = 0.68 [95% CI = 0.38; 1.24],
p = .20), intermediate education (HR = 0.59 [0.31; 1.12], p = .11) and high education (HR = 0.48
[0.21; 1.06], p = .07), although none of these associations reached statistical significance.
Similarly, higher ICV associated with a reduced risk of dementia (HR = 0.94 [0.74; 1.19], p = .62),
but this also did not reach statistical significance. Both late-life CR (HR = 0.57 [0.48; 0.68], p <
.0001) and late-life BR (HR = 0.54 [0.43; 0.68], p < .0001) associated with a lower risk of
dementia.

Incidence of dementia and combined models of the reserve proxies
In Model 2, the CR proxies were combined into one model and the BR proxies into another
model. The effect for educational attainment was attenuated (HRprimary-vs-low = 0.77 [0.42; 1.39],
p = 0.38; HRprimary-vs-intermediate = 0.73 [0.38; 1.40], p = 0.34; HRprimary-vs-high = 0.56 [0.25; 1.25], p = 0.15),
whereas late-life CR remained strongly associated with a lower risk of dementia (HR = 0.58
[0.48; 0.68], p < .0001). The combined model for the BR proxies did not change the results
compared to the separate models. In Model 3, all proxies were combined into a single model.
The results of Model 2 and Model 3 were very similar, with both late-life CR (HR = 0.62 [0.52;
0.74], p < .0001) and late-life BR (HR = 0.59 [0.46; 0.75], p < .0001) associating with a lower risk
of dementia.

Interaction between CR and BR
Participants were divided into four groups: high CR with high BR, high CR with low BR, low CR
with high BR and low CR with low BR. This was done for both early-life and late-life reserve
proxies separately. The survival curves for each early-life group are shown in Figure 3A, and
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CR

BR

CR

BR

Early-life

Early-life

Late-life

Late-life

0.48 (0.21; 1.06)

High

tissue, per SD

Proportion of healthy brain

Predicted CR, per SD
0.54 (0.43; 0.68)

0.57 (0.48; 0.68)

0.94 (0.74; 1.19)

0.59 (0.31; 1.12)

Intermediate

ICV, per SD

0.68 (0.38; 1.24)

Low

= Separate models for each of the four proxies.

= Separate models for the CR proxies and the BR proxies.

= Combination of all four proxies into a single model.

a

b

c

0.52 (0.41; 0.66)

0.58 (0.48; 0.68)

0.85 (0.67; 1.07)

0.56 (0.25; 1.25)

0.73 (0.38; 1.40)

0.77 (0.42; 1.39)

(reference)

HR (95% CI)

HR (95% CI)
(reference)

Model 2b

Model 1a

Primary

Education

Measure

HR = hazard ratio; CR = cognitive reserve; BR = brain reserve; ICV = intracranial volume.

Domain

Life phase

0.59 (0.46; 0.75)

0.62 (0.52; 0.74)

0.89 (0.70; 1.12)

0.56 (0.24; 1.28)

0.80 (0.41; 1.56)

0.82 (0.45; 1.49)

(reference)

HR (95% CI)

Model 3c

Table 2 | Hazard ratios of incident dementia related to early and late-life proxies of reserve. A total of 110 events occurred during
a mean follow-up time of 6.0 years (SD: 2.8). ICV, late-life CR and late-life BR were standardized. Included covariates were cohort,
sex, age difference between cognitive testing and MRI scan (years), hypertension (yes/no), alcohol intake (g/day), smoking status
(never/past/current), BMI (kg/m2) and APOE ε4 allele count.
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for each late-life group in Figure 3B. No statistically significant differences were found
between the early-life groups (all p > .05). In contrast, differences between the groups were
present in the late-life proxies. Compared to the high CR high BR group, the high CR low BR
group did not differ in incidence of dementia (HR = 1.14 [0.58; 2.25], p = .70), whereas both the
low CR with high BR group (HR = 2.24 [1.21; 4.13], p = .01) and the low CR with low CR group
(HR = 3.93 [2.24; 6.87], p < .0001) had higher rates of dementia.

Sensitivity analyses
Within model 3, the effect of stratification on age, sex and APOE ε4 carriership was further
assessed. All HRs for these sensitivity analyses are displayed in Figure 4. The proxies for
reserve did not show statistically significant differences in their associations with incident
dementia for those aged below 77 years old versus those 77 years and older (all p > .05).
Moreover, no differences were found when comparing the associations in men and women (all
p > .05). For APOE ɛ4 carriership we found that carriers showed a weaker association between
the late-life CR and incidence of dementia (HR = 0.86 [0.63; 1.16], p = .32) than non-carriers (HR
= 0.52 [0.41; 0.66], p < .0001), although in the same direction.

Figure 3 | Dementia survival curves for the low and high CR and BR strata. Panel A
displays the curves for early-life reserve, and Panel B for late-life reserve. The variables
were dichotomized along the mean. CR = Cognitive reserve; BR = Brain reserve.
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Figure 4 | Hazard ratios for incident dementia and their 95% CIs, stratified for age, sex
and APOE ε4 carriership.

DISCUSSION
Late-life constructs of reserve – both CR and BR – related more strongly to incidence of
dementia than early-life constructs. Furthermore, while early-life CR reduced the risk of
dementia, this effect was attenuated when considering late-life CR simultaneously. Finally,
late-life CR and late-life BR protected both independently and interactively against the
incidence of dementia.
Previous literature on reserve has mostly focused on proxies that are relatively constant
throughout life, such as educational attainment and ICV20,394. Educational attainment has been
extensively studied in both patients and dementia-free populations, and it is an integral part
of most theories related to resilience towards dementia. For example, higher levels of
education could lead to healthier lifestyle choices and therefore better cardiovascular and
brain health414. Still, in a systematic review of 88 population-based studies only 51 studies
found a statistically significant association between education and the prevalence or
incidence of dementia400. Our findings also showed a protective effect of education on
dementia, but the association did not reach statistical significance. The practical utility of
educational attainment as a proxy for CR should therefore be examined more critically,
especially considering the existence of latent variable methods to estimate CR from a wider
range of variables.
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The comparison between reserve proxies from different life phases has been studied
previously31,32. One study analyzed data from 7,574 individuals on primary school grades,
educational attainment, and occupational complexity31. The analyses showed that high levels
of these factors independently lowered the risk of dementia to a comparable degree. These
findings were extended by a similar study in 602 participants of the Kungsholmen Project, a
prospective longitudinal cohort32. Late-life CR was defined as a latent variable based on
physical, social, and mental activity during late life. They found that early-life, mid-life, and
late-life CR related to the incidence of dementia. More importantly, when all CR measures were
combined into a single model the early-life and mid-life CR effects were attenuated. The
present study extended these findings by using a more direct measure of late-life CR, i.e.,
structural equation modeling that incorporates sociodemographic and brain factors.
A recent meta-analysis showed that a larger ICV tends to correlate with better cognitive
function after adjusting for pathology394. Several other studies have suggested that individuals
with a larger ICV show slower rates of cognitive decline415,416. Still, ICV does not seem to differ
between dementia patients and healthy controls417-420. The present study also did not yield
support for a link between ICV and dementia. Rather, we found that late-life BR – which was
defined as the amount of healthy brain tissue – protects against incident dementia with a
comparable effect as late-life CR. Moreover, the effects for CR and BR seemed to be additive,
where higher levels of reserve in either decreased the risk for dementia. These findings
emphasize the need to reconsider the role of ICV as the most appropriate proxy for BR394,
especially when more dynamic measures likely have greater clinical relevance.
The present study had several limitations. First, education and ICV are commonly used proxies
for early-life CR and BR, but they arguably do not reflect early-life reserve accurately. For
example, educational attainment is strongly influenced by sociodemographic and cultural
factors. During the 1950's and 1960's women did not necessarily have equal access to
education as men did421, regardless of their cognitive and academic functioning, which may
compromise the value of education as a CR proxy. A second limitation of the study is the
limited number of cases within the study. While the Rotterdam Study included 1,741 incident
dementia cases by the end of 2016, most of these occurred before brain MRI scanning was
introduced into the Rotterdam Study. A third limitation is that no information was available
on earlier phases of cognitive decline, such as mild cognitive impairment. Reserve likely plays
a role during those phases too, and the effects of BR and CR may differ from those observed in
this study. Finally, the ascertainment of dementia relied on the DSM-III-R criteria rather than
newer guidelines such as those proposed by the NIA-AA422. The reason for relying on the DSMIII-R criteria is because they have been in place since the beginning of the Rotterdam Study in
1989. By maintaining the same standards and using the same screening tools over the last 30
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years, the Rotterdam Study data have been instrumental in understanding how the incidence
of dementia develops over time. However, this does mean that the findings should be
interpreted in the context of the DSM-III-R criteria.
The study also had several strengths. The dementia ascertainment procedures were extensive,
with continuous screening of medical records and follow-up based on research center results.
In addition, loss to follow-up was low in participants who partook in both cognitive testing and
the brain MRI scan. The number of missed dementia cases was therefore likely low. Finally, we
were able to correct for a wide range of factors that may have confounded the associations.

CONCLUSION
Late-life reserve proxies are relatively more important than early-life reserve proxies in the
incidence of dementia. Additionally, late-life CR and late-life BR have independent and
additive protective effects against incidence of dementia. This study emphasizes the need to
consider CR and BR simultaneously to further elucidate the etiology of dementia.
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“In the company of blockheads, the mind gets rusty for lack of use. In tennis, one’s
return is rotten when the serve is bad. I would prefer an intelligent man to have had no
education at all, provided he is still young enough, than to have been badly educated.
A man with a poorly trained mind is like an actor spoiled in the provinces.”
– Julien Offray De La Mettrie (L’Homme Machine, 1748)
The human brain develops and deteriorates across a lifespan. In this thesis, I aimed to further
elucidate the role of genetic, vascular, and reserve-related mechanisms in shaping the brain.
For the genetic mechanisms, we focused on polygenic scores for late-life neurodegenerative
disease and subcortical volumes and their relevance for the brain during early life. For the
vascular mechanisms, we first explored the association of blood pressure and arterial stiffness
with cognition during early and late life. Next, we examined how vascular risk factors during
early and mid adulthood relate to cognition and brain structure over 15 years later. For
reserve-related mechanisms, we first considered how early life adverse events shape the earlylife brain. Next, we characterized the age-related differences in cortical gyrification across
adulthood. Finally, we showed how early-life and late-life brain and cognitive reserve (CR) and
brain reserve (BR) relate to the incidence of late-onset dementia. These studies primarily relied
on data from the Generation R Study for early-life data, and the Rotterdam Study for later-life
data. We also established the ORACLE Study, a neuroimaging visit focused on the parents of
the Generation R children, to explore early and mid adulthood risk factors and their role in
subsequent brain health. Here, I present a discussion of the findings of this thesis.

FINDINGS IN PERSPECTIVE
On genetic mechanisms
The etiology of late-life neurodegenerative disease may have its roots early in life. As the
genetic code is largely stable across the lifespan, it has been speculated that the genetic
burden for late-life neurodegenerative diseases affects early-life brain structure and function.
Our findings suggest that this is unlikely, at least for the measures that we examined. Polygenic
scores for Alzheimer’s disease, Parkinson’s disease and frontotemporal dementia did not
associate with cognitive function, global brain structure or brain regions that have been
implicated in those diseases. As expected, APOE did influence serum lipid levels during early
childhood. Abnormal levels of lipid levels are seen as a vascular risk factor, that may in turn
affect brain structure and function later in life. Thus, while genetic burden for late-life
neurodegenerative diseases do not seem to affect brain function and global and regional brain
structure during early-life, they may indirectly affect the brain later in life.
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We further explored the role of genetics in early-life by calculating polygenic scores for
subcortical volume in Generation R. We found that the scores related to subcortical volumes
during infancy – as measured with cranial ultrasound – and during early childhood – as
measured with MRI. Through mediation analysis, we were able to show that the effect of the
genetic scores on subcortical volumes during childhood was only partly mediated by the
subcortical volumes during infancy. This suggests that the scores capture genetic mechanisms
across different developmental phases, primarily birth. It also suggests that reserve – at least
in subcortical regions – is partly shaped by genetics during early life.

On vascular mechanisms
Previous literature has shown that midlife vascular characteristics like blood pressure and
arterial stiffness associate with subsequent cognition levels. Our findings from chapter 4.1
provide further support for this association, as higher late-life systolic blood pressure (SBP)
and arterial stiffness were associated with poorer cognitive performance. Furthermore,
diastolic blood pressure (DBP) showed a non-linear association, with both low and high DBP
were associated with lower cognition. Given that the etiology of late-life neurodegenerative
disease has its roots in early life, we considered whether the association between vascular risk
factors and cognition is also present during early-life. Our findings suggest that higher DBP
does relate to lower levels of cognition during early childhood, but with a weaker effect than
what we observed in the late-life population.
To explore the longitudinal nature of the association between vascular risk factors and brain
structure and function, we used data from the ORACLE Study. The ORACLE Study enabled the
study of vascular factors roughly 15 years before assessment of cognition and brain structure.
Data were available from a wider range of vascular risk factors: SBP, DBP, body mass index,
smoking low-density lipoproteins, high-density lipoproteins (HDL), non-HDL levels, and
triglycerides. Interestingly, in this sample blood pressure did not seem to associate with
subsequent cognition. This may be because the sample size was too small to detect the effect.
Indeed, we found much larger effect sizes than with the cross-sectional approach in chapter
4.1, but the standard errors were also proportionally larger. Additionally, we found that blood
pressure did associate with subsequent performance on the Purdue pegboard test, and with
white matter lesion volume. Further stratification by age showed that blood pressure from the
age of 30 years onwards was associated with subsequent white matter hyperintensities. This
may have been due to the limited follow-up; associations could appear at younger ages if the
follow-up time was longer. Overall, these findings do suggest that vascular risk factors
associate with brain structure and cognition across the lifespan.
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On mechanisms related to reserve
Levels of CR and BR build up during early life. This is likely due to both genetic and
environmental factors. Adverse childhood experiences have previously been linked to earlier
onset of puberty, particularly if they were of a threatening nature318. Our findings suggest that
threatening adverse childhood experiences also accelerate aging of the adolescent brain. This
may affect reserve levels in different ways. First, the build-up of reserve slows down
significantly during early adulthood. Early maturation of the adolescent brain may induce such
a state of slower reserve build-up at an earlier age and thus there would be less time to
accumulate reserve. This would lead to an earlier and lower peak in reserve levels compared
to children whose brain matures later. Second, adverse childhood experiences may lead to
negative consequences in other aspects of life, such as academic performance and cognitive
and psychosocial development. This may lead to a reduced amount of reserve to be build,
which would appear as a seemingly earlier maturation of the brain. This mechanism would
also affect later factors that may increase reserve, such as educational attainment and
occupational complexity. It is important to elucidate which mechanisms are at play, as the
consequences of the adverse childhood experiences on reserve may propagate beyond
adolescence.
We further studied how early-life and late-life reserve relate to the incidence of dementia. In
the Rotterdam Study, we defined early-life CR as educational attainment and early-life BR as
intracranial volume. Late-life CR was determined through variance decomposition of
cognition based on demographics, white matter lesion volume, and late-life CR. Finally, latelife BR was set as the non-lesioned brain volume divided by the intracranial volume.
Importantly, we found that late-life reserve levels are more relevant than early-life reserve
levels. As the early-life reserve proxies are strongly predictive of late-life proxies, they may
affect the risk of dementia partly through their influence on the late-life reserve levels,
although further work is needed to demonstrate this. In addition, we considered the relative
importance of CR and BR. We found that late-life CR and BR both had a comparable influence
on the risk of dementia. Finally, the late-life reserve levels seemed to interact with each other,
and thus having low levels of both will lead to a more than additively higher risk to develop
dementia. The findings related to brain reserve were somewhat surprising, as the measure for
brain reserve was relatively simple, i.e., gross brain volume. Brain reserve can be better
approximated with more refined techniques like positron emission tomography or more
specific measures such as regional/hippocampal volumes423-425. More refined measures of
brain reserve may show even stronger associations with incidence of dementia, and could
further change our understanding of CR and BR.
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To better understand refined features of the brain, we studied the population characteristics
of cerebral gyrification using QDECR. The focus was primarily on older age, as few studies
included individuals over the age of 60 years. We showed that global gyrification has a linear
negative association with age rather than a non-linear association from middle adulthood
onwards. Furthermore, we mapped regional patterns of age-related changes in gyrification.
This revealed one area, the medial prefrontal cortex, that showed more gyrification with age
during late adulthood. Furthermore, we found that gyrification in primarily temporal regions
were related to cognition. Finally, we showed that these associations were independent of
other well-known characteristics of the cerebral cortex, i.e., cortical thickness and surface
area. These findings point to cortical gyrification as a possible biomarker for age-related and
cognition-related states of the brain.

METHODOLOGICAL CONSIDERATIONS
On the definition of reserve
The idea of a brain-related reserve stems from a study published by Katzman and colleagues
in 1988426. Through post-mortem examination, they identified elderly individuals with minimal
cognitive decline yet with extensive pathological features of Alzheimer’s disease. This gave rise
to the idea of a reserve, a buffer capacity to mitigate the negative consequences of
neuropathology. In the same year, a book chapter was published that speculated on the idea
of CR. The chapter stated that “psychosocial factors act primarily to reduce the margin of
intellectual reserve to a level where a more modest level of brain pathology results in a
diagnosable dementia.”427 Over 30 years have passed, and numerous studies have been
conducted with the aim to elucidate what CR is. However, no study has yielded a concrete
framework that directly defines or measures CR.
CR cannot be measured directly, and it thus has two definitions: a theoretical/conceptual
definition and an operational definition. According to the white paper on reserve20, CR is
conceptually defined as “the adaptability of cognitive processes that helps to explain
differential susceptibility of cognitive abilities or day-to-day function to brain aging, pathology
or insult.” The operational definition of CR states how it can be measured, for which two
established methods exist. The first is to use proxy measures, such as educational attainment
or occupational complexity, to see how they modulate the association between pathological
brain features and the symptomatology of dementia. However, this method has severe
drawbacks. The primary drawback is that it defines CR as the extent to which the CR proxy
moderates the association between neuropathology and some factor. Consequently, CR
cannot be quantified, and this method only allows researchers to see whether CR has an effect
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or not. The second method uses structural equations to model CR as a latent construct395,396,
which generally entails that cognitive performance is modeled as a consequence of
demographic factors, neuropathology, and the unobserved CR. This method boils down to the
idea that, given fixed levels of neuropathology, CR is defined as the remaining unexplained
effect on the outcome. It is significantly more powerful than the first method, as it assigns a
quantity to CR.
Here, I will argue that the current conceptual framework of CR is flawed and ipso facto hinders
any progress in understanding it. My arguments stem primarily from two key observations:
misspecification of definitions and residuality. Even though CR has a theoretical and an
operational definition, they are inseparable. The theoretical definition as stated in the
Whitepaper consists of two parts: “the adaptability of cognitive processes” and all the words
that follow. The second part is essentially identical to the operational definition. It simply
states that the first part – i.e., the adaptability – must explain the operational definition, i.e.,
why differences exist between people in their functioning when considering neuropathology.
Thus, the theoretical definition encapsulates the operational definition. What remains is “the
adaptability of cognitive processes”, which should explain the individual differences in
susceptibility, i.e., the operational definition. The “adaptability of cognitive processes” is a
valid definition, but it is not part of the operational definition, as the operational definition
only addresses the susceptibility that is caused by the lack of adaptability. Furthermore, the
existing methods to operationalize CR actually quantify the susceptibility, not the
adaptiveness of cognitive processes per se. Combined, this implies that the theoretical and
operational definitions are redundant – the theoretical definition encapsulates the
operational one – and insufficient – the operational definition does not address the actual
“adaptability of cognitive processes”.
A second problem is the residual nature of the operational definition. In the structural
equation method, CR is the residual variance that remains after removing the effects of
demographics and neuropathology (Figure 1A). The residual variance can vary for a multitude
of reasons. Any confounding factor that is not adjusted for will contribute to the residual
variance and will unintentionally be labeled as CR (Figure 1B). For example, if the
neuropathological trait is linked to sex and sex were not adjusted for, then the sex-related
residual variance will incorrectly be interpreted as CR. Furthermore, the residual model
implicitly assumes that the included neuropathology measures associate with the cognitive
measures. If they do not associate (Figure 1C), then most variance will be unexplained (i.e.,
residual), and the CR measure will correlate highly with the cognitive measures (Figure 1D).
Paradoxically, cognitive measures that do not associate with common neuropathology
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Figure 1 | (A) Plot of neuropathology versus cognition. The residuals (arrows) can be
labelled as CR. (B) Further partitioning of the residuals. (C) Residuals when there is no
association between the neuropathology measure and cognition. (D) Correlation between
CR from panel C and cognition.
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B
Cognition

Cognition

Source of variance
Confounder
Remaining reserve

Neuropathology

C

Neuropathology

D
Cognition

Cognition

rPearson = 0.999

Neuropathology

Reserve

measures but associate with dementia symptoms will seem to be the strongest proxies for CR
according to the residual method, despite not relating to CR at all.
As a consequence of the arguments above, little research can be conducted to further
elucidate the mechanisms of CR. If CR was to be elucidated through its theoretical definition,
then the focus would be on exploring the adaptiveness of cognitive processes. However, the
current operationalizations do not address adaptiveness. If instead CR was to be elucidated
from its operational definition, then it would be important to identify a way to quantify CR
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directly. However, as stated, no direct measures exist. Further elucidation is not truly possible
when CR is defined as a residual, which is the case for as long as the operational definitions
force a dependence between neuropathology and CR. Without acknowledging these
limitations, the field will not progress in grasping what CR actually entails.
To improve upon the current definitions, we must consider how they arose. The residual
approach to CR considers the adaptability of cognitive processes by taking out the
contribution of neuropathology (and other factors) from cognitive function. This begs the
question: Is it possible – if only in theory – to quantify adaptability of cognitive processes? The
answer is yes. Keep in mind that cognitive processes arise from the brain and depend heavily
on the brain’s structural and functional organization. Cognition may vary depending on the
structural and functional connections in the brain on the level of individual neurons, neural
populations, cortical columns, and brain regions. Thus, it should in theory be possible to
derive the level of cognition with full knowledge of the state of a brain. Similarly, adaptability
of cognitive processes depends on reorganization of the brain on structural and functional
levels. The degree to which a person’s brain can reorganize in response to aging and
neuropathology is the essence of cognitive reserve. If we can quantify this compensatory
reorganization ability, then we would have a direct measure of cognitive reserve without
relying on measures of cognition or neuropathology. This idea has been proposed several
times and has been considered in great detail elsewhere428. While it is currently not clear how
such a reorganization ability can be measured, further work on this topic can revolutionize the
concept of CR.

On the surface of the brain
The field of neuroimaging is rapidly developing. Cohorts such as ABCD Study and the UK
Biobank provide high quality brain images of thousands of individuals to thousands of
research groups who are capable of analyzing such datasets. More than ever, the field needs
to discuss the ramifications of study design in neuroimaging, and the factors that need to be
considered. Here, I will discuss two topics: parcellation of the brain and epidemiological bias.

Parcellation of the brain
Realistically, no factor equally affects every cell in the brain equally, nor do all cells in the brain
affect a common outcome. Effects are usually refined to specific regions or cell-types. For
example, Alzheimer’s disease has been extensively linked to the hippocampus429, a brain
region that plays a central role in memory430. Precise spatial localization of effects is thus
important.
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A major consideration to achieve proper spatial mapping is the subdivision of brain
measurements into clusters or brain regions. The shape of the cerebral cortex can be captured
through tessellation of the surface, resulting in a vertex-wise, surface-based map431. Using
brain atlases, the maps can be further parcellated or divided into specific regions. The first
brain atlas was created by Korbinian Brodmann, and was based on histological studies with a
focus on cytoarchitectural differences of brain regions432. In 2006, a structural MRI-based atlas
was published that is now known as the Desikan-Killiany atlas327, which is still widely used to
study specific brain regions in MRI-based studies. The Desikan-Killiany atlas was also used in
this thesis in chapter 3.2 to study regions related to late-life neurodegenerative diseases, and
in chapter 5.1 to segment the cerebral cortex for the study of brain age. Over the years, more
refined and more detailed atlases. This was done by improving the quality of the dataset by
using larger samples and multi-modal data433, or by focusing on specific types of study such as
neonates434.
Unfortunately, the use of atlases has clear limitations. First, no clear guidelines or criteria exist
regarding when to use which atlases. Second, the different atlases may have large effects on
the results of analyses. For example, the team of FreeSurfer updated their hippocampus atlas
between version 5.3 and 6.088. The latter used an atlas that was based on high-resolution
images, i.e., 0.1 mm3 isometric voxels, that yielded significantly more accurate segmentation
of the hippocampus and its surrounding region435. Thus, the choice of atlas may heavily
influence the accuracy of the analyses, and thus the precision and validity of the conclusions
drawn from a study. Third, atlases assume that the division of brain regions is identical
between the sample on which the atlas is based and the sample that is being studied. In fact,
the boundaries of regions from functional atlases have been shown to change depending on
the underlying task from which the functional data are derived436. This implies that relying on
individual atlases may not be sufficient. It may be beneficial to incorporation of multiple
atlases as has been done for the subcortex in MaGeTbrain437, or to even tailor atlases to the
individual scans. Combined, these limitations suggest that analyses may yield differing results
depending on the atlas used. It is unclear how the results of the atlas-based analyses in this
thesis would change had we used other atlases than the Desikan-Killiany atlas.
An alternative approach is vertex-wise analysis, where all vertices are studied individually
instead. While this still requires the mapping of all scans to a common template, it does not
use atlases to create measures for specific brain regions. Given that vertex-wise analysis
makes fewer assumptions about the distribution of brain regions, it is especially useful for
studies where the relevant brain regions are unknown or poorly understood. However, vertexwise analyses also have much lower statistical power as they tend to involve hundreds of
thousands of vertices and thus high false positive rates. Furthermore, the analysis of vertices
199

Chapter 6

ignores the underlying cytoarchitectural properties of that region, which can be very relevant
for understanding the research question at hand. Vertex-wise analyses are not performed
because we care about individual vertices, but to give a rough indication from which region
effects may arise. Ironically, the findings from vertex-wise analyses can only be interpreted by
linking the statistically significant vertices to a region or biological construct, which is done
through atlases.
In this thesis we relied on atlases for segmentation of subcortical regions (chapter 3.1), regions
related to late-life neurodegenerative disease (chapter 3.2) and whole-brain segmentation
(chapter 5.1). It is unclear how the results of these chapters would have changed had we used
different atlases. Moreover, brain-related prediction models – like the brain age model in
chapter 5.1 – may improve further if atlas-based data and vertex-wise data are combined, as
both approaches capture different types of biologically relevant information. However, to
what extent the results would have changed given other approaches will remain unknown.
Thus, further work is needed to elucidate the importance of atlas choice in neuroimaging
studies, and consensus is needed on how atlases are to be selected and applied.

Bias
Historically, neuroimaging studies have primarily been conducted as part of neurobiological
or neuropsychological research. In recent years, neuroimaging data from a number of large
population-based cohorts have become publicly available, such as the UK Biobank. In certain
subfields of neuroimaging this will lead to a paradigm shift, with the focus moving from small,
clinical samples to large, population-based analyses. It is therefore important to reflect how
principles that are commonly considered in Epidemiology are relevant for neuroimaging
studies. Here, I will focus on the three canonical sources of systematic error or bias:
confounding bias, selection bias and information bias.
Confounders are a set of factors that are causes of both the determinant and the outcome of
a model. By not adjusting appropriately for confounders, the association will be biased and
consequently lead to incorrect inferences on the association between the determinant and
the outcome. In the field of neuroimaging, most studies consider four groups of
confounders438: biological parameters (e.g. sex and head size), age at time of scanning,
acquisition-related parameters (e.g. study site) and quality-related parameters (e.g. head
motion).
However, the brain is shaped by numerous factors, which could all act as confounders in
specific research questions. Outside of the four aforementioned confounding groups, little
attention has been given to other potential confounders such as socioeconomic status,
physical activity, and mental health. Mental health has its origins in the brain, but has been
200

General discussion

shown to shape the brain as well180. Crucially, confounding and causal directions may vary
from region to region and from vertex to vertex. For example, suffering from amblyopia – the
lack of input from one eye to the brain – if untreated will lead to structural and functional
changes that are specific to the occipital lobe. Another example would be brain networks, e.g.,
those related to reward, influencing lifestyle choices such as smoking, which in turn could be
risk factors that affect the whole brain. It may be necessary to have separate confounding
adjustment for different regions of the brain, or to develop other frameworks that can account
for such mechanisms. The field would greatly benefit from formalization of confounder
adjustment, in particularly a deeper understanding of which factors to consider for which
brain imaging modalities, and how to adjust for them.
Selection bias arises when the participants included into the study differ from the population
that the researchers attempted to recruit from, and when those differences affect the research
question. A classic example of selection bias is the healthy worker effect. In 1965, when
studying the mortality rate of amongst gas workers, Doll and colleagues discovered that gas
workers as a whole had lower mortality rates than the general population439. This was
surprising, as the idea already prevailed that coal-related exposures affect health. The
problem, as it turns out, was that bias was present as the gas workers had physically
demanding jobs. As such, those working were also on average more fit than the general
population, which contains a heterogeneity of healthy and unhealthy people. Selection bias
arose from the fact that the group of gas workers had been selected with criteria that were not
accounted for. In the end, Doll and colleagues did adequately identify the problem, and
showed that exposure differences within the group of gas workers did – as expected – increase
mortality due to lung cancer and chronic bronchitis.
Selection bias is likely present in neuroimaging studies. Certain causes of selection bias are
unique to the use of the MRI scanner. For example, individuals with contraindications such as
metal implants or dental braces may not or cannot be scanned. Metal implants may be present
due to cardiovascular problems, which could produce biases in studies exploring the role of
vascular factors in shaping the brain. Dental braces may produce biases as access to proper
dental care and the required funds for dental braces may result in fewer children from poorer
families having braces. Indeed, children in Generation R whose parents had a lower-thanaverage income at study baseline were also less likely to have dental braces during early
adolescence (data not shown). Participants may also decline to participate in neuroimaging
studies due to fears related to being scanned. Claustrophobia can impair participants to lay
still or even enter the MRI scanner, and certain individuals refuse to participate to MRI studies
due to misconceptions of the risks that MRI scanning holds. Overall, these factors combined
may only affect a fraction of the total sample – about 5-10% – but the presence of these factors
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is consistent across studies. Furthermore, these factors may be amplified in specific scenarios,
as the most recent wave of neuroimaging in the children of Generation R saw exclusion of
around 30-40% of the sample due to dental braces (data not shown). The effects of selection
bias in neuroimaging should thus be seriously considered and evaluated.
The relevance of selection bias likely varies by study. For example, the Rotterdam Study and
Generation R capture a large and representative portion of the source (urban) populations at
baseline. Both studies also collect information about participants that may relate to attrition,
such as demographics and questions on personality and psychopathology. While both studies
suffer from attrition, the available information can be used to infer how severe the bias is.
Furthermore, these data can be used to attempt to correct for a part of the bias, for example
through inverse probability weighting440. This will be much more difficult in the UK Biobank,
where the response rate for participation was only 5.5% and potentially less representative of
the general population441. Even so, all these population-based studies likely suffer from the
neuroimaging-related causes of selection bias that I described in the previous paragraph. One
study attempted to assess the influence of sample composition by weighing neuroimaging
data from 1,162 children to approximate the general population of the United States442. The
unweighted results suggested later maturation of cortical and subcortical regions than the
weighted results and other studies in the literature. While this study focuses on
generalizability, i.e., external validity, it illustrates how selection bias, i.e., internal validity,
may also be compromised if we make invalid assumptions about how our study populations
relate to the populations we intend to study. Despite all this, the role of selection bias has not
been systematically studied or explored in neuroimaging or neuroepidemiology, and thus the
consequences remain largely to be elucidated.
Information bias in neuroimaging has been studied more extensively. It has commonly been
studied in the context of multisite studies, where differences in acquisition parameters may
lead to slight differences in the images and thus in the processed data443,444. Differences in
acquisition were limited in Generation R and the Rotterdam Study, as both studies rely on a
single MRI scanner, and the acquisition parameters and software versions have not or barely
been updated since the start of the study. Another source of information bias arises from the
quality of the images given identical scanning parameters445,446. This commonly occurs due to
susceptibility artifacts and motion artifacts. Susceptibility artifacts arise from signal deviation,
e.g., distortions or changes. They arise due to moving fluids (e.g., blood) and air (e.g., air in the
nasal cavity), but may also appear when ferromagnetic objects are still present (e.g., bonded
dental retainers or dental implants). Motion artifacts can arise due to head motion, which may
be more common in individuals with anxiety for the MRI or in those with the disease of interest,
such as in attention-deficit/hyperactivity disorder447,448 or Parkinson’s disease. These artifacts
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may affect the image quality, and in turn affect the results from processing said images. In fact,
head motion has been shown to lead to an underestimation of the thickness of the cerebral
cortex57. While methods have been introduced to account for head and body motion during
scanning acquisition, they have not been implemented in the Generation R Study or the
Rotterdam Study. An alternative solution would be to remove images of poor quality, as was
done in this thesis, but this may lead to further selection bias if the causes of the artifacts
related to the research question at hand.

FUTURE PERSPECTIVES
Diminishing returns
We do not fully understand human neurodevelopment and have not mapped all the factors
that affect it. However, is it truly necessarily to elucidate every aspect of neurodevelopment
before we claim that we understand it fully? Our understanding of brain development is
lightyears ahead of De La Mettrie’s statement from 1748 (see chapter 1)1. Still, his views on the
shaping of the adult brain are not far from ours. A crucial point is outlined by Isaac Asimov in
his essay “The Relatively of Wrong”449. In it, he argues that our view of the Earth has changed
over time from being perceived as flat to being assumed a sphere. The Earth turned out to be
an “oblate spheroid”, given that it bulged around the equator, and yet further observations
have found that the bulge is asymmetrical. While each incremental model represented reality
more accurately, their practical implications were also increasingly more limited. To assume
that the Earth is flat is still more wrong than to assume that the Earth is a sphere.
The field of Neuroepidemiology – and perhaps population-based research as a whole – is
approaching a similar limit. Over time, bigger questions will have found an answer, and
remaining research questions will address more niche topics whose potential impact will be
increasingly smaller. For example, this can be seen when comparing the 2017 and 2020 reports
of the Lancet commission on dementia prevention, intervention, and care49,450. Compared to
the 2017 report, the 2020 report has added three new modifiable risk factors to their list of
dementia risk factors: heavy alcohol use (45-65 years), traumatic brain injury (45-65 years) and
air pollution (> 65 years). These factors cover a combined population attributable fraction of
6.5%, or about 1 in 15. While it cannot be denied that 1 in 15 is significant, the contribution of
the three risk factors should be considered in context. First, the effect sizes of heavy alcohol
use and air pollution are the smallest of all risk factors, and thus require significantly larger
studies to detect accurately. Second, the gains were primarily made in the category of midlife,
i.e., between 45 and 65 years. It is extremely costly to start a study with a large sample of
middle-aged individuals that have to be followed up for decades in order to see if they develop

203

Chapter 6

dementia. As time goes on, we will see fewer new additions to the potential late-life risk
factors, and an increasing focus on earlier stages of life, as we have done with the ORACLE
Study (chapters 2.1 and 4.2).
To prevent our scientific returns to diminish, I argue that several solutions need to be
considered. First, data collection within new and established cohorts should largely be
standardized to be able to combine results from those cohorts during later stages. This would
include the design of the studies, the collection, storage and processing of data, and the
retention of and communication with participants. This may need to be supported through
centralized committees and teams of experts who can aid in setting up new or maintaining
existing cohort studies. Of note is that studies should still be free to choose the tools of their
liking, but the choices must be justified and balanced against the need for unification of the
data. Second, as longitudinal data collection is costly, existing ongoing cohort studies should
be incentivized to improve their data quality procedures and to obtain retrospective and
prospective informed consent from participants to make the data of the cohort publicly
available. Third, previously collected and analyzed data may still have value through
combining it with other data or by utilizing novel analytical methods. Thus, funding
organizations should make more funding available for methodological endeavors that aim to
maximize the knowledge utilization of existing and future data. Finally, irrespective of whether
and how the other solutions are implemented, the returns that we will see from future studies
will on average decrease, up to the point where we will have to consider whether they are
worth our investments. At its core, population-based research currently is about observation
rather than intervention. When the factors that affect brain aging are generally understood,
the need to implement interventions will increase while the need for further observational
findings will decrease. As neuroepidemiologists, we must consider the future of our field, what
will be the main advances that we expect to make in the coming decades, and how those could
potentially translate into meaningful interventions in the general population. While such an
approach does not prevent diminishing returns in Neuroepidemiology, it would ensure that
our gains are still maximally utilized for the benefit of society.

Polygenic profiling
Polygenic risk scores allow utilization and application of the results of genome-wide
association studies to clinical and other settings. By combining the effects of tens to millions
of genetic variants into one number, polygenic scores capture an overarching signal into a
number that is easy to interpret. Several challenges remain in the application of polygenic risk
scores. Here, I will discuss problems and avenues related to accounting for etiological
pathways, transancestral effects and causal variants.
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Pathways
A prominent limitation of polygenic scores is that they combine variants that all may exert
their effect through differing mechanisms, and thus it is unclear which mechanisms are at play.
While this may not make much of a difference for prediction studies, it impairs interpretability
of the findings in etiological studies. Several methods have been proposed to account for this
limitation by creating subscores for specific underlying pathways, for example by hypothesisdriven grouping of selected variants by pathway451,452 or by data-driven decomposition of
phenotypic and genotypic data into components453. These methods are limited in that they
only utilize independent top hits rather than all or large sets of genetic variants. Furthermore,
both methods rely on external data to define the pathways, and thus they are limited by how
representative those data are. Another limitation to these methods is that they cannot
account for the complexity of pathways that exist. We may want to account for multiple
polygenic scores simultaneously, but these could all be related through shared effects of
genetic variants, i.e., pleiotropy, or overlapping pathways. One method that comes close to
account for this is metaGRS454, which relies on calculating polygenic scores for multiple
endophenotypes and subsequently combining them into one score through regularization.
Further developments in these kinds of methods will elevate the polygenic risk score from
merely a predictive score to a multifaceted tool that can be used to elucidate the etiology of
complex diseases.

Transancestral portability
A second limitation of polygenic scores is that current genome-wide studies generally rely on
European samples and may thus not be applicable or relevant for non-European individuals455, also known as poor generalizability or – more topically – poor transancestral portability.
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This effect could arise due to shared causal effects that are masked by differences in genetic
architecture, or by true differences in the genetic variants that affect the phenotype of interest.
The most straightforward way to address improve transancestral portability is to perform
genome-wide studies in populations with heterogenous ethnicities. Such an approach can be
used to elucidate transancestral genetic effects and thus improve the generation of polygenic
scores458. The number of such studies outside of neuroepidemiology has steadily increased
over the last years457,459,460. Within neuroepidemiology, there are a number of consortia that
aim to address the transancestral nature of brain-related disease, such as the MEGASTROKE
consortium for stroke461, and the UNITED consortium for neurodegeneration462. Still, these
consortia will likely not provide a transancestral alternative to other brain-related
phenotypes, e.g., brain development or brain structure. Another approach to improve
transancestral portability is by combining the results of genome-wide studies that were
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performed in non-overlapping ethnic groups. More research groups in non-European
countries are amassing large, genetic databases, such as the BioBank Japan Project that
focuses on 47 common diseases in over 200,000 participants463. Results from their genomewide studies can be combined with European-centered studies through methods that
estimate which effects are common to both populations, and which effects are unique. This
has been done through adjustment for the ancestral linkage disequilibrium structure458, and
by accounting for ethnical differences in cell-type specific regulatory elements464. These
methods are still in their infancy, but they show the potential of methodology in addressing
and amending the European-focused nature of polygenic score research.

Causal variants
A third limitation for the application of polygenic scores is the handling of causal variants.
Genome-wide studies tend to identify hundreds or thousands of genetic variants that
associate with the phenotype, many of which are clustered in distinct regions. The focus is
typically put on lead variants, i.e., variants within a region that have the most statistically
significant association or that stand out through some other metric. However, these lead
variants are generally not the variants that cause the phenotypic association465. For example,
the true causal variant may not have been assessed, and thus the identified lead variant is a
mere proxy. Another consideration is that genome-wide studies tend to focus on single
nucleotide polymorphisms, which in certain cases may be a marker for accumulated complex
structural variants such as copy number variants466. It may occur that a single nucleotide
polymorphism associates with a phenotype simply because a subset of individuals has a
correlated structural variant in close proximity. The misidentification of lead variants as causal
variants may impair the applicability of polygenic scores. Lead variants may associate with
causal variants in one population but not the other. In other words, polygenic scores will
appear high if a person has all the risk variants, but in reality that person may not have any of
the true causal risk variants. This problem could be addressed by improving efforts for genetic
fine-mapping, i.e., using external information such as linkage disequilibrium or functional
annotation to understand which variants likely lead to a change in gene expression. Another
potential avenue is the fact that the degree to which genetic variants affect gene expression
can vary by cell type467, for example due to cell-type differences in expression of regulatory
elements. Methods to account better model causally informed polygenic scores are still in
their infancy, and further work would greatly improve the utility of polygenic scores in clinical
settings.
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Methods and models
Ever increasing corpora of neuroimaging data have become available through populationbased cohorts and other studies. While such data immediately lead to novel insights, these
tend to be “low-hanging fruit”, i.e., projects that are straightforward to conduct. What remains
are the “high-hanging fruits”, i.e., projects that require more complex approaches in both
methods and models. Large leaps in our understanding of the brain can be made through the
application of novel methods or the novel application of established methods. A commonly
lauded group of methods is deep learning468,469. These methods are generally used to find
patterns in structured and unstructured data without making explicit assumptions about the
patterns. Deep learning methods are particularly useful for spatially organized data, such as
the 3-dimensional voxel-wise brain, the surface-based vertex-wise cortex and the linear
structure of the genome. Other high-hanging fruit projects will be reached through methods
that can consider whole datasets or multiple datasets at once. Examples include canonical
correlation analysis (CCA) for correlating components in two or more datasets470,471 and multiomics factor analysis for omics data472.
While the implementation of such methods may seem straightforward – we simply apply the
math to a new dataset – this is not necessarily the case. It may take years before the limitations
of methods are noted. This is clearly illustrated by an example CCA. In 2017, CCA was used in
patients with depression to explore the association of functional MRI data and depressive
symptoms473. From the CCA results, the researchers concluded that there were four
neurophysiological subtypes amongst the patients, each with a distinct pattern of functional
connectivity in the brain. However, subsequent attempts by other groups to replicate these
findings were without avail. As it turns out, CCA requires specific adjustments for inflated false
positive results474,475. This illustrates that application of novel methods can lead to
groundbreaking insights, but that proper application of such methods may take years to
refine.
Further advances in modeling will also prove to be essential. The BrainAGE model provides a
new perspective to consider how the brain is shaped323,476, yet it is based on a simple idea. The
concept arose from a desire to better understand biological aging of the brain, as it seemed to
play a role in a number of late-life neurodegenerative diseases. Still, progress was limited as
the biological age of the brain was generally assessed with global measures, such as total brain
volume or brain-wide atrophy rates. BrainAGE was innovative as it used high dimensional
data, which was accomplished by using relevance vector regression, a type of Bayesian
regression that had previously not been used in this context. BrainAGE is an example of how
novel applications of methods allow us to generate conceptual models to address unsolved
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problems in the field. Stated in another way, innovative models may only arise if we as a field
are aware of the problems that remain to be elucidated.

CONCLUDING REMARKS
In this chapter, I gave a brief overview of the chapters and their implications, the
methodological considerations, and speculations on future directions of research and
academia. Overall, this thesis provides an array of insights into the causes and consequences
of brain development and deterioration. With this, we have taken another step towards an
understanding of the brain and the factors that shape it.
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SUMMARY
Our brains change over a lifetime. During early-life the brain develops, and as life continues
we can see that the various tissues within the brain start to decay and accumulate damage.
This, in turn, can have implications for our daily functioning and the development of diseases.
Interestingly, although humans all tend to follow the same overall trajectory, there are
numerous individual deviations from this trajectory when considering the whole lifespan.
Brain health is widely studied, but plenty of questions still remain, which I aimed to address in
this thesis. My general aim was to understand the causes and consequences of brain health
across the lifespan. In particular, we focused on early-life, i.e. childhood, and late-life, i.e. older
adulthood. To do so, we used data from the Generation R Study – a birth cohort from fetal life
until adolescence – and the Rotterdam Study – a cohort from 45 years until the end of life.
The scope of my research aim required additional data collection and the implementation of
new tools. In Chapter 2.1, we introduced the ORACLE Study. The study included over 2,000
parents from Generation R who had participated in broad phenotyping of their health through
physical measures and questionnaires, and who visited our research center for further
cognitive and neuroimaging assessment roughly 15 years later. The ORACLE Study bridges the
gap between the children from the Generation R Study, and the individuals from the
Rotterdam Study aged 45 years and older. The data present a unique opportunity to explore
how health during early and middle adulthood relates to and affects subsequent brain health.
In Chapter 2.2, we introduced the QDECR tool, which is an analysis tool for imaging data of
the brain. The amount of neuroimaging data within population-based cohorts has increased
drastically over the last decade, but few tools provided functionality for analyses that were
common within population-based research. QDECR was designed to address these problems;
for example, it allows researchers to apply common methods for confounding and selection
bias correction. Furthermore, it provides a framework that can be expanded with new
statistical models.
Next, we explored how genetic, vascular, and other mechanisms affect brain health and
cognition.
To study the genetic mechanisms, we utilized polygenic scores for brain health, and related
them to early-life brain structure and other relevant outcomes in Generation R. Polygenic
scores are scores that represent one’s genetic predisposition to develop a specific trait. They
are typically calculated based on previously performed genome-wide association studies,
which explore how the genome relates to a trait. In Chapter 3.1, we calculated polygenic
scores for different subcortical regions of the adult brain and showed that these scores related
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to subcortical brain volumes during both infancy and the school age. Furthermore, the
volumes during infancy only weakly mediated the effect of the polygenic scores on the
volumes during school age, suggesting that the polygenic scores represent multiple genetic
mechanisms across different developmental stages. We also explored whether genetic burden
for late-life neurodegenerative diseases related to school age brain structure, cognitive
function, and behavior (Chapter 3.2). Overall, we found no clear evidence that this was the
case for polygenic scores for Alzheimer’s disease, Parkinson’s disease, and frontotemporal
dementia. Contrary to earlier findings, polygenic scores for Alzheimer’s disease did not relate
to volumetric measures of the frontal cortex, the hippocampus, and other implicated brain
regions. We did show a strong association between alleles of the Apolipoprotein E gene – one
of the best known causal genes for Alzheimer’s disease – with blood serum lipid levels,
demonstrating that the genes can have an effect during early life, just not necessarily in areas
where their influence is exerted during late-life.
For vascular mechanisms, we primarily focused on vascular risk factors and their association
with brain structure and cognition. Vascular risk factors are a set of factors that infer a higher
risk to develop cerebrovascular disease, and include high blood pressure, arterial stiffness,
obesity, and smoking. These, in turn, have been shown to relate to a higher incidence of latelife neurodegenerative disease. In Chapter 4.1, we studied the association of blood pressure
and arterial stiffness with cognitive functioning in both the Generation R Study and the
Rotterdam Study. In the children, only higher levels of diastolic blood pressure were
associated with lower non-verbal intelligence. In the adults, both blood pressure and arterial
stiffness related to global cognitive function. In particular, we found that diastolic blood
pressure had a U-shaped association with cognition, in that both lower and higher levels
related to poorer cognitive function. In Chapter 4.2, we utilized data from the ORACLE Study
to explore whether vascular risk factors during early adulthood, i.e. 18 to 35 years of age, relate
to brain structure and cognition roughly 15 years later. We found that this was not the case,
with some exceptions. For example, higher systolic and diastolic blood pressure during early
adulthood seemed to relate to more white matter lesions during the subsequent visit. If these
findings are replicated, this would provide an earlier mechanism relating vascular risk factors
and neuropathology than previously shown.
Finally, we explored a number of other mechanisms, collectively referred to as “reserve
mechanisms”. Reserve is the idea that humans have a capacity to deal with the consequences
of neuropathology and aging. Brain reserve usually refers to the mass of the brain, the number
of neurons, and other neurobiological quantities. Cognitive reserve refers to our flexibility,
either in cognition through efficient cognitive strategies or in biology through recruitment of
alternative neural networks to counteract other losses. In Chapter 5.1, we explored the effect
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of adverse childhood events on the maturation of the brain during adolescence. Adverse
childhood events have been shown to accelerate the onset of puberty, particularly when of a
threatening rather than depriving nature. We studied whether this is also true for aging of the
brain. For each child in Generation R, we used machine learning to estimate the age of their
brains. Then, we showed that weak markers for threatening but not depriving childhood
events seemed to relate to a lower age of the brain. The findings point to a mechanism that
may affect cognitive and brain reserve later in life. In Chapter 5.2, we examined the
gyrification or folding of the cerebral cortex from middle adulthood towards the end of life. We
showed that gyrification reduces linearly with age, although at varying rates in different
regions, and gyrification even seems to increase in other regions. Furthermore, we showed
that the degree of gyrification is related – in certain regions – to specific cognitive tasks. In
Chapter 5.3, we then explored how markers for early-life and late-life cognitive and brain
reserve relate to the incidence of dementia in the Rotterdam Study. We showed that late-life
markers of both cognitive and brain reserve were much more strongly associated with the
incidence of dementia in the next few years than early-life markers. Furthermore, late-life
cognitive and brain reserve seemed to contribute to an equal extent, and they seemed to
interact in that having both low cognitive and brain reserve related to a much higher chance
of being diagnosed with dementia in subsequent years.
Finally, the findings are discussed in Chapter 6. In particularly, the chapter provides an
exposition of the limitations and strengths of the studies. I also outlined my reasoning that the
current definition of cognitive reserve is flawed, and that we need to find a way to more clearly
define what it entails biologically. The chapter also covers the relevance of the way we study
the brain, as well as the role of confounding, selection bias, and information bias in
neuroimaging research. Finally, I covered my views on the future directions of the field as a
whole, particularly focusing on the direction of Neuroepidemiology, the potential and
obstacles for genetic profiling of disease, and the relevance of innovations in methods and
models for our understanding of the causes and consequences of the changing brain.
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SAMENVATTING
Onze hersenen veranderen door het leven heen. Tijdens het vroege leven ontwikkelen de
hersenen zich, en door het leven heen zien we dat verschillende delen van de hersenen
beginnen te vervallen en schade op te bouwen. Dit heeft weer implicaties voor ons dagelijkse
functioneren en het ontstaan van ziektes. Hoewel alle mensen ongeveer hetzelfde traject van
hersenontwikkeling volgen, wijken we allemaal op onze eigen manier af van dit traject als we
naar het hele leven kijken. Hoewel de gezondheid van de hersenen veel is bestudeerd, zijn er
nog veel openstaande vragen, en een deel daarvan probeer ik te beantwoorden in deze
dissertatie. Mijn overkoepelende doel was om de oorzaken en gevolgen van de gezondheid
van de hersenen te vinden door het leven heen. Hierbij hebben we ons gericht op het vroege
leven, c.q. kindertijd, en het late leven, c.q. de latere volwassenheid. Om dit te doen, hebben
we gebruik gemaakt van data van de Generation R Study – een geboortecohort van het foetale
leven tot aan de adolescentie – en de Rotterdam Study – een cohort van 45 jaar tot het einde
van het leven.
Het doel van mijn onderzoek vereiste aanvullende dataverzameling en het implementeren van
nieuwe methodes. In Hoofdstuk 2.1 introduceerden we de ORACLE Study. Deze studie omvat
2.000 ouders uit Generation R die eerder deel hebben genomen aan uitgebreide fenotypering
van hun gezondheid door fysieke metingen en vragenlijsten, en die ons onderzoekscentrum
na 15 jaar opnieuw bezochten voor verdere cognitieve en hersenmetingen. De ORACLE Study
overbrugt het gat in leeftijd tussen de kinderen van Generation R en de deelnemers van 45 jaar
en ouder uit de Rotterdam Study. De data representeren een unieke kans om te onderzoeken
hoe de gezondheid tijdens de vroege en latere volwassenheid samenhangt met de
hersengezondheid later in het leven. In Hoofdstuk 2.2 introduceren we QDECR, een
analysetool voor hersenscans. In het afgelopen decennium is er binnen bevolkingsonderzoek
een ongekende toename geweest van het aantal gemaakte hersenscans, maar er zijn weinig
tools beschikbaar die hersenscans analyseren volgens epidemiologische principes. QDECR
was ontwikkeld om dit mogelijk te maken voor onderzoekers, zodat men bijvoorbeeld
gemakkelijk kan corrigeren voor bias zoals confounding en selectiebias. Daarnaast is QDECR
een framework wat uitgebreid kan worden met nieuwe statistische modellen.
Vervolgens onderzochten we hoe genetische, vasculaire en andere mechanismen invloed
hebben op hersengezondheid en cognitie.
We bestudeerden genetische mechanismes met behulp van polygene scores voor
hersengezondheid, en we keken of deze samenhingen met de hersenstructuur en andere
processen tijdens het vroege leven. Polygene scores zijn scores die iemands genetische aanleg
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voor een bepaalde uitkomst kwantificeren. Ze worden meestal berekend aan de hand van
genoombrede associtatiestudies, die weer gebruikt worden om een beeld te krijgen van hoe
het genoom samenhangt met die uitkomst. In Hoofdstuk 3.1 berekenden we binnen
Generation R polygene scores voor subcorticale gebieden van het volwassen brein, en
toonden aan dat deze scores samenhingen met subcorticale volumes in zowel babies als
schoolkinderen. Daarnaast vonden we dat de volumes in babies hoogstens deels de volumes
in de schoolkinderleefitjd konden verklaren, wat suggereert dat de polygene scores
genetische mechanismen vangen uit verschillende ontwikkelingsfases. In Hoofdstuk 3.2
onderzochten we of polygene scores voor neurodegeneratieve ziektes op latere leeftijd
samenhingen met de hersenstructuur, cognitie en gedrag in schoolkinderen. Hier vonden we
geen bewijs voor met scores voor de ziektes van Alzheimer en Parkinson, noch voor
frontotemporale dementie. Dit was tegenstrijdig met eerdere bevindingen in de literatuur. Wel
vonden we een associatie tussen het Apolipoproteïne E gen – de meest bekende oorzaak van
de ziekte van Alzheimer – met lipides in het bloed, wat aantoont dat deze genen wel degelijk
een effect hebben tijdens het vroege leven, maar niet per sé in dezelfde gebieden als in het
latere leven.
Qua vasculaire mechanismes hebben we ons primair gericht op vasculaire risicofactoren en
hun associatie met hersenstructuur en cognitie. Vasculaire risicofactoren zijn een aantal
factoren die een hoger risico geven op cerebrovasculaire ziektes, waaronder een hoge
bloeddruk, vaatwandstijfheid, obesitas en roken. Deze factoren hangen ook samen met een
hogere incidentie van neurodegeneratieve ziektes op latere leeftijd. In Hoofdstuk 4.1
bestudeerden we of bloeddruk en vaatwandstijfheid associeerden met cognitie in zowel
Generation R als de Rotterdam Study. In de kinderen vonden we dat hogere diastole bloeddruk
samenhing met lagere non-verbale intelligentie. In de Rotterdam Study vonden we dat zowel
bloeddruk als vaatwandstijfheid samenhingen met intelligentie. Bovendien vonden we dat
diastole bloeddruk een U-vormige associatie had met cognitie, waarbij zowel lage als hoge
diastole bloeddruk associeerde met een slechter cognitief functioneren. In Hoofdstuk 4.2
gebruikten we data van de ORACLE Study om te onderzoeken of vasculaire risicofactoren
tijdens de vroege volwassenheid (18-35 jaar) associeerden met hersenstructuur en cognitie
ongeveer 15 jaar later. We vonden dat dit niet het geval was, met een aantal uitzonderingen.
Zo vonden we bijvoorbeeld dat hogere systole en diastole bloeddruk samenhingen met meer
wittestoflaesies op latere leeftijd. Als deze bevindingen gerepliceerd worden, dan wijst dit op
een link tussen vasculaire risicofactoren en hersenschade op een jongere leeftijd dan
voorheen werd gedacht.
Als laatste keken we naar andere mechanismen, samengevat als “reserve mechanismen”.
Reserve is het concept dat mensen een capaciteit hebben om om te gaan met de gevolgen van
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hersenschade en veroudering. Breinreserve slaat op de massa van de hersenen, het aantal
neuronen, en andere biologische kwantiteiten. Cognitieve reserve slaat op flexibiliteit,
enerzijds in cognitie door handige cognitieve strategieën en anderzijds in biologie door het
rekruteren van alternatieve, compensatoire hersennetwerken. In Hoofdstuk 5.1 keken we
naar het effect van ingrijpende jeugdervaringen op ontwikkeling van het adolescente brein.
Eerder is aangetoond dat ingrijpende jeugdervaringen de puberteit vervroegen, vooral als het
om ervaringen van dreigende aard gaat in plaats van depriverend. Wij onderzochten of dit ook
gold voor de hersenen. Voor elk kind van Generation R bepaalden we via machine learning de
leeftijd van de hersenen. Vervolgens toonden we aan dat zwakke markers voor
jeugdervaringen van dreigende maar niet depriverende aard inderdaad samenhingen met een
oudere leeftijd van de hersenen. Deze bevindingen wijzen op een mechanisme wat mogelijk
cognitieve en breinreserve op latere leeftijd beïnvloedt. In Hoofdstuk 5.2 brachten we de
gyrificatie – de mate van golving in de cortex – in kaart voor het latere leven. We vonden dat
gyrificatie lineair met leeftijd afneemt, hoewel het tempo verschilt per hersengebied, en er ook
gebieden zijn waar het toeneemt. Verder vonden we dat gyrificatie in bepaalde
hersengebieden samenhing met specifieke cognitietaken. In Hoofdstuk 5.3 keken we in de
Rotterdam Study hoe markers voor cognitieve en breinreserve in het vroege en late leven
samenhingen met de incidentie van dementie. We vonden dat zowel cognitieve als
breinreserve uit het late leven sterker samenhingen met de incidentie van dementie dan die
uit het vroege leven. De associaties waren voor cognitieve en breinreserve uit het late leven
even sterk. Tevens vonden we dat ze interacteerden, dus dat de kans op een
dementiediagnose aanzienlijk toeneemt als beide reserves laag zijn.
Alle bevindingen worden in Hoofdstuk 6 verder besproken. Deze geeft een overzicht van de
limitaties en sterke kanten van de studies. Verder geef ik een uiteenzetting waarom het
concept van reserve onvolmaakt is, en dat we moeten zoeken naar een beschrijving die
gegrond is in de biologie. Het hoofdstuk dekt verder de relevantie van de manier waarop we
het brein bestuderen, en de rol van confounding, selectiebias en informatiebias in
hersenwetenschappelijk onderzoek. Als laatste dekt het hoofdstuk mijn kijk op de
toekomstige richting van het veld als geheel, met name de richting van de
neuroepidemiologie, de potentie en obstakels voor genetische profilering van ziekte, en de
relevantie van innovaties in methodes en modellen voor ons begrip van de oorzaken en
gevolgen van het veranderde brein.
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