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To My Beloved Family

“The more I learn, the more I realize how much I don't know.”
- Albert Einstein

ABSTRACT
Alzheimer’s disease (AD) is characterized by an accumulation of abnormal plaques and tangles
in the brain, a process that is estimated to begin years before the appearance of clinical
symptoms. Individuals with subjective memory decline (SMD) or mild cognitive impairment
(MCI) run a higher risk of developing AD than cognitively normal (CN) people.
The main aim of this thesis was to investigate the potential use of structural neuroimaging
biomarkers in AD. A disease severity index (SI) based on multivariate data analysis of MRIderived structural measures was generated. The SI was evaluated to discriminate AD patients
from CN individuals as well as to monitor disease progression and predicting conversion to
AD in SMD/MCI.
In study I, the use of structural imaging and cerebrospinal fluid measures and factors that may
affect the use of these methods in dementia work-up were investigated. The results showed that
94% of the patients had a brain scan performed. The results highlighted the role of MRI as an
extended dementia investigation tool in younger patients with less severe cognitive impairment
and a clinical presentation of less clear dementia symptoms.
In study II, the performance of the SI in discriminating AD patients from CN subjects and in
predicting conversion from MCI to AD was investigated. The role of age correction was also
investigated and how it affected classification/prediction. Age correction did not only
effectively eliminate the effect of age, it also highlighted age associations in other factors such
as APOE genotype, global cognitive impairment and gender.
In study III, the SI was longitudinally evaluated for monitoring disease progression in subjects
with MCI. The results showed the potential of the SI to identify MCI subjects at risk of
converting to AD and that disease progression could be monitored in an accurate way. Further,
using the SI it could be observed that APOE genotype and amyloid pathology may
independently modulate disease-related brain structural changes.
In study IV, the SI was validated in a group of healthy individuals with SMD from a different
cohort. Using the SI, a subgroup of SMD subjects who manifested structural brain patterns
similar to AD was identified. These subjects had lower cognitive performance, higher amyloid
burden and worse clinical progression compared to SMD individuals with structural brain
patterns similar to CN.
The SI as a neuroimaging biomarker was studied in the whole disease continuum from CN and
SMD to MCI and AD. The SI showed strong potential to be used as a sensitive tool for
predicting and monitoring disease progression in clinical trials or clinical practice.
Nevertheless, in future the SI should be validated in clinical cohorts and the relationship
between the SI and factors such as genotype and other AD biomarkers should be further
investigated.
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1 INTRODUCTION
Dementia refers to a range of syndromes involving impairments in mental abilities such as
memory, thinking and reasoning, in a way that it interferes with daily life activities of patients.
Alzheimer’s disease (AD) is the most common form of dementia comprising almost two thirds
of all cases. AD and other dementia disorders are among the leading causes of death worldwide.
The global number of deaths due to AD was reported to be 1.5 million in 2015, which more
than doubled between 2000 and 2015, according to the World Health Organization.
Due to the aging population, AD and other dementia disorders have become a major public
health problem. In 2015 approximately 47 million people were living with dementia [1]. This
is an increase of 30% compared to 36 million people with dementia in 2010 [2]. The annual
incidence of dementia is estimated to be approximately 9.9 million new cases worldwide which
increases exponentially with aging [1]. It is estimated that in 2030 the number of people with
dementia disorders will increase to 74.7 million [1].
The economic impact of dementia is enormous. In 2015, the global costs of dementia were
estimated to be 818 billion US$, which is an increase of 35% from 604 billion US$ in 2010
[3]. This figure is equivalent to 1.09% of the world gross domestic product. The worldwide
costs is estimated to pass 1 trillion US$ in 2018 and reach 2 trillion US$ in 2030 [3]. Highincome countries pay a major proportion (86%) of dementia costs [3]. In Sweden, the societal
costs of dementia in year 2012 were estimated to be approximately 9 billion US$ (62.9 billion
SEK) [4].
To be able to diagnose AD at an early stage is of great importance. Despite the fact that there
is currently no cure for AD and only symptomatic treatments are available, early detection and
intervention may significantly reduce disease progression and deterioration. Several studies on
disease treatments have shown that drugs are more effective in the early stages of AD [5, 6].
Early diagnosis will hopefully help researchers to understand more about the etiology of the
disease and target the right population for clinical trials. Also, when a disease-modifying
therapy is available the need to identify individuals with early signs of disease will be
enormous.
The earliest disease-related changes in the brain are estimated to begin decades before the
appearance of clinical symptoms [7, 8]. Individuals with subjective cognitive decline (SCD)
with subjective memory concerns or mild cognitive impairment (MCI) with objective memory
deficits have a higher risk of developing AD or other types of dementia than people with normal
cognition [9, 10]. Although, SCD and MCI are unspecific and heterogeneous conditions,
studying these disorders might reveal valuable information about the pathophysiological
process of AD. Therefore, new diagnostic tools are greatly needed to accurately identify
subjects with a higher risk of progression from SCD/MCI stages to AD.
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Advances in medical imaging provide an opportunity to study structural and functional aspects
of the human brain in-vivo. Methods such as computed tomography (CT) and magnetic
resonance imaging (MRI) provide information on brain structures. Other imaging methods
such as functional MRI (fMRI), magnetic resonance spectroscopy (MRS), and positron
emission tomography (PET) provide information on the functioning of the brain. This
information could be studied to discover disease-related patterns of structural and functional
changes in the brain. Automated image processing pipelines, advanced data analysis algorithms
and processing power of computers provide means for analyzing this information, combining
the outcomes and uncovering inherent disease-related patterns. This will hopefully lead to an
understanding of the relationship between different aspects of AD and its early stages,
determining important factors in AD and ultimately finding the etiology of the disease.
In this thesis the potential use of a neuroimaging biomarker (structural MRI) for AD diagnosis
is studied. In this regard, a severity index based on multivariate data analysis of MRI-derived
structural measures was generated. This severity index was used to predict progression from
SCD/MCI stages to AD. Further, the associations between this severity index and factors such
as age, cognitive status, genetics and other biomarkers were investigated.
The thesis is written based on four constituent studies. Chapters 2, 3 and 4 provide a
background to three main research fields that are involved in this thesis: characteristics of AD
and its early stages (SCD/MCI), techniques to quantify these characteristics (biomarker of AD)
and methods to analyze and study quantified data. The general and specific aims of the thesis
are described in chapter 5. In chapter 6 the key materials and methods utilized in the constituent
studies are described in the context of thesis. Ethical considerations are addressed in this
chapter. The results based on the findings in constituent studies are presented and discussed in
chapter 7. Finally, chapter 8 presents the conclusions and future directions of this work.
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2 FROM NORMAL AGING TO ALZHEIMER’S DISEASE
The focus of this section is on the changes that occur in the brain in the spectrum of normal
aging to Alzheimer’s disease. The characteristics and specification of each stage is described.
2.1

NORMAL BRAIN AGING

Aging is associated with several physical and chemical changes in the body. The brain is no
exception and with increasing age structural and functional changes occur in the brain [11].
Age-related alterations in the brain such as weight [12], volume [13] and cognitive abilities
[14] are reported in the literature. In particular, structural changes such as decreases in the
global brain volume [13], regional gray matter volumes [15, 16] and white matter volume [17]
as well as increases in ventricular volumes [13] are demonstrated in normal aging. The
association of age and gray matter volume is relatively linear in adulthood, it increases prior to
adolescence [18] and after that consistently decreases throughout adulthood [19, 20]. The
relation between age and white matter volume in adulthood looks nonlinear; white matter
volume increases through childhood and adolescence until the mid-forties and then decreases
[19, 21].
Normal aging is also associated with subtle declines in certain cognitive domains such as
processing speed, memory and executive function [14]. The cognitive decline is relatively
small and does not interfere with activities of daily living. Decreased processing speed is the
most evident cognitive decline. Processing speed refers to the quickness of performing
cognitive and motor processes. It has been postulated that reduced processing speed is the main
contributing reason for the decline in other cognitive domains in normal aging [14]. There is
significant variability in age-related cognitive decline among older adults. Also the time period
of age-related cognitive changes is subject to controversy [22-24].
There is sufficient evidence that age-related changes in cognitive functions are linked to
structural brain changes [25]. However, due to the complexity of the human brain and
cognition, the exact relationship between cognitive functions and brain structures is not well
understood [25]. In addition, the pattern of regional brain activation for performing a specific
task might change during aging [26].
2.2

SUBJECTIVE COGNITIVE DECLINE

Subjective complaints about cognitive performance are frequently expressed by elderly people
[27]. The prevalence of these subjective reports on cognitive decline is relatively high in elderly
people. The reported prevalence of these complaints in different studies ranges from an
estimated 25% to 50% [28]. Subjective decline in cognition is unspecific and a very
heterogeneous condition, even in definition and terminology [29]. In 2014, the working group
of the Subjective Cognitive Decline Initiative (SCD-I) addressed this issue [27]. A selfperceived decline in any cognitive domain over time is referred as subjective cognitive decline
(SCD). The working group also suggested research criteria for SCD [27].
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SCD individuals endorsing complaints in memory rather than in other cognitive functions have
been associated with increased risk of developing AD [27]. This population is often labeled as
subjective memory decline (SMD). Both in SCD and SMD, individuals have self-awareness of
cognitive or memory problems in the absence of objective impairment in neuropsychological
tests [30]. However, the association between SCD and objective cognitive performance is
controversial [31]. While a number of studies reported no association between SCD and
objective cognitive performance [32-35], other studies reported a significant association [3639]. Differences between the study designs may explain this inconsistency since more coherent
results are reported in the longitudinal studies or studies that include homogeneous subjects
[40-44]. In addition, associations between SCD and other neurological and psychiatric
conditions such as depression or anxiety are reported [32, 34, 45, 46].
Several studies have shown structural brain changes in subjects with SCD [30, 47-50]. In
particular, volume reduction and cortical thinning in several brain regions including the
hippocampus and entorhinal cortex are demonstrated in these studies. Furthermore, a higher
amyloid-β deposition is reported in individuals with SCD [51]. The annual conversion rate
from SCD to dementia is estimated to be around 2.3% [10]. This number is almost double
compared to the incidence of 1%-2% in cognitively normal subjects without SCD [10, 52]. The
annual rate of progression from SCD to MCI is estimated at around 6.7% [10]. Therefore, at
least a proportion of subjects with SCD have a higher risk of future cognitive decline and of
developing MCI or AD [10, 53-55].
2.3

MILD COGNITIVE IMPAIRMENT

MCI is an intermediate condition between normal cognition and dementia. Individuals with
MCI have cognitive impairment beyond the expected cognitive decline for their age and
educational background [52]. MCI is associated with objective evidence of cognitive
impairment, however, the severity of the clinical profile is insufficient to be diagnosed as
dementia (e.g. no abnormalities in basic activities of the daily life) [56]. Individuals with MCI
often notice cognitive decline and their relatives sometimes recognize cognitive problems [57].
The prevalence of MCI in older people (over 65) is estimated to be within the range of 15% to
20% [58-61]. The prevalence is higher in men and increases with age [61].
In the past years several criteria for MCI have been proposed [52, 62-64]. These criteria use
different terminologies to define MCI subjects at risk of converting to AD. The suggested
criterion from the First Key Symposium in 2003, led to four subtypes of MCI being defined,
amnestic and non-amnestic, single-domain and multiple-domain [62, 63]. Amnestic MCI is
characterized by significant memory impairment in contrast to non-amnestic MCI that is
associated with impairment in non-memory cognitive domains. Traditionally, amnestic MCI
(both single and multiple-domain) is considered to be a pre-dementia stage of AD. In 2011, the
National Institute on Aging and the Alzheimer’s Association workgroups developed two
criteria, ‘core clinical’ and ‘research’ criteria for the symptomatic pre-dementia phase of AD
i.e. MCI due to AD [64]. The latter criterion combines clinical features and measures from
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imaging and cerebrospinal fluid (CSF) assays to incorporate the underlying AD
pathophysiology. This led to the definition of certainty levels in MCI diagnosis. The core
clinical criteria for MCI due to AD include:


concern about cognitive decline (from patient or relatives),



evidence of impairment in one or more cognitive domains (greater than for the age and
educational background),



maintaining independence in activities of daily living, and



not demented.

One of the challenges in MCI diagnosis is to differentiate MCI from mild dementia. Therefore,
the clinical judgment by physicians plays a key role in MCI diagnosis. Also, since the diagnosis
is based on the changes occurring within an individual, a series of assessments might be
necessary.
The incidence of dementia in individuals with MCI is estimated to be within the range of 5%
to 15% per year [65-71]. A higher range of incidence (10-15%) is reported in specialist care
units compared to the incidence in population-based populations (5-10%). This reflects the
heterogeneity of population-based samples but primarily the fact that individuals who seek
medical attention experience enough concern about their cognitive symptoms to have them
examined and their symptoms are probably more severe than those reported in populationbased surveys [72].
MCI is a heterogeneous condition and there is a higher risk of progressing to AD. Some
individuals will develop other types of dementia syndromes, a proportion will never progress
to dementia and some cases may return to normal cognition. In the past decade there has been
extensive efforts to identify MCI subjects due to AD. Several factors that might affect or
accelerate the progression rate have been studied. These studies showed that biomarkers and
measures manifesting underlying AD pathophysiology are sensitive markers for predicting
future progression from MCI to AD [73-76].
2.4

ALZHEIMER’S DISEASE

Dementia is a severe and progressive decline in mental ability and cognitive skills that
interferes with performing activities of daily living. AD is the most common form of dementia
in the general population.
2.4.1 Pathological changes in Alzheimer’s Disease
Dementia is the clinical representation of the consequences of multiple underlying pathological
changes in the brain. AD is the most common form of neurodegenerative disorders.
Neurodegeneration is associated with gradual deterioration and death of neurons. It is
commonly believed that neurodegeneration is the result of the aggregation of misfolded
synaptic proteins. The accumulation of extracellular β-amyloid (Aβ) plaques and intracellular
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neurofibrillary tangles are the neuropathological hallmarks of AD [77]. These alterations lead
to synaptic dysfunction and neuronal cell death, which manifest as a progressive decline in
cognitive abilities. [77]. Nevertheless, the etiology of AD is still unclear.
The most widely accepted theory explaining the development of AD is the amyloid cascade
hypothesis. The amyloid cascade hypothesis originally was proposed in 1991 by Hardy and
Allsop [78] and further developed over the years [79-82]. The hypothesis is built upon the
aggregation of the Aβ peptide, which is derived from the amyloid precursor protein (APP).
This hypothesis suggests that abnormal processing of APP is the initial event that leads to over
production and/or reduced clearance of Aβ. This consequently causes the accumulation of Aβ
in the cortex [81]. According to the amyloid cascade hypothesis, the formation of Aβ plaques
triggers further development of neurofibrillary tangles and disruption of synaptic connections.
Neurofibrillary tangles are aggregates of hyperphosphorylated and misfolded tau protein, a
protein that facilitates the axonal transport [83]. These alterations ultimately lead to neural cell
death and disrupted axonal transport. This process is believed to begin more than two decades
before clinical symptoms appear [8]. Neurodegeneration in AD follows a typical pattern in
most AD patients, it starts in the transentorhinal cortex and slowly progresses to structures in
the temporal lobe (entorhinal, hippocampus, anterior temporal cortex, inferior temporal cortex,
medium temporal cortex), then gradually spreads to the lateral temporal, parietal and prefrontal
areas and eventually affects the whole neocortex [84, 85].
2.4.2 Clinical Features of Alzheimer’s Disease
Three phases are suggested for the disease stages of AD: preclinical, MCI due to AD and AD
dementia [86]. In the preclinical phase individuals are cognitively normal but pathological
changes in the brain and/or CSF have already occurred in some individuals. The MCI due to
AD is typically the onset of early signs of memory impairment. The last phase is dementia
which is characterized by impairments in cognition so that affect activities of daily living.
Figure 1 shows the course of cognitive decline in AD in relation the progression of AD
pathology.
The symptoms of AD dementia manifest differently among patients. Typically, memory
problems are the earliest sign of AD and they start from minor forgetfulness and loss of episodic
short term memory. In some patients the earliest signs are a decline in non-memory aspects of
cognition such as reasoning or judgment [87]. The course of AD in terms of cognition and
functioning can be described in three stages based on the clinical symptoms: mild, moderate
and severe [88]. AD gradually progresses from mild to moderate and finally to the severe stage.
In the mild stage, which is usually the time of diagnosis, patients have a reduced capacity to
perform activities of daily living, but they may function independently. In the moderate stage,
in addition to memory loss, other cognitive functions such as language, learning, judgment,
problem solving, attention and orientation become affected in typical AD. Dyspraxia (difficulty
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Figure 1. The course of cognitive decline in AD in relation to the progression of AD pathology. In the
preclinical phase, cognitive performance starts to decline after a phase of stable performance. The
MCI/prodromal AD stage occurs when the cognitive performance reach below the threshold of the age, sex-, and education-adjusted level. Cognitive performance progressively declines toward the dementia
stage. Based on evidence it is suggested that SCD may occur at the late preclinical AD stage and before
crossing the threshold of the MCI/prodromal stage [27]. Adapted from Jessen, et al. [27] with
permission from Elsevier.

to plan and process motor tasks) and dysexecutive (dysfunction in executive functions) are also
common in this stage. The severe stage is accompanying by fragmented memory, as well as
severe language, attention and movement problems. In this stage patients become completely
dependent on others. The progression pace varies from patient to patient.
2.4.3 Risk and Protective Factors of Alzheimer’s Disease
Aging and genetics are the most significant non-modifiable risk factors of AD. The incidence
of AD increases exponentially with aging, although, in recent years there are several reports on
a reduced incidence among the oldest in several western countries including Sweden [89]. Four
genes have been involved in AD: Amyloid precursor protein (APP) gene, Presenilin 1 and 2
(PSEN1 and PSEN2) genes and Apolipoprotein E gene (APOE) [90]. The first three genes
(APP, PSEN1 and PSEN2) have been associated with causing the familial forms of AD. The
APOE gene is involved in producing a lipid-binding protein that supports lipid transport in the
brain. There are three major alleles of APOE: ε2, ε3, and ε4. Numerous studies have shown
that APOE ε4 is the strongest genetic risk factor for AD while a protective effect against AD
is reported for APOE ε2 (for reviews: [90-92]).
Several longitudinal studies have reported that midlife cardiovascular risk factors are
associated with an increased risk of AD [93-97]. In particular, hypertension [98, 99] and high
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cholesterol levels [98] are the most significant cardiovascular risk factors that can increase the
risk of AD. In addition, lifestyle-related factors such as education (as a proxy of cognitive
reserve) [100], physical activity [101], smoking [102] and alcohol intake [103] are significantly
associated with the risk of AD. These modifiable risk factors can play a protective role for AD.
A recent study estimated that eliminating modifiable risk factors can prevent one third of
dementia cases [104]. It has been discussed that the reported reduced incidences among the
elderly in several western countries may be related to intervention of cardiovascular risk factors
such as hypertension.
2.4.4 Diagnosis of Alzheimer’s Disease
A definitive diagnosis of AD in patients who meet the clinical criteria of AD is only possible
by obtaining histopathologic evidence from an autopsy (or biopsy) that confirms the presence
of senile plaques and neurofibrillary tangles in the brain [105]. A brain biopsy is unusual for
AD diagnosis since it is an invasive procedure with common risks of anesthesia, surgery and
brain injury. Thus, AD is mainly diagnosed clinically.
The most commonly used criteria for AD diagnosis were published in 1984 by the National
Institute of Neurological and Communicative Disorders and Stroke (NINCDS) and the
Alzheimer's Disease and Related Disorders Association (ADRDA) and they are also known as
the NINCDS-ADRDA Alzheimer's Criteria [105]. In 2011, the National Institute on Aging and
Alzheimer’s Association (NIA-AA) published an update on the original diagnostic criteria for
AD) [86]. The new guidelines aimed to update, refine and broaden previous criteria based on
the latest research outcomes. The NIA-AA guidelines cover the whole clinical trajectory of AD
progression by defining three phases: preclinical AD [106], MCI due to AD [64], and dementia
due to AD [87]. Also, the guidelines incorporated the use of biomarkers of AD into the
diagnostic criteria. The biomarkers of AD are described in section 3.1.
In addition to NINCDS-ADRDA and NIA-AA criteria, classifications from the fourth edition
of the Diagnosis and Statistical Manual of Mental Disorders (DSM-IV-TR) [107] and the 10th
edition of the International Classification of (ICD-10) [108] are commonly used in clinical
practice to classify dementia diagnoses.
The challenge in AD diagnosis is the differential diagnosis of AD rather than the dementia
diagnosis. AD is a heterogeneous and complex disease which especially early in the disease
can be difficult to differentiate from other dementia disorders such as dementia with Lewy
bodies (DLB) or vascular dementia (VaD). Early on, it also can be a challenge to differentiate
AD from e.g. depression with cognitive deficits.
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3 NEUROIMAGING AND BIOMARKERS
This section focuses on the neuroimaging biomarkers of AD. The most widely studied
neuroimaging biomarkers of AD are described.
3.1

BIOMARKERS OF ALZHEIMER’S DISEASE

Biomarker refers to in-vivo measurable physiological, biochemical or anatomic parameters that
indicate a particular feature of a disease-related pathophysiological process [86]. It has been
suggested that an ideal AD biomarker should be reproducible, non-invasive, straightforward
and economical as well as having a sensitivity of >80% for detecting AD and a specificity of
>80% for differentiating AD from other dementias [109]. In addition, the ability to precisely
detect AD in its early stages is mentioned [109]. During the last two decades several
biochemical, neuroimaging, neuropsychological and genetic markers were investigated to find
reliable biomarkers for AD. Among these biomarkers, neuroimaging and CSF markers are
widely studied and applied.
Brain imaging techniques provide non-invasive in-vivo structural and functional information
that can be linked to neuropathological processes in the brain. Structural imaging with CT or
MRI is widely used to image brain anatomy and morphology. This data is used to study those
aspects of AD that are related to neurodegeneration. Functional imaging is used to study brain
functionalities such as blood flow, metabolism and chemical characteristics. The most used
functional imaging techniques for development of new AD biomarkers are PET imaging with
18
F-fluorodeoxyglucose (FDG-PET) and 11C-Pittsburgh Compound-B (PiB-PET) tracers and
fMRI. CSF, which surrounds the brain and circulates in the brain ventricles, directly interacts
with the brain. Therefore, biochemical assays in CSF may reflect information on
pathophysiological processes in the brain.
Evidence from research led to the incorporation of biomarkers into the criteria for the diagnosis
of AD [86, 110]. The biomarkers are divided into two groups, biomarkers of neuronal
degeneration and biomarkers of Aβ accumulation. Biomarkers of neurodegeneration are:
increased levels of CSF phosphorylated tau (P-tau) and total tau (T-tau), atrophy on structural
MRI in specific regions and certain topographic patterns of decreased FDG uptake on FDGPET. Low levels of CSF Aβ42 and abnormal tracer retention on amyloid PET imaging are
biomarkers of Aβ accumulation.
3.2

STRUCTURAL IMAGING

Traditionally, structural imaging was used to rule out treatable and reversible causes of
dementia such as brain lesions, tumors, subdural hematomas and cerebral infarcts [111].
Advances in medical image analysis and evidence on the correlation of structural brain changes
and AD-related neurodegeneration [112] have extended the role of structural imaging [113].
Measures of brain atrophy (particularly with MRI) are widely studied as a marker of
neurodegeneration. Atrophy seems to be an unavoidable progressive consequence of
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neurodegeneration [113]. It has been shown that the brain atrophy patterns detected with MRI
correlate with the stages of neurofibrillary tangle deposition [114, 115]. Numerous studies have
demonstrated the association between brain atrophy and cognitive decline in AD and its predementia stages [116-121]. In addition, several studies showed that medial temporal atrophy
(MTA), particularly atrophy in the hippocampus and entorhinal cortex, can predict AD
progression [117, 122, 123]. Evidence supports the notion that measurement of brain atrophy
through structural brain imaging is a valid marker of AD progression [113]. However, it should
be mentioned that hippocampal atrophy and general brain atrophy are not specific to AD and
can be seen in other neurodegenerative disorders such as DLB [124, 125]. Moreover, the
absence of MTA does not exclude the AD dementia type [111].
Assessment of MTA with a visual rating scale [126, 127] is commonly used as a diagnostic
tool for AD. The MTA scale grades the severity of MTA from 0 (no atrophy) to 4 (most severe
atrophy) based on hippocampus and CSF volumes on MRI scans. It has been shown that the
MTA scale correlates with AD pathology, cognitive impairment, and volumetric MRI methods
[128]. Other visual rating scales including global cerebral atrophy (GCA) [129, 130] and
posterior cortical atrophy (PA) scales [131, 132] are also applied in AD diagnostics. These
scales may be valuable in supporting atypical presentations of AD [133, 134]. In recent years,
several computer-aided diagnosis methods based on structural MRI have been developed [135,
136]. However, employing these methods in routine clinical settings is challenging since
complex logistics are needed. In the following sub-heading the most widely available structural
imaging techniques are described.
3.2.1 Computed Tomography
CT is a medical imaging procedure that uses ionizing radiation to image the internal organs of
body. A CT‐scan is based on the basic principle that an object can be reconstructed by a series
of projections from different angles. CT‐scanners use the X‐ray beams to produce the
projections of the internal structures of the body at multiple angles. The recorded projections
are processed by image reconstruction algorithms to generate the 3D images.
CT is a common procedure in clinical routine practice and it is relatively cheap and widely
available. As a structural brain imaging technique, CT is mostly used to rule out treatable and
reversible causes of dementia. CT provides a good contrast between bone and soft tissue. The
contrast between different soft tissues is relatively low but it is sufficient to identify cerebral
infarcts, tumors and hemorrhage. However, it has been shown that MTA and GCA ratings
using a high-resolution multi-detector row CT scanner are comparable with those obtained
from MRI [137]. In a recent study CT was used for the visual rating of MTA and GCA which
showed significant correlations with cognitive test results [138]. Considering these results and
taking the availability and cost-effectiveness of CT into account, high resolution CT could be
considered as an alternative when MRI is not available, particularly in primary care units to
improve dementia diagnostics.
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In Sweden, the Swedish National Guidelines for the diagnosis and management of dementia
disorders [139] recommend CT as part of the basal dementia work-up, preferably at the primary
care level and MRI as an extended assessment.
3.2.2 Magnetic Resonance Imaging
MRI is a tomographic imaging technique based on the principles of resonance transitions of
atomic nuclei between different magnetic energy levels. In the presence of an external magnetic
field, atomic nuclei absorb and re-emit electromagnetic radiations with a specific resonance
frequency. Magnetic resonance signals are obtained by recording these electromagnetic
radiations. In medical applications, MRI uses the hydrogen atoms magnetic resonance signal
to image tissues or pathologies in thin slices through the human body. Each image represents
the volume of the corresponding slice. These images together form a 3D image of the volume.
The contrast in an MR image is due to differences in the intensities of the detected magnetic
resonance signals from different tissues. Several parameters can affect the intensities of the
recorded signals. Some parameters such as spin‐lattice relaxation time (T1), spin-spin
relaxation time (T2) or proton density are the natural properties of tissues. Also, there are
several instrumental parameters that are adjustable on MRI cameras. By changing the camera
settings, it is possible to modify the tissue contrast in an MRI. T1-weighted MRI highlights the
differences between the T1 relaxation time of the tissues, which is useful when contrasting soft
tissues. T1-weighted images provide a good contrast between gray matter and white matter,
which is essential for studying brain structures. In AD work-up, structural MRI is generally
considered to be the preferred brain imaging modality due to its high tissue contrast [140].
3.3

FUNCTIONAL IMAGING

3.3.1 Positron Emission Tomography
PET is a high-cost imaging technique that uses radiopharmaceutical tracers. These are
substances labeled with positron-emitting radionuclides, to measure physiological and
biochemical processes in-vivo. A PET scanner generates 3D images of the concentration of the
tracer by recording pairs of gamma rays emitted by radionuclides. PET has been extensively
evaluated as a diagnostic tool for AD. The PET studies in AD target either neuronal function
or associated pathological features of AD. The most studied tracers in AD research are FDG
and PiB.
FDG is a glucose analog that is taken up by cells that use glucose, such as brain cells. Therefore,
FDG uptake as a marker of glucose consumption reflects neuronal metabolic activity in the
brain. Cerebral glucose metabolism is associated with synaptic activity and neuronal function
[141] is used as a marker of neurodegeneration in AD [142]. In AD, the glucose metabolism is
reduced, which may reflect synaptic loss or dysfunction. In particular, patterns of
hypometabolism in the posterior cingulate cortex and/or the parieto-temporal regions are
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demonstrated in AD [143] and MCI [144]. It has also been shown that metabolic changes
measured by FDG-PET are associated with cognitive decline in AD and MCI [145, 146].
The PiB radiopharmaceutical tracer has been developed to target Aβ plaques in the brain [147].
PiB binds with high affinity and specificity to fibrillar Aβ forms found in dense core plaques.
Studies on PiB-PET have shown an increased cortical uptake in AD patients compared to
normal individuals [41, 147]. One limitation of the PiB tracer is the short half-life time of its
radionuclides. Other radiopharmaceutical tracers based on radionuclides with longer half-life
time such as 18F-AV-45 [148] have also been developed for amyloid imaging.
3.3.2 Functional Magnetic Resonance Imaging
Functional MRI indirectly measures patterns of neural activity during resting state or a taskrelated paradigm. Blood-oxygen-level dependent (BOLD) imaging is the most common
technique to measure activity patterns. BOLD fMRI is based on the changes in the level of
blood oxygen (deoxyhemoglobin concentration) that is induced by alterations in blood flow.
A common approach in AD research is to study activity patterns during an episodic memory
task [149]. Decreased activity in the medial temporal lobe and hippocampal areas during
encoding is reported in MCI and AD subjects [150-153]. In addition, resting state fMRI could
be used to study brain network connectivity in MCI and AD. Several studies have reported
disrupted functional connectivity in the default network in MCI and AD [154-156]. It has been
demonstrated that the connectivity patterns can predict disease progression in subjects with
MCI [157].
3.4

CEREBROSPINAL FLUID BIOMARKERS

CSF occupies the brain cavities and directly interacts with the brain. Therefore, CSF can reflect
pathological processes in the brain. Concentrations of Aβ42, T-tau and P-tau in the CSF are
valuable markers for diagnosing AD and for differential diagnosis. Decreased levels of Aβ and
increased levels of T-tau and P-tau in CSF are reported in AD compared to normal elderly
individuals. It has been demonstrated that levels of Aβ, T-tau and P-tau in CSF are associated
with disease progression in subjects with MCI [158, 159]. The decreased levels of Aβ in CSF
are most likely the consequence of impaired Aβ clearance from the brain. Increased
concentrations of tau in CSF may indicate tauopathy and neural damage [160]. These measures
together provide support for ongoing neurodegeneration in AD. However, the alterations in
CSF Aβ, T-tau and P-tau are not specific to AD. In addition, these assays are measureable in
CSF and an invasive procedure performed by lumbar puncture to collect CSF is needed.
Furthermore, the measures of these assays show significant variation between different
laboratories.
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3.5

NEUROPSYCHOLOGICAL TESTS

3.5.1 Mini–Mental State Examination
The Mini–Mental State Examination (MMSE) test [161] is a set of questionnaires that were
originally designed as a brief tool for screening cognitive functions. The MMSE test examines
cognitive functions including orientation to time and place, immediate recall, short-term verbal
memory, calculation, language, and construct using a 30-points questionnaire. A lower MMSE
score indicates worse cognitive functionality. MMSE provides a quantitative measure of
cognitive functions that could be used as a rough estimation of cognitive impairment severity.
MMSE is widely used in clinical and research dementia routines to detect the presence of
cognitive impairment as well as to monitor the course of cognitive changes over time.
3.5.2 Clinical Dementia Rating
The Clinical Dementia Rating (CDR) [162, 163] is a numeric scale used to evaluate the severity
of dementia in persons with probable AD. The CDR is a five-point qualitative scale where zero
indicates no cognitive impairment, 0.5 indicates very mild dementia and 1 to 3 specify mild,
moderate and severe dementia. The CDR is calculated from interviews with patients and a
collateral source as well as a mental status examination. The CDR assesses six domains of
cognitive and functional performance: memory, orientation, judgment and problem solving,
community affairs, home and hobbies, and personal care. The CDR sum of boxes (CDR-SOB)
[164] is the sum of scores in each of these domains and ranges between zero and 18.
3.6

HYPOTHETICAL MODEL OF ALZHEIMER’S DISEASE BIOMARKERS

Evidence from longitudinal studies on AD biomarkers suggests that changes in AD biomarkers
follow a temporal order [165-168]. For instance, in a recent longitudinal study on 137
individuals with MCI with a follow-up of 9.2 years, it was demonstrated that CSF Aβ became
abnormal 5–10 years or more prior to progression to dementia, while T-tau and P-tau were later
progressive markers [167]. In another study on 819 subjects with a three-year follow-up, the
trajectory of changes in CSF Aβ, FDG-PET and hippocampal volume was studied. The authors
concluded that Aβ accumulation occurs before hypometabolism or hippocampal atrophy [166].
Jack, et al. [169] proposed a hypothetical model of the time-dependent ordering of the five
most studied AD biomarkers (Figure 2). The biomarkers can be categorized into two major
categories:
1- biomarkers of Aβ deposition including measures of CSF Aβ and amyloid PET imaging,
and
2- biomarkers of neurodegeneration including measures of CSF T-tau and P-tau,
hypometabolism on FDG-PET and atrophy on structural MRI
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Figure 2. Hypothetical model of the time-dependent ordering of AD biomarkers. The model suggests
that AD biomarkers become abnormal in a temporally ordered manner, where the earliest changes occur
in CSF Aβ42 and amyloid PET followed by CSF tau and then structural MRI and FDG-PET
concurrently. Adapted from Jack, et al. [169] with permission from Elsevier.

The hypothetical model suggests that AD biomarkers become abnormal in a temporally ordered
manner, where the earliest changes can be observed in the CSF (lower levels of Aβ42) and/or
measured using amyloid PET (higher uptake in the brain) followed by CSF tau. Structural MRI
and FDG-PET together are the last affected biomarkers in the model. The model suggests a
range of possible cognitive domain impairments indicating variations in disease representation.
Risk and protective factors such as genetics or life-style may affect the response. A sigmoidal
shape as a function of time is assumed for changes in the biomarkers.
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4 MULTIVARIATE DATA ANALYSIS AND ALZHEIMER’S
DISEASE
This section provides a background to the application of multivariate data analysis and machine
learning techniques in the AD field. Different techniques are introduced and factors that may
affect the performance of the techniques are described.
4.1

DATA ANALYSIS IN ALZHEIMER’S DISEASE

AD is a complex and heterogeneous disease which is associated with systematic structural and
functional changes in the brain. However, the symptoms and characteristics of the disease vary
from patient to patient. Consequently, a single biomarker or a single structure might be
insufficient when investigating the disease. Studies that have used a combination of biomarkers
or different measures from the whole brain have shown promising outcomes [170-173].
Generally, neuroimaging data contains extremely high dimensional raw information. In recent
years developing automated image analysis tools for processing neuroimaging data has been
of great interest. These automated tools extract large amount of information from neuroimaging
data which may contain intrinsic disease-related patterns. Advanced multivariate data analysis
and machine learning techniques provide means to analyze this information (either processed
or raw data) and discover inherent disease-related patterns. In addition, these techniques
provide the opportunity to combine information from different modalities which is of great
importance in finding any relationship between different aspects of the disease.
Multivariate data analysis and machine learning techniques are widely used and studied in the
discrimination of AD patients from cognitively normal (CN) subjects as well as in the
prediction of disease progression in subjects at SCD/MCI stages. The results have generally
shown a great potential for separating groups and monitoring disease progression [174]. The
performance of these techniques depends on many parameters including both methodological
and cohort properties. Methodological variables include feature extraction, feature selection,
classification and validation methodologies that mainly affect the performance of the data
analysis steps. Furthermore, the input itself affects the performance of classification and
prediction. The quality of original neuroimaging data, the number of subjects in a cohort,
demographics of the cohort and the diagnostic criteria applied all affect the results of the data
analysis.
4.2

FEATURE EXTRACTION AND SELECTION

Feature extraction is a key part of data analysis that can directly affect the performance of
machine learning and data analysis algorithms. A feature is a variable or attribute that represent
a property of the observed phenomenon. Feature extraction refers to the procedure of
constructing a set of input features for a data analysis algorithm, which generally requires the
transformation of raw data to a set of derived variables. Feature selection is another important
step in data analysis methods. Feature selection refers to the procedure of selecting a subset of
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features from the extracted features. Feature selection is commonly used in dimensionality
reduction to avoid computational difficulties (curse of dimensionality). Another application of
feature selection is in the settings where few samples with many features are available. In these
settings, selecting proper features and omitting improper features can help to avoid introducing
noise and overfitting [175]. Moreover, feature selection can be used to simplify models,
enhance the interpretation and reduce the complexity of models.
In the field of AD research, where the raw data is high dimensional and complex structural or
functional neuroimaging information, feature extraction and selection steps are commonly used
to retrieve and quantify a set of features that can reflect the most disease-specific patterns. The
feature can be any variable, from the intensities of single voxels, to measures such as size,
volume and shape of cortical or subcortical structures, or correlations in the whole brain.
Measures of subcortical volumes and cortical thickness/volumes are widely studied in AD
diagnosis and prediction of dementia in subjects with MCI [176-178]. Further, morphological
measurements that represent the macroscopic shape and neuroanatomical configuration of the
brain have been used to study structural differences between populations. Several methods have
been developed for this purpose, for instance voxel-based morphometry (VBM) is a statistical
method that measures the differences in the local composition of brain tissue, voxel-wise [179].
Deformation-based morphometry (DBM) methods detect global shape changes by measuring
the differences between the positions of brain structures [180, 181]. Tensor-based
morphometry (TBM) is a variant of DBM that identifies local shape changes of brain structures
[182]. Several automated methods were developed to measure properties of these structures
such as hippocampal volume [183, 184] and shape [185, 186] in AD diagnosis. Also, several
more sophisticated and complex features such as the spatial-frequency map of cortical
thickness data [187], or the spatial map of structural volumes [188] have been used for feature
extraction.
Due to the high dimensionality of neuroimaging data, feature selection may be necessary prior
to performing data processing. Filter-based feature selection approaches select those features
that fulfilled a certain requirement, e.g. paired t-test can be performed to select the most
discriminative features [173]. Wrapper-based feature selection approaches select features using
information from a search algorithm. For instance, Fan, et al. [189] used support vector
machine-recursive feature elimination (SVM-RFE) technique to sort features according to their
effect on the leave-one-out error bound and select the optimal set of features. There are feature
selection approaches that are embedded in the learning method. The selection of the best test
attribute in the decision tree method is an example of embedded methods.
Several studies have investigated the effect of feature extraction and selection methods on the
performance of AD classification. One study evaluated ten feature extraction methods
including five voxel-based methods, three methods based on cortical thickness and two ROIbased methods (hippocampus) for discriminating CN, MCI and AD subjects. The results
showed that different feature sets produce different classification accuracies [190]. Further,
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they showed that using feature selection increased computational time but had no effect on the
classification performance [190]. In another study it has been demonstrated that combining
features from four different automated feature extraction methods including hippocampal
volume, cortical thickness, tensor-based morphometry and manifold-based learning could
significantly improve classification accuracy [191]. A comparison of the predictive accuracies
of four feature selection methods, including pre-selected features, filter-based methods and an
RFE method, showed that if feature selection is performed based on prior knowledge, it can
improve classification performance [192]. The positive effect of SVM-RFE on the prediction
of progression from MCI to AD was also demonstrated by Nho, et al. [193].
4.2.1 Automated Image Processing Tools
A number of automated and semi-automated software packages are available for processing
neuroimaging data, namely, FreeSurfer, FMRIB Software Library (FSL) and Statistical
Parametric Mapping (SPM). These software packages provide powerful tools for processing
functional and structural data and extracting different types of features, and have been
extensively used in the AD research field.
FreeSurfer is an open source software package designed and developed for processing human
brain MRI by the Laboratory for Computational Neuroimaging at the Athinoula A. Martinos
Center for Biomedical Imaging [194]. FreeSurfer provides a set of image processing tools for
the processing and visualization of structural, functional and diffusion MRI as well as tools for
multimodal registration purposes. The structural MRI pipeline includes automated streams for
analysis of cortical and subcortical anatomy and measuring morphometric properties. For more
information see http://surfer.nmr.mgh.harvard.edu/.
FSL is a software library providing statistical and image analysis tools for structural, functional
and diffusion MRI brain imaging data, which has been developed by the FMRIB Analysis
Group, Oxford [195]. The main tools of FSL for analysis of structural MRI include brain
extraction, brain segmentation, linear and nonlinear registration as well as VBM. More
information on FSL is available at https://fsl.fmrib.ox.ac.uk/fsl/fslwiki.
SPM is a software package developed for the analysis of brain imaging data sequences
including cross-sectional or longitudinal functional neuroimaging data such as fMRI and PET.
FSL was developed by the Wellcome Department of Imaging Neuroscience at University
College London as a suite of MATLAB (The MathWorks, Inc) and is distributed as free
software. More information is available at http://www.fil.ion.ucl.ac.uk/spm/.
4.3

DATA ANALYSIS METHODS

Machine learning and multivariate data analysis methods are widely used in the AD field to
distinguish AD subjects from CN and MCI subjects. These methods are also employed to study
disease progression. A common approach in machine learning applications is to use prior
knowledge about group belonging of subjects to train a supervised classifier and subsequently
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use the trained classifier to label subjects of interest. In the AD field, a classifier is usually
trained using input data from AD and CN subjects and then the trained classifier is used to
predict disease progression in subjects with MCI.
Support vector machine (SVM) [196] is the most commonly used classifier for this purpose
[185, 193, 197-201]. SVM is a supervised classifier that is defined by an optimal separating
hyperplane. The SVM algorithm in its simplest form initially finds the critical samples for the
separation of two groups (which are called support vectors) and then optimizes a decision
function so that the margins between the support vectors and the class separation boundary are
maximized. Using this approach, the constructed classifier can handle linearly separable
samples. However, in practice the classes are not always linearly separable. One way to address
this issue is to apply the kernel trick and create a non-linear classifier [202]. The main idea
behind this approach is to transform the input data into a higher dimensional feature space,
where it is more likely to be linearly separable without explicit computing of the mapping. A
recent study using a multi-kernel SVM classifier with correlative and ROI-based
morphological features resulted in an accuracy of 92.35% for AD classification and an
accuracy of 83.75% for MCI classification [201]. This method has been used to combine
measures from MRI, FDG-PET, and CSF biomarkers in order to discriminate AD and MCI
patients from CN subjects, and has resulted in an accuracy of 93.2% for AD classification and
an accuracy of 76.4% for MCI classification [173].
Linear discriminant analysis (LDA) and quadratic discriminant analysis (QDA) [203] are
statistical classifiers that have been utilized in AD classification in several studies [187, 191,
204-208]. As their name imply, LDA respects linear decision boundaries and QDA quadratic
decision boundaries. LDA attempts to find the best linear combination of features that separate
different classes and constructs discriminant functions based on this combination. The
fundamental assumption in LDA is that all classes are normally equally distributed. In QDA
class covariance matrices can be unequal [209].
Orthogonal projection to latent structures (OPLS) [210] is a supervised multivariate data
analysis method that has been applied in the AD field [172, 176-178, 211-213]. The OPLS
method is described in detail in section 6.3.2.
Several studies have compared the performance of different techniques for classification of AD
and MCI subjects. One study showed that the Gaussian processes classifier [214] can provide
higher accuracy compared to SVM for prediction of progression from MCI to AD [215]. In
another study, a comparison of SVM, logistic regression and Bayes classifiers with a statistical
model for a data visualization system, showed that the classifiers provide similar predictive
power, however they represent the results in a different manner, which is of importance for
interpretation and visualization [216]. In a study that compared four different classifiers
including SVM, OPLS, artificial neural networks and decision trees, the authors concluded that
the classifiers tend to perform very similarly using the same cohort with the same input [217].
A recent study showed that SVM, LDA and regularized regressions perform similarly for
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prediction of MCI progression, however using an unsupervised method that captures local
linear symmetries in the data can improve prediction accuracy [207].
None of the above-mentioned techniques have been specifically developed to analyze
neuroimaging data but they perform reasonably well and provide promising accuracies. The
accuracy in the classification of AD patients and CN individuals tends to be between 80- 90%,
and somewhat lower in the prediction of progression from MCI to AD [174]. Actually, it seems
that the data used for modeling (clinical diagnosis, input data and cohort) may play a more
important role than the employed methodology for processing information [174].
4.3.1 Model Evaluation
Model Evaluation is a key part in the process of creating classification models. It can be used
to discover the optimal classification model and more importantly to evaluate the performance
of a model when applied to new data. Cross validation (CV) is a class of methods used for
model evaluation. The basic idea of CV is to use a part of the dataset for training and the
remaining part for testing the performance of the classifier. Hold-out validation is the simplest
form of CV where the dataset is divided into two subsets, training and testing. The training
subset is only used in the learning phase and then the performance of the trained classifier is
evaluated using the test subset. In applications in which parameter optimization is required, a
third subset of samples (the validation subset) is allocated for this purpose. However, applying
the hold-out approach to small datasets may lead to overfitting. This issue is addressed in the
K-fold CV approach in which dataset is divided into K folds and the hold-out validation is
repeated K times. Each fold is used once and only once for validation. Leave-one-out CV, a
variation of K-fold CV in which K is equal to the sample size, is a useful validation method in
small datasets. Although CV can increase the computational time, it is recommended to avoid
any optimistic bias in classification accuracy [218].
The results of model evaluation are generally quantified by performance metrics. The
classification accuracy is the basic metric defined as the number of correctly classified samples
divided by the total number of samples. Sensitivity and specificity are metrics that are
commonly used in medical applications. Sensitivity is the proportion of actual positive cases
(AD/ MCI/ progressive MCI in this context) that are correctly labeled and specificity is the
proportion of actual negative cases (CN/stable MCI in this context) that are correctly labeled.
The receiver operating characteristic (ROC) curve is a graphical metric that is created by
plotting the sensitivity against the one minus specificity at various thresholds. The area under
the ROC curve is a transformation of the ROC performance to a scalar value which is
commonly used as a metric for comparing the performance of similar classifiers.
4.3.2 Confounding Factors
Confounding factors are variables that correlate with both the dependent and the independent
variables. These variables can negatively affect the performance of the classifier. Examples of
confounding factors in the context of AD classification are age, gender, genotype, educational
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level and comorbidities. One way to control the effect of a confounding factor is to match the
subjects of different groups with regard to these parameters. An example of this approach is
age matching of groups, but using this approach to match groups for several parameters is not
practical. Including confounding factors as covariates in the model is a common approach that
is applicable in statistical analysis methods [219]. Detrending the effect of confounding factors
using a linear regression model has also been used. This method is applied to eliminate the
effect of age prior to data analysis with SVM and VBM, which has resulted in improved
classification accuracy [220]. In another study, a reformulated SVM (confounder correcting
SVM) was introduced that controls for the effect of confounding factors by minimizing the
statistical dependence between the classifier and the confounding factors [221].
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5 AIMS OF THE THESIS
5.1

GENERAL AIMS

The main aim of this thesis was to investigate the potential use of neuroimaging biomarkers in
AD. The applicability of a multivariate severity index (SI) based on structural MRI was tested
for AD classification, monitoring disease progression and predicting progression from the
SCD/MCI stages to AD. Finally, the relationship between the SI and factors such as age,
cognitive performance, genotype and other AD biomarkers was investigated.
The hypothesis is that structural MRI patterns of disease contain information that can be
summarized into a single index using a multivariate data analysis. The method can be applied
in the SCD/MCI stages of AD to predict conversion to AD and to monitor disease progression
in an accurate way.
5.2

SPECIFIC AIMS

Specific aims in the constituent studies included:
Study I: To investigate the influence of variables such as age, gender and disease severity on

the use of structural imaging (MRI, CT) and CSF measures (obtained through LP) for the
differential diagnosis of dementia, and to examine the consonance with the recommendations
of the Swedish national guidelines.
Study II: To apply two age correction algorithms in a large cohort to investigate whether they

can improve AD diagnosis and prediction of progression from MCI to AD using the SI. The
effect of age correction was further investigated by studying the characteristics of correctly and
incorrectly classified subjects in each diagnostic group.
Study III: To longitudinally evaluate the performance of the SI for prediction of future

progression to AD in subjects with MCI and to investigate the association between longitudinal
change in the SI and cognitive impairment, APOE genotype as well as the levels of CSF Aβ.
Study IV: To utilize the SI for the detection of subjects with SMD who are at the risk of

progressing to MCI and AD and to investigate whether the identified subjects differed in
clinical measures at baseline and during 7.5 years follow-up.
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6 MATERIALS AND METHODS
This section describes the key materials and methods that are used in the constituent studies.
Materials are explained in detail in each constituent study.
6.1

STUDY SETTINGS

6.1.1 Cohorts
The SveDem Registry
The Swedish Dementia Registry (SveDem) is a national quality registry on dementia disorders.
SveDem was started in May 2007 with the aim of improving the quality of diagnostic workup, treatment and care of dementia patients in Sweden. Patients newly diagnosed with a
dementia disorder at primary care units or specialist care units are registered and followed-up
annually through a web-based system. Patients’ characteristics such as age, gender, height,
weight, heredity, living conditions in addition to medical information such as medications,
cognitive assessment (MMSE Score), diagnostic work-up, type of dementia disorder are
recorded in the registry [222]. At present, SveDem comprises over 65 000 individuals with
dementia (www.svedem.se).
The ADNI Study
Alzheimer’s Disease Neuroimaging Initiative (ADNI) is a multisite longitudinal study in North
America with the overall goal of validating sensitive biomarkers for early detection and
monitoring of AD [223]. The initial phase of the ADNI study (ADNI1) was started in 2004 and
aimed to recruit 200 CN, 400 MCI and 200 mild AD subjects aged between 55 and 90 years of
age. Several tests and examinations including structural MRI, FDG-PET, clinical and cognitive
assessments, genetic profiles as well as CSF and blood measurements were acquired for
participants at multiple time points.
The AddNeuroMed Study
AddNeuroMed [224] is a cross-European project that was designed and developed to produce
improved experimental models for discovering AD biomarkers. The AddNeuroMed is aimed
at finding potential biomarkers for AD to be used for early detection, prediction of future
conversion and for monitoring disease progression. Several assessments including memory,
function and behavior examinations as well as blood tests are performed. Structural brain
imaging and CSF analysis is performed for a subset of participants. Subjects in the
AddNeuroMed study are followed up for 12 months.
The AIBL Study
The Australian Imaging, Biomarker & Lifestyle Flagship Study of Ageing (AIBL) [225] is a
longitudinal project with the aims to discover biomarkers, cognitive characteristics, and health
as well as lifestyle factors that are linked to the development of AD. The AIBL study was
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launched in 2006 and enrolled over 1100 participants with AD and MCI as well as comparable
healthy controls. The AIBL study collected clinical information, cognitive assessments,
neuroimaging (MRI and PET) scans, blood and genotype data as well as dietary and lifestyle
assessments. The subjects in the AIBL study are followed up longitudinal and currently
longitudinal data for over 7.5 years are available.
6.1.2 Inclusion and Diagnostic Criteria
Types of dementia disorders in SveDem are coded as AD (early- and late-onset), vascular
dementia (VaD), mixed dementia (a combination of AD and VaD), dementia with Lewy bodies
(DLB), Parkinson’s disease dementia (PDD), frontotemporal dementia (FTD), unspecified
dementia (dementia disorders with unknown etiology) and other dementia types (miscellaneous
dementia disorders such as corticobasal degeneration or alcohol-related dementias) [222]. The
diagnoses are based on the 10th revision of the International Classification of Diseases (ICD10) [108], the McKeith criteria [226] for DLB, the Movement Disorder Society Task Force
criteria [227] for PDD and the Lund-Manchester [228] and Neary criteria [229] for FTD.
The inclusion requirement and diagnostic criteria were very similar in the ADNI,
AddNeuroMed and AIBL cohorts [225, 230, 231]. AD diagnosis was based on NINCDSADRDA criteria [105] and MCI based on established criteria [52, 62]. Regarding the AIBL
study, allocation of individuals to one of the three diagnostic groups was undertaken by a
clinical review panel. The inclusion criteria for subjects enrolled in these cohorts are
summarized in Table 1.
In the constituent studies different notations were used for the group of control subjects (CTL
in study II, CN in study III and HC in study IV). In this thesis, this group of subjects is
referred as cognitively normal (CN).
6.1.3 Participants
Study I included 17057 patients from the SveDem registry with incidence dementia during the
years 2007 to 2011, where 92.5% of patients were diagnosed at specialist care units, 59% were
female and the mean age of the population was 78.4 years.
Study II included 1082 subjects (CN = 340, MCI = 445 and AD = 297) from the ADNI and
AddNeuroMed cohorts. Subjects from AddNeuroMed had a follow-up diagnosis at 12 months
and subjects from the ADNI cohort had follow-up diagnoses at 18, 24 and 36 months. At the
12-month follow-up, 85 subjects with MCI progressed to AD (MCI-p) and 360 subjects
remained stable or returned to normal cognition (MCI-s).
Study III included 568 subjects (CN = 228, MCI = 145, AD = 195) from the ADNI cohort.
Follow-up data was available for up to 36 months for CN subjects and up to 24-months for AD
patients. All subjects with MCI had 36-months follow-up data, in which 70 subjects progressed
to AD (MCI-p) and 75 subjects remained stable or returned to normal cognition (MCI-s) during
follow-up period.
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Table 1. Inclusion and diagnostic criteria in the ADNI, AddNeuroMed and AIBL studies.
ADNI

AddNeuroMed

AIBL

AD

ADRDA/NINCDS criteria
for probable AD
MMSE between 20-26
CDR = 0.5, 1
Memory complaints
Abnormal memory function

ADRDA/NINCDS and
DSM-IV criteria
MMSE between 12-28
CDR > 0.5
Aged ≥ 65 years

ADRDA/NINCDS criteria
for probable or possible
AD

MCI

MMSE between 24-30
CDR = 0.5 (memory box
score ≥ 0.5)
Memory complaints
Abnormal memory function
Preserved general
cognition /functional
performance
Don’t meet criteria for AD

MMSE between 24-30
GDS score of ≤ 5
CDR = 0.5
Aged ≥ 65 years
Don’t meet the DSM-IV
criteria for dementia
Subjects' medication stable
Good general health

Winblad [62] criteria for
MCI
Reported memory
difficulties
A score 1.5 SD or more
below the age-adjusted
mean using all the
cognitive tests available

CN

MMSE between 24-30
CDR = 0 (memory box
score = 0)
No memory complaints
No significant impairment in
cognitive functions or
activities of daily living

MMSE between 24-30
GDS score of ≤ 5
CDR = 0
Aged ≥ 65 years
Don’t meet the DSM-IV
criteria for dementia
Subjects' medication stable
Good general health

Normal cognitive function:
cognitive scores no more
than 1.5 SD below ageappropriate norms in all
the cognitive tests
available

SMD

-

-

Normal cognitive function:
cognitive scores no more
than 1.5 SD below ageappropriate norms in all
the cognitive tests
available
Complaints of subjective
memory decline

General
inclusion
criteria

Age between 55-90
GDS score < 6
6 grades education/work
history
No significant other
neurological or
psychiatric illness
No significant unstable
systematic illness or
organ failure

No significant other
neurological or
psychiatric illness
No significant unstable
systematic illness or
organ failure

GDS score < 5
No significant other
neurological or
psychiatric illness
No significant unstable
systematic illness or
organ failure

CDR = clinical dementia rating.
GDS = geriatric depression scale.
MMSE = mini-mental state examination.
SD = standard deviation.
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Study IV included 238 subjects (CN = 69, SMD = 86, MCI = 45, AD = 38) from the AIBL
cohort. Follow-up diagnoses were available up for to 90 months. MMSE and CDR-SOB data
for up to 54 months were included.
The demographics and characteristics of the participants are presented in detail in each
constituent study.
6.2

IMAGING

6.2.1 Image Acquisition
MRI acquisition in the AddNeuroMed and AIBL studies was designed to be compatible with
the ADNI study [232]. The MRI protocol for all three cohorts included high resolution sagittal
3D T1-weighted Magnetization Prepared Rapid Acquisition with Gradient Echo (MPRAGE)
volume (voxel size 1.1 × 1.1 × 1.2 mm3).
6.2.2 Image Processing
For the purpose of processing the MRI scans, the FreeSurfer software package was used.
In studies II and IV, cross-sectional structural MRI was used. The cross-sectional pipeline in
FreeSurfer includes volumetric segmentation, cortical surface reconstruction and cortical
parcellation procedures that produce regional cortical thickness measures and regional
subcortical volumes from the left and right hemispheres of the brain. The surface-based stream
[233, 234] models cortical surface by finding the white matter - gray matter boundary and the
gray matter - pial surface boundary, and uses the generated surface to calculates several
morphometric measures of the cortex such as cortical thickness, surface area, curvature etc.
The volume-based (subcortical) stream [235, 236] measures and labels structural volumes. The
volume-based stream includes affine and non-linear registrations steps followed by a labeling
procedure. The labeling technique uses probabilistic information that is estimated from a
manually labeled training set to assign a neuroanatomical label to each location on a cortical
surface. Figure 3 shows ROIs labeled using the Desikan-Killiany cortical atlas [237]. In study
II, 55 measures including 34 regional cortical thickness measures and 21 regional subcortical
volumes were used (measures from left and right hemispheres were averaged). In study III,
187 measures including 68 regional cortical thickness measures and 51 regional subcortical
volumes were used.
In study III, the FreeSurfer longitudinal processing stream [238] was used. The longitudinal
stream is designed and developed for processing a series of longitudinal MRI scans. Compared
to the cross sectional stream, the longitudinal stream uses each subject as his or her own control
by robust, inverse consistent registration [239]. Information from this template is used to
initialize creating an unbiased within-subject template image [240]. The template image is
created using the longitudinal image processing to increase repeatability and statistical power.
In this study measures of 55 regions similar to study II were used (See supplementary material,
Table S 1, for the list of measures).
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Figure 3. ROIs labeled by FreeSurfer using Desikan-Killiany atlas. Left: subcortical volumes. Right:
cortical ROIs.

In study IV, the FreeSurfer surface-based statistical analysis was used to compare differences
in cortical thickness between AD-like and CN-like SMD subjects. This feature provides the
possibility of creating generalized linear models for any surface-based measure to study group
differences.
6.3

DATA ANALYSIS

6.3.1 Age Correction
In study II, two age correction methods were used to eliminate the confounding effect of age.
Firstly a simple method that uses age as an additional variable in the model and secondly a
linear detrending method that removes age-related effects from each variable. In the first
method, age is included as a covariate in the multivariate model. In the second method, the
association between age and each MRI-derived variable is estimated by a generalized linear
model (GLM), in the CN group only. Since this association is estimated in the CN subjects, it
is assumed to only be due to aging and not disease. The linear model was chosen based on the
Good, et al. [241] study where they found a linear decrease in global gray matter volume in
normal subjects. The method then uses the regression coefficient of the GLM model to detrend
the age-related changes from all subjects (AD, MCI and CN) by subtracting the estimated linear
trend. The detrending method is applied prior to any analysis. The detrending age correction
method was applied in study III as well.
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6.3.2 The Disease Severity Index
In studies II, III and IV a disease severity index (SI) was generated and used for discrimination
or prediction of different subject groups. The SI summarizes the brain structural patterns in a
single score, using multivariate data analysis of MRI-derived measures. The SI was calculated
by the OPLS method [210] which is a supervised multivariate data analysis algorithm.
The OPLS method is a modification of the projection to latent structures (PLS) method [242].
PLS has been developed for the purpose of modeling complex data based on the assumption
that the observed data is generated by latent variables. The PLS method extracts these latent
variables in a dataset by maximizing the covariance between the independent (predictor)
variables and the dependent (response) variables. PLS is a powerful method when there is a
large set of independent variables. However, a systematic variation in independent variables
(that is not related to the dependent variables) negatively affects the performance of the PLS
method. The OPLS method has been developed to address this problem by separating the
systematic variation in independent data into two parts, one linearly related to dependent data
(predictive block) and one orthogonal to dependent data (orthogonal block). The predictive
block models the correlation between the independent and the dependent variables. The
orthogonal block models the variation in the independent variables that is unrelated to the
dependent variable.
The main advantage of OPLS over PLS is that the model created is less complex and easier to
interpretation while prediction ability is preserved. In fact, the OPLS model could be
considered to be a rotated PLS model where the first component of the model contains class
separation information. Other components (if any) to class are orthogonal to class separation.
Figure 4 illustrates the difference between PLS and OPLS in a simple form, while the first
component of PLS represents the direction of maximum covariance between two classes, the
OPLS model is rotated so that the first component represents the direction of between class
variation and the first orthogonal component represents the direction of within class variation.
The performance of an OPLS model can be quantified by the goodness of fit (R2) and the
goodness of prediction (Q2) [243]. R2 indicates how close the training data is to the fitted model
and Q2 indicates to what extent the model can predict new data. Generally, with increasing
model complexity (increasing the number of components), R2 will rapidly increase, Q2 will
initially increase but it will decrease after certain model complexity (plateau). Therefore, Q2
can be used to specify the optimal number of components in the model. Further, Q2 can be used
as a performance metric to compare different models where a model with a higher Q2 is
considered to be a better model. Additionally, classification success rates in terms of accuracy,
sensitivity, specificity, ROC curve and the area under the ROC curve could be used as
parameters for evaluating the performance of a model.
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Figure 4. OPLS versus PLS models. The first component in the OPLS model contains class separation
information, while in PLS the first component indicates the direction of maximum covariance between
classes. t1 and t2 represent the first and the second components of the PLS model. tp and to represent the
predictive and the orthogonal components of the OPLS model.

As mentioned above, OPLS provides only one single predictive component and hence only one
single loading vector that is sufficient to identify the variables that are most important for class
separation. The loading vector expresses the covariance between the descriptor variables and
the predictive score vector. A variable with a larger covariance magnitude contributes more
strongly to group separation than a variable with low covariance magnitude.
The procedure of generating the SI includes two steps:
1. Training phase: In the first step an OPLS model is trained with baseline MRI-derived
structural measures of CN and AD subjects. A cross-validated SI is generated for each
subject. Thus, the trained model is based on the discriminative structural patterns in
AD and CN subjects.
2. Predicting phase: In this step the rest of the subjects (for instance MCI or SCD subjects
at baseline or follow-up time-points) are projected to the trained model and a predicted
SI is assigned to each subject.
Figure 5 shows a schematic diagram of the procedure of generating the SI. The generated SI
for CN and AD subjects in the training phase is scalar values, which is close to 1 for AD
subjects and close to 0 for CN subjects. Correspondingly, the predicted SI is a scalar value,
where a SI close to 1 presents a pattern similar to AD (AD-like) and a SI close to 0 displays a
pattern similar to CN (CN-like). It is possible to dichotomize the predicted SI into two groups
of CN-like and AD-like by applying a threshold within the range of SI. A cut-off equal to 0.5
is a straightforward threshold that was used in studies II and IV. A more accurate cut-off based
on the distribution of the SI in CN subjects was used in study III.
Furthermore, a pre-processing step including mean-centering and unit variance scaling prior to
multivariate data analysis is necessary to transform the data into a suitable form for analysis
[243].
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Figure 5. The schematic diagram for the procedure of generating the SI. First an OPLS model is trained
using baseline MRI-derived measures of CN and AD subjects. Thereafter, the trained model is used to
assign the predicted SI to the rest of the subjects with MCI or SCD.

6.3.3 Statistical Analysis
In study I, univariate and multivariate statistical methods were employed to test the
significance of the results. The independent samples t-test and the Chi-square test were utilized
for group comparisons of the categorical variables and the quantitative variables, respectively.
Logistic regression was used to adjust the results of group comparisons for the effects of
gender, age and MMSE score as well as to calculate the odd ratios. In this study the results
were considered statistically significant when the p value was less than 0.05.
In study II, the independent samples t-test and the Chi-square test were used respectively to
compare the categorical variables and the quantitative variables between different groups of
subjects.
In study III, Mixed ANOVA/ANCOVA models with Bonferroni adjustment for multiple
comparisons were applied to study time effect, group effect and group-by-time interaction on
longitudinal SI changes. A Greenhouse-Geisser correction was applied when the assumption
of sphericity was violated. All mixed ANOVA analyses were adjusted for age and gender as
covariates. Linear regression analyses were conducted to study the associations between the SI
and MMSE as well as their changes. The MMSE score as the dependent variable and the SI,
baseline age and gender as independent variables were included in the regression models. To
compare regression models, the interaction of the SI and the predicted diagnoses were included
in the model. Linear regression results were reported as: standardized coefficient, p value.
In study IV, One-way independent ANOVA was used for comparison of normally distributed
variables. The Chi-square, the Mann-Whitney U and the Kruskal-Wallis test were used for
comparison of continuous, categorical variables. ANCOVA was used to adjust for the effect of
confounding variables (age, gender, education level and depressive symptomatology).
Multivariate comparisons with MANOVA/MANCOVA were performed to test for between-
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group differences in multiple cognitive variables. To study the interaction between study group
and time, mixed effects models (fixed and random effects) were applied in which study group,
time, and the study group-by-time interaction was set as fixed-effect factors and participants
set as the random effect factor. Survival curves were created for studying group progression
across five time points. The Benjamini-Hochberg correction for multiple comparisons was
applied in all the analyses, both across dependent variables and in post-hoc comparisons, using
a p value <0.05 (two-tailed) as significant.
6.4

ETHICAL CONSIDERATIONS

All data used in the constituent studies comply with relevant ethical considerations. Further, all
data is anonymized to protect the identity of the patients.
Concerning data from SveDem, all patients in SveDem were informed about their participation
in the registry and had the right to decline participation. This specific study was in addition
approved by the regional human ethics committee in Stockholm, #2009-31.
In the ADNI study ethical approval was obtained from the institutional review boards of each
institution involved. The AddNeuroMed study was fully approved by the ethical review board
of each local site. The AIBL study was approved by the institutional ethics committees of
Austin Health, St Vincent’s Health, Hollywood Private Hospital and Edith Cowan University.
In all the studies, written informed consent is obtained from all subjects and/or authorized
representatives before participating in the study.
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7 RESULTS AND DISCUSSION
In this section, the main findings of the constituent studies are presented and discussed together,
rather than study-by-study.
7.1

THE USE OF STRUCTURAL IMAGING IN DEMENTIA WORK-UP

As stated above, study I aimed to investigate: the use of structural imaging (MRI and/or CT),
and CSF analysis (through LP) in dementia work-up; the factors that may determine the use;
and the consonance of the use with the recommendations from the Swedish national guidelines.
Data from the SveDem registry were included and factors such as age, gender, disease severity
(MMSE score) and clinical presentation were studied.
Table 2 represents the characteristics of patients with regard to the use of imaging (CT and/or
MRI) and LP. 93.9% of patients in the dataset were examined with at least one structural
imaging modality, where CT was more frequent and MRI was less frequent (77.7% had only
CT, 9.6% had both CT and MRI and 6.6% had only MRI). LP was performed in 40.5% of the
patients. Age and disease severity (MMSE score) were significant factors for examinations
with CT, MRI and LP (adjusted p < 0.001), where patients of younger age and higher MMSE
score (better cognitive performance) were more likely to be assessed with imaging scans or a
combination of examinations. The patients who that had no structural imaging and CSF
analysis were significantly older and had lower MMSE scores. This is shown in Figure 6 where
the mean age and the mean MMSE score of the patients in relation to the combination of
diagnostic tests used are illustrated.
A comparison of the use of MRI and CT between primary and specialist care units showed a
significant difference. In primary care units 79.6% of patients had CT or MRI performed, while
in specialist care units 94.9% of the patients were scanned. This indicates that the majority of
the dementia work-up units follow the recommendations of the Swedish national guidelines.
The results of logistic regression analyses showed significant differences in the assessments
with CT, MRI and LP in different types of dementia disorders. A CT scan was more frequent
in patients who were diagnosed with late-onset AD and VaD (p = 0.043 and 0.027,
respectively). Patients who were diagnosed with mixed AD (p = 0.001), FTD (p = 0.033), or
DLB (p = 0.011) were more likely to undergo a MRI scan. CSF analysis was significantly
associated with type of dementia disorder, except for VaD or unspecified dementia. For patients
who were diagnosed with PDD the probability of obtaining CSF analysis was lower, but
patients that were diagnosed with early-onset AD, late-onset AD, mixed AD, FTD and DLB
had higher odds of having CSF analysis performed.
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Table 2. Baseline characteristics of patients with regard to obtaining imaging (CT and/or MRI) and LP.
CT and/or
None
MRI
CT/MRI(REF)

Adj. OR
( 95% CI)

p value

CT
Obtained

CT Not
Obtained

14518
87.4

2095
12.6

p value

MRI
Obtained

MRI Not
Obtained

2686
16.3

13811
83.7

p value

LP
Obtained

LP Not
Obtained

6712
40.5

9858
59.5

38.7
43.2

61.3
56.8

p value

Number
Percentage

15437
93.9

1004
6.1

Gender
Male(REF)
Female

94.4
93.5

5.6
6.5

0.871
(0.756-1.003)

0.056R

87.6
87.1

12.4
12.9

0.829R

15.0
18.2

85.0
81.8

0.058R

Age (years)

78.3 ± 8.1

80.9 ± 8.8

0.961
(0.952-0.970)

<0.001R

78.6 ± 7.9

77.2 ± 9.7

<0.001R

73.1 ± 9.1

79.5 ± 7.6

<0.001R

74.8 ± 8.2 80.9 ± 7.2

<0.001R

MMSE score

21.3 ± 5.1

20.1 ± 5.6

1.036
(1.023-1.049)

<0.001R

21.2 ± 5.1

21.6 ± 5.3

0.061R

22.7 ± 4.9

21.0 ± 5.1

<0.001R

22.4 ± 4.7 20.5 ± 5.2

<0.001R

MMSE score
 24 (REF)
 24

93.7
95.6

6.3
4.4

1.283
(1.092-1.508)

0.002R

85.8
88.4

14.2
11.6

0.001R

23.7
13.4

76.3
86.6

<0.001R

Continuous data is represented as mean ± standard deviation; categorical variables are represented as percentage.
MMSE = mini-mental status examination.
OR = odds ratio.
CI = confidence intervals.
Χ Pearson Chi Square statistics (within column).
Τ Independent samples t-test (between column).
R Adjusted p value of logistic regression model for age, gender and MMSE score.
(REF) Reference group.

53.3
36.1

46.7
63.9

0.564R

<0.001R
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Figure 6. The mean age and the mean MMSE of patients in relation to the diagnostic tests performed
in dementia work-up. A) Mean age and B) Mean MMSE score of patients in different combination
groups of diagnostic tests. Error-bars represent standard error.

Although the results were based on a population-based registry in Sweden, they reflect
important information regarding the use of structural imaging and CSF analysis in the
diagnostic work-up of dementia in clinical practice. The dataset included a large sample size
that was collected mainly from specialist care units, where MRI is available and LP is
performed. Therefore, these results are more likely to be representative of general factors such
as guidelines and the clinical presentation of patients.
However, although a smaller sample was collected from the primary care units, the findings
have been corroborated in later annual reports from SveDem where almost 50% of the dementia
diagnoses are performed in primary care. In 2015, SveDem data from primary care showed that
the use of CT scans was much more frequent than that of MRI scans, with an average CT scan
usage of 79% [244].
The results in study I indicated that age, severity of dementia and clinical presentations at the
start of the diagnostic work-up are probably independent determinants for examinations with
structural imaging and CSF analysis. Older patients with low cognitive function were more
likely to have a CT scan, while younger patients with less severe cognitive impairment and a
clinical presentation of less clear dementia symptoms were more likely to be examined with
MRI and LP. This may indicate that, for instance, in the case of VaD, a CT scan was sufficient,
while in patients with early-onset AD, DLB and FTD, extended evaluations were needed.
These results once again highlighted the importance of structural imaging as a part of the
dementia work-up. Although CT was more commonly performed, MRI provides superior
diagnostic possibilities. Therefore, using advanced data analysis techniques for processing
MRI scans and studying the disease-related structural patterns seems essential. In this regard,
a disease severity index based on brain structural patterns in MRI has been generated. The use
of this index for AD diagnosis is described under the subsequent subheadings.
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Table 3. AD classification results versus CN using the SI.
Accuracy

Sensitivity

Specificity

Q2(Y)

Uncorrected

86.7

81.8

90.9

0.57

Covariate

87.3

81.5

92.4

0.58

Detrended

88.2

82.8

92.9

0.58

Study III b

Detrended

87.2

91.3

83.8

0.61

Study IV c

Uncorrected

94.4

84.2

100

0.72

Age correction
Study II a

Values for accuracy, sensitivity and specificity are presented as a percentage.
Q2(Y) = goodness of prediction.
a Using the ADNI and AddNeuroMed Cohorts. Cut-off = 0.5.
b Using the ADNI cohort. Cut-off based on distribution of the SI in CN group.
c Using the AIBL cohort. Cut-off = 0.5.

7.2

THE SI – A STRUCTURAL NEUROIMAGING BIOMARKER

7.2.1 Classification Performance of the SI
In studies II, III and IV, the SI was utilized for classification of AD versus CN subjects and
for predicting progression from the SCD/MCI stages of the disease to AD. In each study, in
order to generate the SI, OPLS model using the baseline MRI-derived measures of CN and AD
subjects was trained. In studies II and III (using the ADNI and AddNeuroMed Cohorts), the
cross-validated classification accuracies were around 87% (1%). The cross-validated
classification accuracy in study IV (using the AIBL study) was 94.4%. The small size of the
dataset may explain the higher accuracy in study IV. However, in the ADNI and
AddNeuroMed cohorts mild AD subjects were enrolled while the subjects in the AIBL study
had more severe cognitive impairment. It has been shown that a classification of more severely
impaired AD subjects resulted in a higher accuracy compared to the classification of mild AD
subjects [245]. This may explain the finding here. In study II, applying age-correction slightly
improved model quality (in terms of goodness of prediction) as well as the accuracy of
classification. Table 3 summarizes the cross-validated accuracy, sensitivity and specificity of
AD versus CN classifications using the SI.
7.2.2 Prediction Performance of the SI
In studies II and III, the trained OPLS model was used for prediction of disease progression
in subjects with MCI. Table 4 summarizes the prediction results in terms of accuracy,
sensitivity and specificity. In study II, using the uncorrected model resulted in an accuracy of
62.7%. Age correction methods improved prediction accuracy but more importantly the
sensitivity of prediction was improved. In a subset of ADNI subjects with 3 years follow-up,
the prediction accuracy reached 70% in age-corrected models. In study III, using baseline
information resulted in an accuracy of 68% for prediction of progression over 36 months.
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Study III b

Study II a (only ADNI)

Study II a

Table 4. Prediction of progression from MCI to AD, using the SI.
Time point

Age correction

Accuracy

Sensitivity

Month-12
MCI-p = 85, MCI-s = 360

Uncorrected

62.7

70.2

60.9

Covariate

62.9

71.4

60.9

Detrended

65.0

75.0

62.9

Month-12

Uncorrected

60.9

72.1

58.2

MCI-p = 62, MCI-s = 260

Covariate

60.2

70.5

57.9

Detrended

63.0

75.4

60.2

Month-18

Uncorrected

64.9

72.2

62.1

MCI-p = 90, MCI-s = 232

Covariate

66.1

74.4

62.9

Detrended

67.7

75.6

64.7

Month-24

Uncorrected

65.5

66.7

64.8

MCI-p = 126, MCI-s= 196

Covariate

67.4

69.0

66.3

Detrended

68.9

69.8

68.4

Month-36

Uncorrected

66.8

65.3

68.0

MCI-p = 150, MCI-s= 172

Covariate

69.3

68.0

70.3

Detrended

70.8

68.7

72.7

Detrended

53.8

95.7

45.9

Detrended

66.2

85.4

54.4

Detrended

68.3

80.0

57.3

Month-12
MCI-p = 23, MCI-s= 122
Month-24
MCI-p = 55, MCI-s= 90
Month-36
MCI-p = 70, MCI-s= 75

Specificity

Values for accuracy, sensitivity and specificity are presented as a percentage.
MCI = mild cognitive impairment; MCI-s = stable MCI; MCI-p = progressive MCI.
a Using the ADNI and AddNeuroMed Cohorts. Cut-off = 0.5.
b Using the ADNI cohort. Cut-off based on distribution of the SI in CN group.

In order to compare the results of studies II and III, the methodological differences should be
considered. The classification models in these studies were different. In fact, the training data
was different in the two studies. Firstly, in study II the dataset included subjects from ADNI
and AddNeuroMed, but study III included only the ADNI dataset. Secondly, the MRI scans
in study II were processed cross-sectionally, while longitudinal MRI scans were included in
study III and processed with a longitudinal pipeline. The larger dataset in study II provides a
more representative dataset. In particular, a larger CN group may represent the age-related
difference more accurately and thus age correction may be more effective. Nevertheless, using
the longitudinal pipeline in study III increases the accuracy of MRI-derived measures. This
may explain the large difference between prediction accuracies in month 12 and 36.
Furthermore, different cut-off values have been applied in these two studies. In study II a
straightforward cut-off equal to 0.5 was applied. In study III, a cut-off equal to 0.372
(calculated based on the distribution of the SI in CN subjects) was applied. The difference
between the two cut-offs may explain the variation in sensitivity and specificity in the two
studies. The lower cut-off classifies more subjects as AD-like and less subjects as CN-like,
which increases the sensitivity and decreases the specificity. Although low specificity means
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that many of the MCI-s subjects are identified as AD-like, the MCI-s subjects with AD-like
patterns will more likely convert to dementia in the future. In fact, MCI is a heterogeneous
condition, while some MCI subjects remain stable over time, many MCI subjects progress to
AD or even other neurological disorders after several years. Therefore, a lower cut-off based
on normal variation in a group of CN subjects may provide a better clinical applicability
compared to a strict cut-off of 0.5.
7.3

THE EFFECT OF AGE CORRECTION ON THE SI

Structural brain changes are not limited to AD, and several studies on normal aging have
reported global and regional volume changes [13, 20, 21, 241], though at a considerably lower
rate compared to AD. This can potentially lead to misclassification of younger AD patients and
older CN subjects in the classification of these subjects. In study II, two methods for correcting
the confounding effect of age were compared. The main focus of age correction was to
investigate the effect of age correction on classification and prediction results by studying the
characteristics of correctly and incorrectly classified subjects, rather than purely statistical
improvements.
Table 5 summarizes the results of the comparison between correctly and incorrectly classified
subjects. The results showed that in classification of AD vs. CN, younger AD patients and older
CN subjects were more likely to be misclassified. Similarly, younger MCI-p and older MCI-s
patients were more likely to be misclassified in predicting progression from MCI to AD. This
effect of age on classification and prediction was effectively eliminated after age correction
using both methods.
MMSE scores were higher in the misclassified AD patients compared to correctly classified
patients which is in line with previous findings about decreasing MMSE score with aging [246].
In MCI-s subjects the average MMSE was slightly lower in incorrectly classified subjects,
which may be explained by previous findings showing that a decrease in MMSE score is
associated with larger gray matter atrophy [247].
Both age correction methods highlighted the role of the APOE-ε4 genotype in MCI-s subjects.
After age correction, ε4 carrier subjects were even more frequent in the incorrectly classified
group and even less frequent in the correctly classified group. Considering the previous
findings in the literature that the presence of genetic risk is associated with greater brain atrophy
[248, 249], these results may indicate that incorrectly classified MCI-s subjects may thus have
a high risk of developing AD in the future.
Further, comparing gender differences between correctly and incorrectly classified MCI-s
subjects showed that female subjects were prone to misclassification. This is in line with
previous findings that women are at higher risk of developing AD [250] and progress faster
from MCI to AD [251, 252]. Consequently, once again this result may suggest a higher risk of
progression to AD in misclassified MCI-s subjects.
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Table 5. Comparison of subjects’ characteristics between correctly and incorrectly classified subjects in
AD vs. CN classification as well as prediction of MCI progression.
CN subjects

AD patients

Uncorrected

Incorrect

309

31

Age, years

74.5  5.6

79.1  5.2

MMSE score

29.1  1.1

Gender, M/F
APOE-ε4, N/P

Number

Covariate

Number

Detrended

AD vs. CN Classification

p value*
Correct

Correct

Incorrect

243

54

<0.001

76.2  6.7

73.3  7.9

0.006T

<0.001T

28.9  1.2

0.326T

21.8  3.7

24.2  2.8

<0.001T

<0.001T

152/157

16/15

0.797ᵡ

107/136

25/29

0.762ᵡ

0.637ᵡ

217/87

26/5

0.138ᵡ

86/149

24/29

0.240ᵡ

0.001ᵡ

0.776T

0.237T

314

26

Age, years

74.8  5.7

MMSE score

p value
T

242

55

77.0  4.3

0.058T

75.7  6.8

75.4  7.7

29.1  1.1

28.9  1.1

T

0.326

21.7  3.7

24.4  2.7

<0.001

<0.001T

Gender, M/F

153/161

15/11

0.380ᵡ

103/139

29/26

0.171ᵡ

0.675ᵡ

APOE-ε4, N/P

223/84

20/5

0.385ᵡ

83/151

27/27

0.048ᵡ

0.012ᵡ

316

24

Age, years

75.0  5.8

MMSE score

Number

246

51

75.3  4.6

0.756

75.5  7.0

76.3  7.1

0.493T

0.553T

29.2  1.1

28.8  1.4

0.168T

21.8  3.7

24.4  2.7

<0.001T

<0.001T

Gender, M/F

155/161

13/11

0.629ᵡ

105/141

27/24

0.180ᵡ

0.921ᵡ

APOE-ε4, N/P

225/87

18/5

0.524ᵡ

86/151

24/27

0.156ᵡ

0.012ᵡ

Uncorrected

Number

219

141

Age, years

73.6  7.1

77.0  6.1

MMSE score

27.4  1.7

Gender, M/F
APOE-ε4, N/P

Covariate

Number

Detrended

T

T

MCI-s subjects

MCI-p vs. MCI-s Prediction

p value

MCI-p subjects
59

26

<0.001

75.0  6.9

73.1  5.3

0.220T

0.003T

26.8  1.6

0.001T

26.5  1.9

26.6  1.6

0.802T

0.682T

144/75

75/66

0.017ᵡ

35/24

15/11

0.888ᵡ

0.672ᵡ

118/87

65/71

0.077ᵡ

22/36

8/16

0.694ᵡ

0.190ᵡ

T

219

141

60

25

Age, years

74.7  7.1

75.3  6.6

0.419T

74.3  7.0

74.6  5.0

0.852T

0.635T

MMSE score

27.4  1.7

26.8  1.7

T

0.001

26.6  1.9

26.4  1.6

T

0.740

0.383T

Gender, M/F

149/70

70/71

<0.001ᵡ

37/23

13/12

0.409ᵡ

0.828ᵡ

APOE-ε4, N/P

122/83

61/75

0.008ᵡ

20/39

10/13

0.418ᵡ

0.902ᵡ

225

135

Age, years

75.2  7.1

74.4  6.6

MMSE score

27.4  1.7

26.7  1.7

Gender, M/F

154/71

APOE-ε4, N/P

127/83

Number

63

22

T

74.1  6.9

75.4  4.9

0.408T

0.492T

T

0.001

26.5  1.9

26.6  1.6

T

0.775

0.803T

65/70

<0.001ᵡ

39/24

11/11

0.329ᵡ

0.872ᵡ

56/75

0.001ᵡ

40/22

12/8

0.715ᵡ

0.817ᵡ

0.273

Continuous data is represented as mean ± standard deviation.
AD = Alzheimer’s disease.
CN = cognitively normal.
MCI = mild cognitive impairment; MCI-p = progressive MCI; MCI-s = stable MCI.
APOE = apolipoprotein E; N/P = non-carrier / carrier for at least one ε4 allele.
M/F = male/female.
MMSE = mini mental state examination.
* Comparison between incorrectly classified/predicted subjects.
T
Independent-samples t test.
ᵡ Pearson Chi-Square.
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In summary, the results in study II indicated that age as a strong confounding factor can mask
the importance of other relevant factors such as cognitive performance, genotype and gender.
Both age correction methods could address this issue and highlight the role of these factors.
However, the effect of age is well known to clinicians and it is considered in interpreting
imaging data. Therefore, it is necessary to consider other factors as well. The methods that were
used for age correction have the potential to be used for adjusting the effects of other
confounding factors.
7.4

LONGITUDINAL EVALUATION OF THE SI IN MCI

In study III the SI was applied to a group of MCI subjects from the ADNI cohort with 36
months follow-up. The change in the SI in MCI subjects was longitudinally investigated with
regard to disease progression, cognitive impairment, presence of APOE-ε4 gene and levels of
Aβ42.
7.4.1 The SI and Disease Progression
Initially, the longitudinal changes of the SI were compared between MCI-p and MCI-s subjects.
Mixed ANOVA showed a significant group-by-time interaction (F(2,294) = 39.5, p < 0.001),
where a faster increase in MCI-p subjects was observed (Figure 7A). This supports previous
results in the literature that reported higher rates of atrophy in progressive MCI subjects [253,
254].
In addition, the longitudinal changes in the SI were investigated with regard to the time of
progression (Figure 7B). MCI subjects were divided into five groups: MCI-p subjects were
divided into three groups based on the time of progression (i.e. those who progressed during
the first year, those who progressed between month 12 and month 24, and those who progressed
between month 24 and month 36) and MCI-s subjects were grouped based on the predicted
patterns (i.e. AD-like MCI-s subjects and CN-like MCI-s subjects. The mixed ANOVA showed
a significant group-by-time interaction (F(8,287) = 10.7, p < 0.001). Further, Bonferroni corrected
post hoc tests revealed that the average SI in CN-like MCI-s subjects was significantly different
from that of other groups (p < 0.001). The average SI in MCI-p subjects who progressed in the
first year was significantly different from those who progressed during the third year (p =
0.026). No significant differences were observed between AD-like MCI-s and AD-like MCI-p
subjects who progressed during the second and the third years. This supports the previous
statement in section 7.2.2 that the AD-like MCI-s subjects are more likely to progress to AD in
the near future. These results are of high importance since they demonstrate the potential of the
SI for prognosis and inclusion in clinical trials.
7.4.2 The SI and Cognitive Impairment
In order to investigate the relationship between the SI and cognitive impairment, the
correlations between the SI and MMSE score at different time points were calculated which
resulted in strong negative correlations at each time point (β = -0.33 at baseline, β = -0.51 at
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Figure 7. The longitudinal changes of the SI over 36 months in MCI subjects. A) Subjects divided into
progressive and stable groups. B) Subjects divided into five groups based on progression time in MCIp and predicted patterns in MCI-s.

month 12, β = -0.56 at month 14 and β = -0.61 at month 36). Additionally, the correlation
between the change in SI and the change in MMSE score over three years was calculated,
which resulted in an even stronger negative correlation (β = -0.66). The negative correlation
means that an increase in SI is associated with a decrease in the MMSE scores. The SI
summarizes the brain atrophy patterns and a larger SI indicates more atrophy. On the other
hand, a lower MMSE score indicates worse cognitive functionality. Therefore, the results here
support the evidence in the literature that brain atrophy is associated with cognitive decline
[254-256].
7.4.3 The SI and APOE-ε4
In order to study the change in the SI with regard to presence of APOE-ε4, MCI subjects were
divided into two groups, carriers of at least one ε4 allele (ε4+) and non-carriers (ε4−).
Conducting a mixed ANCOVA on ε4+/ε4− groups showed a significant group-by-time
interaction (F(2,156) = 5.1, p = 0.006, adjusted for Aβ group as covariate). The average SI
increased faster in ε4+ compared to ε4− (Figure 8A). This is in line with previous studies that
reported higher atrophy in ε4+ compared to ε4− in MCI subjects [257-260].
Further dividing the ε4+/ε4− groups according to the predicted patterns (CN-like and AD-like)
showed a significant group-by-time interaction within AD-like subjects (F(2,92) = 6.2, p =
0.003), but not in the CN-like group (Figure 8B). These findings suggest that when atrophy is
present in the brain, the presence of APOE-ε4 may accelerate the progress. In a recent study, it
has been suggested that APOE-ε4 has a stronger effect on the hippocampus in AD and subjects
at risk of developing AD [261].
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Figure 8. The longitudinal changes in the SI over 36 months in MCI subjects with regard to presence
of APOE-ε4. A) Subjects are divided into ε4+/ε4− groups. The average SI increased faster in ε4+
compared to ε4−. B) Subjects are divided by predicted patterns (CN-like/AD-like) and ε4+/ε4− groups.
There is a significant group-by-time interaction within AD-like subjects.

7.4.4 The SI and Amyloid Burden
The change in the SI was also investigated with regards to the CSF Aβ42 burden. Based on the
concentration of Aβ42 in CSF, subjects were divided into two groups, normal (Aβ−) and
abnormal (Aβ+). Conducting mixed ANCOVA showed a significant group-by-time interaction
(F(2,156) = 3.9, p = 0.021, adjusted for APOE group) where Aβ+ subjects had a faster increase
in the SI compared to Aβ− subjects (Figure 9A). Further, ANCOVA within AD-like and CNlike groups resulted in a significant group-by-time interaction in AD-like subjects (F(2,92) = 6.0,
p = 0.004), again showing a faster increase in the SI in Aβ+ subjects (Figure 9B). These results
are supported by a previous finding indicating that lower Aβ levels correlate with and lower
brain volume as well as larger ventricular volume in progressive MCI subjects [262].
The results here are very similar to the results of APOE-ε4 effects. In fact, the APOE genotype
plays an important role in the accumulation of the Aβ peptide [91, 263]. Consequently, studying
the interaction of these two factors might be of interest. However, in this study due to the
limited number of subjects with Aβ− and ε4+, the APOE genotype and Aβ group were studied
separately, but each factor was entered as a covariate in the mixed ANCOVA. The results
suggest that the APOE genotype and amyloid pathology may independently affect the diseaserelated structural brain changes. Also, these effects are more likely stronger when the structural
changes have started. Moreover, the Aβ levels are variable and the baseline measures used in
this study may become abnormal in future. It is therefore necessary to investigate the
longitudinal changes in CSF Aβ in a larger sample size.
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Figure 9. The longitudinal changes in the SI over 36 months in MCI subjects with regard to Amyloid
burden. A) Subjects are divided into Aβ+/Aβ− groups. The average SI increased faster in Aβ+ compared
to Aβ−. B) Subjects are divided by predicted patterns (CN-like/AD-like) and Aβ+/Aβ− groups. There
is a significant group-by-time interaction within AD-like subjects.

7.5

VALIDATION OF THE SI IN SMD

In study IV the SI was applied to a group of SMD subjects in order to identify subjects with a
higher risk of progression to MCI or AD. Initially, a model was trained based on AD and CN
subjects. Subsequently, this model was used to assign a SI to each SMD subject. The SI was
used to differentiate SMD subjects manifesting structural brain patterns similar to AD (ADlike SMD) from those manifesting normal structural patterns (CN-like SMD). This was
achieved by applying a threshold of 0.5 on the SI in SMD individuals. Out of 86 SMD
individuals, 11 subjects were classified as AD-like and 75 subjects as CN-like. Next, baseline
clinical measures and disease progression were compared in these two groups.
The SMD group was a subgroup of control individuals who positively endorsed a question
addressing complaints of subjective memory decline i.e. the response to the question: “Do you
have difficulties with your memory?” Under the next subheadings clinical characterization and
progression of these two groups are studied.
7.5.1 Baseline Characteristics of the SMD Subtypes
A comparison of clinical and demographic characteristics between AD-like SMD and CN-like
SMD individuals showed a significant difference in CDR-SOB, where AD-like SMD scored
significantly higher (p = 0.008). The PiB-PET retention was compared between study groups
(Figure 10A). ANCOVA showed a significantly higher PiB-PET retention in AD-like SMD
compared to CN (F(1, 76) = 5.453; p = 0.036) and CN-like SMD (F(1,79) = 5.276; p = 0.036). No
differences were observed between the PiB-PET retention in AD-like SMD and in MCI (F(1,50)
= 0.085; p = 0.744). The PiB-PET retention in CN-like SMD and CN were similar (F(1,138) =
0.004; p = 0.957). These results are in line with previous reports on the association between
subjective complaints and amyloid burden in healthy adults [41, 264, 265].
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A

p = 0.084

B

AD-like SMD vs. CN-like SMD

p = 0.744
p = 0.036
p = 0.036

p value 0.00001

p value 0.05

Figure 10. A) The PiB-PET retention in study groups. B) The cortical maps from the vertex analysis.
Reduced thickness in the medial and lateral temporal, frontal and parietal cortices is observed in ADlike SMD. Up = lateral view, down = medial view, L = left and R = right.

Further, comparison of cognitive performance between AD-like SMD and CN-like SMD
subjects, showed no global differences in cognition. However, what was found in the
exploratory analyses was a worse cognitive performance on the Rey Complex Figure Test
(RCFT) delayed recall in AD-like SMD subjects (p = 0.040, corrected for multiple comparisons
and the effects of age, gender, education level and depressive symptomatology). RCFT delayed
recall, as a test of visual memory, is a measure of free retrieval of visual information. Visual
memory is in turn mediated by a neural system including inferior temporal, medial temporal
and frontal areas. Interestingly, the patterns of atrophy that were observed on the cortical maps
from the vertex analysis (Figure 10B) are compatible with this network. The cortical maps
showed reduced thickness in the medial and lateral temporal, frontal and parietal cortices in
AD-like SMD subjects. Very similar atrophy patterns are also reported in typical AD [266].
These results support previous studies that reported atrophy in medial temporal lobe structures
in healthy adults with subjective complaints [47, 267]. Also, in a previous study in the AIBL
cohort, a similar atrophy pattern was found to be associated with higher amyloid burden [268].
7.5.2 Clinical Progression of the SMD Subtypes
Table 6 shows follow-up diagnoses for each group of subjects. ANCOVA showed that ADlike SMD subjects had a significantly higher rate of progression to AD compared to CN-like
SMD subjects (p < 0.001) and CN subjects (p < 0.001), while the progression rate was
comparable with MCI (p = 0.210). Furthermore, while the rate of death at follow-up was
significantly higher in AD than in CN and CN-like SMD (p < 0.001), no significant differences
were observed in the rate of death between AD-like SMD, MCI and AD subjects.
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Diagnosis at
follow-up

Table 6. Follow-up diagnosis at month 90.
CN

CN-like SMD

AD-like SMD

MCI

AD

p value

CN

35 (52%)

11 (15%)

0

1 (2%)

0

0.175

SMD

25 (37%)

50 (68%)

3 (27%)

2 (5%)

0

-

MCI

7 (10%)

9 (12%)

0

14 (33%)

0

0.474

AD

0

1 (1%)

6 (55%)a,b

17 (40%)a,b

19 (68%)

<0.001

PD

0

0

0

1 (1%)

0

-

Died

1 (1%)

3 (4%)

2 (18%)

8 (19%)

9

(32%)a,b

<0.001

Values are represented as a count (percentage) for diagnosis at follow-up.
CN = cognitively normal.
SMD = subjective memory decline.
MCI = mild Cognitive Impairment.
AD = Alzheimer’s disease.
PD = Parkinson’s disease with dementia.
CN-like SMD = SMD individuals evidencing a CN-like pattern of brain atrophy.
AD-like SMD = SMD individuals evidencing an AD-like pattern of brain atrophy.
a
Significantly different from CN.
b
Significantly different from CN-like SMD.

In order to study the clinical progression over 7.5 years and based on the follow-up diagnosis
outcomes, CN and SMD individuals were categorized as progressive (if converted to MCI, AD
or died), and stable (if they remained in the same diagnostic group). Survival analysis showed
that the rate of clinical progression in AD-like SMD is 6.2 times higher than that in CN (p <
0.001) and 4.3 times higher than that in CN-like SMD (p < 0.001). Clinical progression in CNlike SMD was comparable to that in CN (p < 0.282).
Furthermore, the longitudinal changes in the MMSE score were investigated in the study
groups. Due to numerous missing data at month 72 and month 90, only measures up to 54
months were included in the model. Figure 11 shows the longitudinal changes in MMSE
stratified by study groups. Conducting a mixed effects model (with age, gender, education level
and depressive symptomatology as covariates) showed a significant group-by-time interaction
(F(12,418) = 30.494; p < 0.001). Compared to the CN group, the rate of decrease was faster in:
AD at all follow-up time points (p < 0.001), MCI at month 36 and month 54 (p < 0.001) and
AD-like SMD at month 54 (p < 0.001). Moreover, the rate of changes in AD-like SMD was
faster than in CN-like SMD at the month 54 (p < 0.001). Similar results were obtained by
conducting a mixed effects model in CDR-SOB. In addition, the rate of changes in AD-like
SMD was faster than in CN-like SMD at the month 36 (p < 0.001). This is a novel finding in
the sense that it demonstrates a faster cognitive decline and clinical progression in a subgroup
of SMD individuals that manifests an AD-like pattern of brain atrophy.
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Figure 11. Longitudinal changes in MMSE scores over 54 months. Mixed effects model showed a
significant group-by-time interaction.

Overall, the results in study IV indicated that AD-like SMD individuals, who were identified
using the SI, have lower cognitive performance, higher amyloid burden, worse clinical
progression as well as worse cognitive progression compared to CN-like SMD individuals.
This emphasizes the potential of the SI for identifying asymptomatic individuals who are at
risk of becoming symptomatic.
7.6

THE SI IN COGNITIVELY NORMAL INDIVIDUALS

Finally, the longitudinal change in the SI in a subgroup of CN subjects in study III was studied.
A total of 129 CN subjects were followed up for 36 months. During the follow-up period 11
subjects converted to MCI or AD. Figure 12A shows the change in the SI in converter CN
subjects and stable CN subjects. The conducted ANCOVA showed a significant group-by-time
interaction (F(2,127) = 7.5, p < 0.001). When CN subjects were divided into AD-like and CNlike using the SI at baseline (Figure 12B), 18 subjects were identified as AD-like which
included only three CN-converters. This number increased to 6 when the SI at month 36 was
used for prediction. These results are in line with previous findings on the MCI subjects, that
the number of correctly predicted subjects increases when it gets closer to the conversion point.
However, considering the notions that AD starts decades before the appearance of clinical
symptoms and structural changes occur relatively late and close to the time of cognitive decline,
an AD-like pattern in CN subjects may be a warning sign.
The change in the SI was also studied in CN subjects with regards to the presence of APOE-ε4
(Figure 12C) and Aβ burden (Figure 12D). Conducting ANCOVAs showed no significant
differences between groups, a small increase in the average SI was observed in ε4+ compared
to ε4− as well as Aβ+ compared to Aβ−. However, any conclusion regarding the performance
of the SI in CN subjects needs longer follow-up and larger samples size.
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Figure 12. The longitudinal changes in the SI over 36 months in CN subjects. A) Subjects are stratified
into stable and converters. The average SI increased faster in converter subjects. B) Subjects are
stratified by predicted patterns as AD-like and CN-like. C) Subjects are divided with respect to presence
of APOE-ε4. D) Subjects are divided with respect to Aβ burden.
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8 CONCLUSIONS AND FUTURE PERSPECTIVES
In this thesis, the potential use of a neuroimaging biomarker (structural MRI) for the diagnosis
of Alzheimer’s disease was studied. In study I the use of structural imaging in dementia workup was investigated. Next, a disease severity index (SI) based on multivariate data analysis of
MRI-derived structural measures was generated. In study II, the performance of the SI in
discriminating AD patients from CN subjects and predicting conversion from MCI to AD, as
well as the effect of two age correction methods on its performance was investigated. Further,
the characteristics of correctly and incorrectly classified subjects in each diagnostic group were
studied. In study III, the SI was longitudinally evaluated for monitoring disease progression
in subjects with MCI as well as CN subjects. Moreover, the associations between longitudinal
change in the SI and cognitive impairment, APOE genotype and the levels of CSF Aβ were
investigated. In study IV, the SI in a group of healthy individuals with SMD from a different
cohort was validated. The clinical characteristics and disease progression in two subgroups of
SMD subjects were examined.
The SI as a neuroimaging biomarker was studied in the whole disease continuum from
cognitively normal individuals and SMD to MCI and AD. The SI not only showed a great
potential for discriminating AD patients, it also showed promising results as a marker for
tracking disease progression and identifying individuals at the risk of developing the disease.
An important factor that should be considered in generating the SI is the training dataset i.e.
AD and CN subjects. The diagnosis label that is assigned to each subject is based on the clinical
evaluation, which in turn is not perfect. The sensitivity of clinical diagnosis for AD is estimated
to be within the range of 70% to 90% [269]. Also, AD is a heterogeneous disease that can be
categorized into several anatomical subtypes [270]. Furthermore, CN individuals can be
cognitively normal at the time of enrolment but later become MCI or AD. Increasing the sample
size is one solution to this limitation. Also increasing clinical diagnosis accuracy is highly
important.
The results in studies II and III showed that the SI can identify subjects at risk of developing
AD with high sensitivity. The prediction of progression from MCI to AD was accompanied by
a relatively lower specificity compared to sensitivity. MCI is a heterogeneous condition; while
some individuals will progress to AD shortly after the presence of symptoms, some will
progress later in time, or even to other dementia types and some will never develop dementia.
In fact, three years is a relatively short follow-up time and several MCI subjects may progress
to AD later. The results from study III indicated that AD-like MCI-s subjects are more likely
to progress to AD in the future. Therefore, a longer follow-up time is needed to evaluate the
specificity of the SI.
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The SI was investigated in relation to other influential factors such as age, cognitive
performance, genotype and other AD biomarkers. Applying age correction showed that age
masks the effect of other factors such as APOE genotype, global cognitive impairment and
gender. Studying longitudinal changes in the SI suggested that APOE genotype and amyloid
pathology may independently modulate the disease-related structural brain changes. However,
the relationship between these factors is very complicated and not well understood. Therefore,
more investigations are needed to understand their associations in larger samples.
Both age correction methods that were used in study II could effectively eliminate the
confounding effect of age. The detrending method can also be used to correct the effect of other
confounding factors. However, nonlinear models for correcting the effect of confounding
factors are of interest. Including age as a covariate in the model indicated that the OPLS model
is robust enough to handle confounding factors. In fact, OPLS is a powerful yet flexible
multivariate data analysis technique. Hierarchical modeling in OPLS provides an opportunity
to combine different types of measures. This feature can be used to combine measures from
different modalities, which may lead to more accurate models for prediction tasks.
The SveDem registry is one of the largest registries for patients with dementia in the world and
therefore it provided a unique opportunity to study the use of structural imaging in clinical
practice. The results highlighted the role of MRI as an extended dementia investigation tool.
However, CT was more frequently used in dementia work-up. Therefore, an investment in
developing advanced techniques for improving the quality of CT-scans might be beneficial.
Methods such as the one that is used to generate the SI can also be applied to CT, however,
they need to be properly validated and implemented in MRI first. Also, as the SveDem cohort
showed, there are many subjects with other types of dementia. As a possible application, the
SI can be applied to other dementia types and the performance of it for differential diagnosis
can be investigated.
Although the SI was studied here in three large multi-center research cohorts, it needs further
validations in clinical cohorts where imaging (including scanners and MRI acquisition
protocols) is less harmonized and patients are more heterogeneous.
Finally, the SI has a strong potential to be employed in clinical trials as an inclusion criterion
for selecting individuals at risk of developing AD. It can also be utilized as a marker for
monitoring disease progression in patients or as a simplified outcome in clinical trials. In the
future, the SI can be implemented to clinical practice as a computer-aided diagnosis tools.
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11 SUPPLEMENTARY MATERIAL
Table S 1. List of MRI measures in studies II and III.
Cortical thickness measures

Volumetric measures

Banks of superior temporal sulcus

3rd Ventricle

Caudal anterior cingulate gyrus

4th Ventricle

Caudal middle frontal gyrus

Accumbens area

Cuneus cortex

Amygdala

Entorhinal cortex

Brain Stem

Frontal pole

Caudate

Fusiform gyrus

Cerebellum cortex

Inferior parietal cortex

Cerebellum white matter

Inferior temporal gyrus

Corpus callosum anterior

Insular cortex

Corpus callosum central

Isthmus cingulate cortex

Corpus callosum midanterior

Lateral occipital cortex

Corpus callosum midposterior

Lateral orbito frontal cortex

Corpus callosum Posterior

Lingual gyrus

Hippocampus

Medial orbito frontal cortex

Inferior lateral ventricle

Middle temporal gyrus

Lateral ventricle

Paracentral sulcus

Pallidum

Parahippocampal gyrus

Putamen

Parsopercularis gyrus

Thalamus proper

Parsorbitalis gyrus

Sulcal CSF

Parstriangularis gyrus

Ventral diencephalon

Pericalcarine cortex
Postcentral gyrus
Posterior cingulate gyrus
Precentral gyrus
Precuneus cortex
Rostral anterior cingulate gyrus
Rostral middle frontal gyrus
Superior frontal gyrus
Superior parietal gyrus
Superior temporal gyrus
Supramarginal gyrus
Temporal pole
Transverse temporal gyrus

