Different but the same

Unravelling the progression of dementia

Miriam Lianne Haaksma

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 1

Financial support for the publication of this thesis was kindly provided by Radboud university
medical center and Alzheimer Nederland.

Printed by Ipskamp Printing, Enschede
Cover by Erik-Jan van Oosten
Layout inside by Bregje Jaspers, ProefschriftOntwerp.nl
Copyright © Miriam Haaksma

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 2

Different but the same

Unravelling the progression of dementia

Proefschrift
ter verkrijging van de graad van doctor
aan de Radboud Universiteit Nijmegen
op gezag van de rector magnificus prof. dr. J.H.J.M. van Krieken,
volgens besluit van het college van decanen
in het openbaar te verdedigen op dinsdag 12 november 2019
om 10.30 uur precies
door
Miriam Lianne Haaksma
geboren op 31 juli 1990
te Groningen

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 3

Promotor
Prof. dr. M.G.M. Olde Rikkert
Copromotoren
Dr. R.J.F. Melis
Dr. J-M. S. Leoutsakos (Johns Hopkins University School of Medicine, Verenigde Staten)
Manuscriptcommissie
Prof. dr. L.A.L.M. Kiemeney
Prof. dr. A. Ikram (Erasmus Universiteit Rotterdam)
Dr. S. Köhler (Universiteit Maastricht)

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 4

Different but the same

Unravelling the progression of dementia

Doctoral thesis to obtain the degree of doctor
from Radboud University Nijmegen
on the authority of Rector Magnificus prof. dr. J.H.J.M. van Krieken
according to the decision of the Council of Deans
to be defended in public on 12 November 2019
at 10.30 AM
by
Miriam Lianne Haaksma
born on July 31, 1990
in Groningen, the Netherlands

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 5

Promotor
Prof. dr. M.G.M. Olde Rikkert
Copromotors
Dr. R.J.F. Melis
Dr. J-M. S. Leoutsakos (Johns Hopkins University School of Medicine, United States)
Thesis Committee
Prof. dr. L.A.L.M. Kiemeney
Prof. dr. A. Ikram (Erasmus Universiteit Rotterdam)
Dr. S. Köhler (Universiteit Maastricht)

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 6

“Variation is the hard reality, not a set of imperfect measures for a central tendency.”
Stephen Jay Gould
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Introduction

Dementia is a neurodegenerative syndrome affecting multiple aspects of life through
cognitive impairment, diminished daily functioning and changes in behaviour. It is linked
to a large number of underlying brain pathologies, of which Alzheimer’s disease, vascular
dementia, dementia with Lewy bodies and frontotemporal dementia are the most common.1
Dementia mainly occurs in persons older than 65 years and is more common in women
compared to men. Worldwide, there are currently about 50 million people living with
dementia, which roughly equals the total number of people living in Spain.2 In 2016, the
estimated number of persons living with dementia in the Netherlands was around 257.000.3
Although, there is a large uncertainty around these prevalence estimates, particularly when
it involves predictions of future prevalence, it is widely acknowledged that the total number
of people with dementia is growing due to our aging society. The number of men with
dementia in the Netherlands almost doubled and the prevalence in women also increased
considerably between 1990 and 2015, as illustrated in Figure 1.1.4 The prevalence in the
Netherlands is expected to rise to more than half a million in 2040.5 Of all diseases, dementia
poses the greatest burden on the costs of health care. In 2015, costs of dementia exceeded
6 billion Euros in the Netherlands, which equals roughly 8% of the national healthcare
budget.5 Moreover, dementia is associated with an increased mortality risk.6 After cancer and
cardiovascular disease, dementia is the most common cause of death in the Netherlands,
resulting in almost 16.000 deaths in 2017, though there is still a debate on the accuracy of the
causes of death in death certificates of older persons (with multimorbidity).5
Despite this large impact of dementia on our society, the global ratio of publications
on neurodegenerative disorders versus cancer is an astonishing 1:12.2 This shows that
neurodegenerative disorders, such as dementia, are relatively understudied in medical
research when compared to other diseases. Within this topic, the majority of research is
focussed on aetiology, biomarkers and primary prevention, and the growing group of people
who are diagnosed with dementia receives relatively little attention.

1

As a consequence, much is known about the risk of developing dementia, however, little
is known about the course and progression speed of the disease.7 People who have been
diagnosed with dementia can hence be seen as an understudied population within an
understudied research topic. The research in this thesis focuses on this particular population.
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Figure 1.1 Prevalence of dementia from 1990-2015 in the Netherlands relative to 1991 (=100%) for men and
women. Percentages are 3-year moving averages. The trends are adjusted for changes in population size and age by
standardizing on the Dutch population in 2010.4

Both the disease presentation (i.e. the type of symptoms) as well as the disease progression
(i.e. the speed of decline) vary among people with dementia. In other words, dementia is
a heterogeneous syndrome. Heterogeneity in the progression of dementia is not only
observed between patients, but also within patients over time.8-11 This can be illustrated by
two cases from the Clinical Course Cognition and of Comorbidity (4C) study, a multicenter
study including 331 people with newly diagnosed dementia from the Netherlands (these
cases are based on actual data with fictional surnames).12
Case #1
Mr. Smith was diagnosed with Alzheimer’s disease at the age of about 80 years. Within the
ﬁrst two years after his diagnosis he showed marked decline in cognition as well as daily
functioning, and was admitted to a nursing home.
Case #2
Mr. Jones was also diagnosed with Alzheimer’s disease around the age of 80 years. Five years
after diagnosis his cognition had declined only marginally compared to diagnosis and he was
still able to perform almost all his activities of daily life independently. He was therefore able
to remain living at home.
Such variation in disease course between individuals raises many questions, not only for
people who are newly diagnosed with dementia, but also for clinicians. Patients who appear
to be similar in terms of age, sex and dementia type, such as Mr. Smith and Mr. Jones, can
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have markedly different courses of disease (i.e. they are “different but the same”, Figure
1.2). This greatly limits the prognostic capacity of clinicians when counselling their patients.
Upon diagnosis, many questions about the future may arise, which are often diﬃcult to
answer due to the large variation in symptom presentation and disease course. This variation
leads to uncertainty regarding future care needs and thereby presents a huge limitation for
personalised care planning and shared-decision making.13,14 Moreover, uncertainty about
the future can lead to feelings of sorrow, anxiety and despair in a condition that is very
stressful in itself already.15

1

Figure 1.2 Illustration of ‘different but the same’. Pawns within the same circle can have different colours, resembling
the fact that people with the same set of characteristics (i.e. the same age and the same type of dementia) can have
a markedly different disease course

Previous studies on the course of dementia have mostly focussed on individual risk factors
for rapid dementia progression. For example, the effect of pre-diagnosis cognitive change
on post-diagnosis cognitive decline has been examined.16 Another example is a study on the
effect of body mass index on mortality in dementia.17 Although such studies can provide
interesting insights into individual risk factors, they do not provide us with a means to
distinguish Mr. Smith from Mr. Jones. In order to provide an individualised prognosis, we need
to look beyond individual factors and consider the bigger picture. Along with the progress of
dementia, the (context of the) patient also changes. For a proper prediction of the course
of dementia, it is vital to take these changes into account.18 Therefore, the work in this
thesis includes both dementia-related characteristics and personal characteristics (such as
comorbidity and frailty) as potential predictors. This has rarely been done in previous studies.
Another limitation of the existing literature on dementia progression, is the fact that studies
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often focus on dichotomous outcomes (i.e. institutionalization or mortality), while continuous
outcomes (such as cognitive functioning) may better capture the gradually progressing nature
of dementia.19,20 The studies that did analyze continuous outcomes often reported a mean
trajectory for the entire population,10 while this mean trajectory is not a good representation
of the diversity of disease trajectories exhibited by individuals within the population (as
illustrated in Figure 2.1.1 in chapter 2). Examining dementia progression stratified for distinct
subgroups within the population (so-called latent classes) could potentially offer a more
comprehensive and useful overview of dementia progression. Examples of such analyses are
the study by Leoutsakos et al. (2015)11 and the studies described in chapter 4 of this thesis.
Those studies aim to identify (factors associated with) latent classes of dementia progression
in order to develop a prediction model for the course of the disease. The development of
such a model is not straightforward, as it requires long term follow-up data of people who are
diagnosed with dementia. Unfortunately, robust dementia follow-up studies are scarce and
the Netherlands does not have a nationwide dementia registry in which data from all people
who are diagnosed with dementia is routinely being collected, unlike some other countries.21
Therefore, the studies in thesis are not only based on Dutch data, but also on data from the
U.S. and Sweden.

OBJECTIVES OF THIS THESIS
The overarching goal of this thesis is to provide a better understanding and prediction of
dementia progression and thereby enhance personalised care planning and communication
of patients’ prognosis in clinical practice. This general aim was subdivided into several smaller
aims:
1.
2.

3.
4.
5.
6.

Investigate how the cognitive, functional and neuropsychiatric symptom trajectories of
individuals with dementia are interrelated
Identify distinct subgroups of dementia progression by combining trajectory data from
a multidimensional set of continuous outcomes in both clinical and population-based
cohorts
Replicate these subgroups of people with distinct patterns of dementia progression
across multiple cohorts
Predict a person’s pattern of dementia progression, based on dementia-related and
patient-related characteristics, such as comorbidity and frailty
Evaluate the prognostic performance (discrimination and calibration) of the developed
prediction models
Develop colour-coded risk tables depicting the risk of mortality within 3-years after
diagnosis
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OUTLINE OF THIS THESIS

1

This thesis consists of eight studies, divided over four chapters. Chapter 2 examines the
course of dementia progression over time. In chapter 3, we investigate the inﬂuence of
comorbidity and frailty on the progression of dementia-related symptoms. The studies in
chapter 4 focus on the prediction of continuous outcomes (i.e. the course of cognition and
daily functioning), while the studies in chapter 5 focus on the prediction of dichotomous
outcomes (i.e. institutionalization and mortality).
Chapter 2.1 provides an overview of the heterogeneity of dementia progression by examining
the interrelation of cognitive, functional and neuropsychiatric symptom trajectories derived
from the Dutch 4C study.
Chapter 2.2 aims to identify and replicate subpopulations with distinct progression patterns
of cognitive and functional decline among people with dementia across two cohorts: the U.S.
National Alzheimer’s Coordinating Center (NACC) and the Dutch 4C study.
Chapter 3.1 presents a systematic review of the literature on the association between
comorbid disease burden and cognitive, functional and psychiatric symptoms in individuals
with late-onset Alzheimer’s disease.
Chapter 3.2 examines the association of both baseline and time-varying comorbidity and
frailty with dementia progression, measured through cognition and daily functioning in
people with dementia from the Dutch 4C study.
Chapters 4.1 aims to identify subpopulations with distinct progression patterns of cognition
and daily functioning, based on clinical data from the NACC. In addition, we aim to predict
which subgroup a patient likely belongs to, based on dementia-related and patient-related
characteristics collected at the moment of diagnosis.
Chapter 4.2 is similar to chapter 4.1 in terms of its aim and methodology, but instead of
clinical data this chapter is based on data from two Swedish population-based cohort studies.
Chapter 5.1 explores the incremental predictive value of frailty and comorbidity for
institutionalisation and survival in dementia. Additionally, we compare the predictive power
of these factors across prediction periods of increasing length.
Chapter 5.2 is based on patients with a diagnosis of dementia registered with the Swedish
Dementia Registry (Svenska Demensregistret; SveDem). This study aims to (1) predict their
survival using routinely collected patient characteristics, and (2) develop colour-coded risk
tables.
Chapter 6 contains a general discussion, summary of the main findings and implications for
both future research and clinical practice.
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CHAPTER 2.1
The clinical course and
interrelations of dementia
related symptoms

Published as: Haaksma ML, Leoutsakos JMS, Bremer JAE, Aalten P,
Ramakers IHGB, Verhey FRJ, Olde Rikkert MGM, Melis RJF.
The clinical course and interrelations of dementia related symptoms.
Int Psychogeriatr 2018;30(6): 859-66.
DOI: 10.1017/S1041610217000321
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ABSTRACT
Background:
Dementia is a neurodegenerative syndrome that interferes with multiple aspects of life
including cognition, daily functioning and behaviour. Despite the large heterogeneity in
symptom development, these three domains are seldom studied simultaneously. This study
investigates how trajectories of these domains are interrelated within individuals over time,
and how they in turn are related to dementia severity and quality of life.
Methods:
We used data from a longitudinal clinical cohort study including 331 dementia patients.
Cognitive status was measured using the Mini Mental State Examination, daily functioning
was measured with the Disability Assessment for Dementia and neuropsychiatric symptoms
(NPS) were scored using the neuropsychiatric inventory. We investigated the relationships in
the time course of the various dementia domains using random effects multilevel models and
parallel-process growth models.
Results:
Changes in cognition and daily functioning were highly correlated over time (r=0.85, p<0.01),
as were changes in NPS and functioning (r=-0.60, p<0.01), while changes in cognition and
NPS were not (r=-0.20, p=0.06). All three domains were strongly associated with dementia
severity over time (p<0.01). Decreased functioning and increased NPS were both associated
with decreased quality of life (β=2.97, p<0.01 and β=-2.41, p=<0.01, respectively), while
cognition was not (β=0.01, p=0.93).
Conclusion:
This study demonstrates the heterogeneity of dementia progression between individuals and
between different dementia domains within individuals. To improve our understanding of
dementia progression, future research should embrace a broader perspective encompassing
multiple outcome measures along with the patient’s profile, including neurological factors as
well as physical, social and psychiatric health.
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INTRODUCTION
Dementia is a neurodegenerative syndrome affecting multiple aspects of life through
cognitive impairment as well as diminished daily functioning and neuropsychiatric symptoms
(NPS). The large heterogeneity in the development of symptoms over time causes high
uncertainty about the prognosis for patients, as well as their families and physicians. Upon
diagnosis, many questions about the future may arise, which are often diﬃcult to answer
due to the large variation in symptom presentation and course, both within and between
patients. Despite this obvious knowledge gap in dementia prognosis, most research focuses
on an earlier time frame, e.g. in order to predict the onset of dementia in people with mild
cognitive impairment.1 The studies that did focus on dementia symptoms after diagnosis
were mostly cross-sectional and tended to focus on a single domain – often being cognition
– despite the fact that factor analysis has clearly indicated the presence of three distinct
dementia domains.2
Examining cognitive symptoms only is an incorrect conceptualisation of dementia and
is inadequate to fully inform patients about their disease course. This ﬂaw was already
recognised in 1989, when a study examining mental status and daily functioning in dementia
concluded that dementia is a “complex concept that is not well represented by a single score”.3
A recent study by Green & Zhang (2016) also emphasized the importance of a multidomain
approach, by showing that a significant amount of patients suffered from decreased functional
abilities and increased NPS, while their cognitive state remained constant. Despite these calls
for multidomain research and while the prevalence of dementia remains on the increase,4
studies on how the different symptom domains of dementia develop in patients over time
are lagging behind.5
To date we are aware of only five studies that have simultaneously examined the interrelation
of the three domains of dementia2,6-9 and only two of them were longitudinal.7,9 None of these
studies have modeled trajectories of different dementia domains jointly to appropriately
examine their relatedness over time. Increasing our knowledge on the relationship between
the trajectories of the different symptom domains may not only provide important prognostic
information for clinical practice, but can also be useful for informing future research regarding
the choice of outcome measures. Therefore, this study aimed to investigate how the
cognitive, functional and neuropsychiatric symptom trajectories of individuals with dementia
are interrelated over time.

2.1
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METHODS
Participants
Data from the Clinical Course of Cognition and Comorbidity (4C) study were used in this
study. The 4C study was a multicenter longitudinal, prospective cohort study conducted
at the Alzheimer Centers of Amsterdam, Maastricht and Nijmegen, the Netherlands.10 Of
all consecutive patients seen in 2010-2011 in these Alzheimer centers, 331 gave informed
consent to participate. All subjects were newly diagnosed with mild to moderate dementia
according to the Diagnostic and Statistical Manual of Mental Disorders (DSM-IV-TR) criteria.11
A detailed description of the inclusion criteria and the diagnostic workup can be found
elsewhere10. Included patients were followed yearly for a maximum period of three years.
Three local ethics committees approved the study.
Measures of dementia progression
The following measures were obtained at baseline as well as during the follow-up visits.
Cognitive status was measured by a physician using the Mini Mental State Examination
(MMSE).12 This is a widely used measure for global cognitive functioning, which ranges from
0 to 30, with higher scores indicating better cognitive functioning. The Disability Assessment
for Dementia (DAD) was used to measure functional abilities, by assessing both basic
activities of daily living (ADL) such as dressing and bathing, as well as instrumental activities
of daily living (iADL) such as grocery shopping and telephoning.13 Total score was expressed as
a percentage, with higher scores indicating better functional performance. NPS were scored
using the neuropsychiatric inventory (NPI) that evaluates 12 neuropsychiatric disturbances
common in dementia. The rated severity and frequency of each NPS were multiplied to
obtain the total NPI score, ranging from 0 to 144, with higher scores indicating more (severe)
symptoms.14 In addition, the global Clinical Dementia Rating (CDR) scale, ranging from 0 to
3.0 (higher is worse), was used by the physician to assess dementia severity15 and the EuroQol
5 dimensions (EQ-5D) descriptive system with three levels per question was used to assess
perceived quality of life (QoL), ranging from 0 to 1, with lower scores indicating a lower QoL.16
The DAD, NPI and EQ-5D were assessed by a research assistant and based on information
provided by the patient’s informant.
Statistical analyses
Pearson’s correlation coeﬃcients were calculated to examine the interrelation between the
different dementia outcomes at baseline. To examine the interrelation between the different
outcomes over time, we built multilevel models for MMSE, DAD and NPI with linear and
quadratic growth factors (time and time2) and time-varying covariates. The intercept and
the linear time term were allowed to vary across individuals (i.e. random effects). A random
quadratic slope was tested but did not further improve the fit of the unconditional growth
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models and was therefore constrained to zero.17 Homoscedasticity and normality of errors
were confirmed by visual inspection of residual plots. Time-varying covariates allowed us to
look at the relationships between the different outcomes at corresponding points over time.
In all models, the intercept was adjusted for age, gender and education and all covariates
were mean-centered. A significance threshold of α=0.05 was used to assess the coeﬃcients
for each covariate.
In addition, we built parallel-process growth models for all pairs of dementia domains. In this
type of model, two processes are modeled jointly, which enabled us to explicitly model the
correlations between the random effects on the slopes.18 Analyses were conducted using SAS
version 9.2 and Mplus version 7.4.

2.1

RESULTS
We followed 331 incident dementia cases of whom 216 had probable or possible Alzheimer’s
disease (AD), 71 suffered from vascular dementia or AD with a vascular component, and the
remaining 44 subjects were diagnosed with various other dementia types. The participants
had a mean (SD) age of 74.9 (10.2) years at inclusion and were in majority female (181,
55%). The average follow-up time was 1.8 years (range: 0.00-3.57). Table 2.1.1 presents the
participant’s characteristics at the time of diagnosis.

Table 2.1.1. Baseline characteristics of participants (N=331)
Mean (SD), unless otherwise indicated
Age in years

74.9 (10.2)

Female sex (N[%])

181 [55]

Alzheimer’s disease, probable or possible (N[%])

216 [65]

MMSE score

21.9 (3.7)

DAD score

70.8 (24.1)

NPI score

16.3 (16.3)

Global CDR (median [range])

1 [0.5-2]

EQ-5D score

0.81 (0.20)

Follow-up in years

1.8 (1.3)

Note: MMSE = Mini Mental State Examination; DAD = Disability Assessment for Dementia; NPI = Neuropsychiatric
Inventory; CDR = Clinical Dementia Rating; EQ-5D= EuroQol 5 dimensions.
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Baseline correlations
At baseline, daily functioning was significantly correlated with increased cognitive abilities
and with fewer NPS. In contrast, cognition did not correlate with NPS at baseline. Both
cognition and daily functioning were negatively correlated with dementia severity and the
correlation between severity and NPS approached significance (r=0.107, p=0.05). In addition,
QoL was significantly correlated with fewer NPS and increased daily functioning, while QoL
did not correlate with cognition. All correlations are depicted in Table 2.1.2.
Table 2.1.2 Pearson’s correlations of dementia outcomes at baseline
Cognition
(MMSE)

Daily functioning
(DAD)

Neuropsychiatric symptoms
(NPI)

Daily functioning
(DAD)

0.227
(p<0.01)

Neuropsychiatric symptoms
(NPI)

0.004
(p=0.94)

-0.362
(p<0.01)

Dementia severity
(CDR)

-0.481
(p<0.01)

-0.412
(p<0.01)

0.107
(p=0.05)

Quality of life
(EQ-5D)

0.029
(p=0.61)

0.302
(p=<0.01)

-0.258
(p<0.01)

Note: MMSE = Mini Mental State Examination; DAD = Disability Assessment for Dementia; NPI = Neuropsychiatric
Inventory; CDR = Clinical Dementia Rating; EQ-5D= EuroQol 5 dimensions.

Course of dementia domains
The unconditional growth models for each dementia domain are depicted in Figure 2.1.1. All
three models showed significant between-person variance in intercept and slope as well as
within-person variance in progression. The models for MMSE and DAD showed accelerated
decline over time while the model for NPI showed a slightly u-curved shape. Overviews of
all parameter estimates of these unconditional growth models are presented as model 1 in
Appendixes 2.1.1-2.1.3 (MMSE: Appendix 2.1.1; DAD: Appendix 2.1.2; NPI: Appendix 2.1.3).

Interrelations over time: individual growth models
The interrelation between the different dementia domains as well as their relationship
with perceived QoL and dementia severity are described for each model separately in the
following sections.
Cognitive functioning
Over time, better daily functioning was significantly associated with better cognitive abilities.
One standard deviation increase in DAD score corresponded to an average 1.23-point increase
in MMSE at the same time point. In contrast, time-varying NPS showed no significant association
with cognition at the same time point. The effects of the time-varying covariates on the growth
model of MMSE are summarised in the top part of Table 2.1.3.
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Figure 2.1.1. Mean growth curves (black) based on the individual trajectories for cognitive (MMSE), functional (DAD), and neuropsychiatric (NPI) progression of all participants
(coloured). MMSE = mini-mental state examination (range: 0–30, lower is worse); DAD = disability assessment for dementia (%, lower is worse); NPI = neuropsychiatric
inventory (range: 0–144, higher is worse).
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Daily functioning
Over time, both cognition and NPS were significantly associated with daily functioning. Better
cognitive abilities were associated with better daily functioning, with one standard deviation
increase in MMSE corresponding to an average 6.02% increase in DAD score at that same
time point. In addition, more NPS were associated with worse daily functioning over time,
with one standard deviation increase in NPI corresponding to an average 8.38% decrease in
DAD at that same time point. The effects of the time-varying covariates on the growth model
for DAD are summarised in the middle part of Table 2.1.3.
Neuropsychiatric symptoms
Over time, increased daily functioning was significantly associated with fewer NPS. One
standard deviation increase in DAD corresponded to an average 4.95-point decrease in NPI
score at the same time point. Cognition showed no association with NPS at the same time
points. The effects of the time-varying covariates on the growth model for NPI are summarised
in the lower part of Table 2.1.3.

Table 2.1.3 Multivariable effects of time-varying covariates in the three individual growth models for cognitive
functioning, daily functioning and neuropsychiatric symptoms
Individual growth model for cognitive functioning (MMSE, N=327)
Estimate

Standardized estimate

p-value

Daily functioning: DAD

0.05

1.23

<0.01

Neuropsychiatric symptoms: NPI

0.02

0.30

0.08

Estimate

Standardized estimate

p-value

1.64

6.02

<0.01

-0.51

-8.38

<0.01

Estimate

Standardized estimate

p-value

0.19

0.69

0.07

-0.21

-4.95

<0.01

Individual growth model for daily functioning (DAD, N=329)
Cognitive functioning: MMSE
Neuropsychiatric symptoms: NPI

Individual growth model for neuropsychiatric symptoms (NPI, N=329)
Cognitive functioning: MMSE
Daily functioning: DAD

Note: MMSE = Mini Mental State Examination; DAD = Disability Assessment for Dementia; NPI = Neuropsychiatric
Inventory.
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Associations between the domains and severity of dementia
All three domains were strongly associated with changes in dementia severity over time.
More severe dementia was related to worse cognition and daily functioning and worse NPS
(all p<0.01). One standard deviation increase in CDR corresponded to an average 1.83-point
decrease in MMSE, 8.99% decrease in DAD and 1.83-point increase in NPI at the same time
point.

2.1

Associations between dementia domains and quality of life
Both NPS and daily functioning were significantly associated with changes in perceived QoL
over time, while cognition was not (β=-0.01, p=0.92). Higher QoL was related to improved
daily functioning and decreased NPS (both p<0.01). One standard deviation increase in EQ5D was associated with an average 2.97% increase in DAD score and a 2.41-point decrease
in NPI at the same time point. A more elaborate overview of the growth models after the
addition of time-varying covariates is presented in Appendixes 2.1.1-2.1.3 (MMSE: Appendix
2.1.1; DAD: Appendix 2.1.2; NPI: Appendix 2.1.3).

Correlations between rates of change: parallel-process growth models
In order to quantify the correlation between the changes in the various dementia domains,
parallel-process models were built for all pairs of the three dementia domains, as depicted in
Figure 2.1.2. The parallel-process growth model for daily functioning and cognition showed
significant correlation between the random slopes (r=0.85, p<0.01), just like the model for
NPS and daily functioning (r=-0.60, p<0.01). In the model for NPI and MMSE, the correlation
between the random slopes was much smaller and did not reach statistical significance (r=0.20, p=0.06).

DISCUSSION
The results show a marked lack of association between cognitive and neuropsychiatric
progression in dementia. This lack of association was already observed at baseline and was
persistent across different models over time. Decreased daily functioning was associated
with both NPS and decreased cognitive abilities, where the association with cognition was
strongest. These results are in line with those of a previous study.9 Changes in all three
domains correlated with the change in overall dementia severity as measured with CDR,
which is unsurprising given the presence of cognitive and functional items in the CDR and
the observed correlation between NPS and functioning. Associations between QoL and the
three dementia outcomes were generally low, suggesting that QoL depends to a large extent
on factors outside of these models. Baseline dementia outcomes were among themselves
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Figure 2.1.2. Parallel-process growth models for all pairs of dementia domains.MMSE = mini-mental state examination (lower is worse, red lines); DAD = disability assessment
for dementia (lower is worse, blue lines); NPI = neuropsychiatric inventory (higher is worse, green lines). On the y-axes MMSE and DAD values are shown in percentages,
while NPI scores were shown on their original scale (range: 0–144) to enhance visualization.
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generally less correlated than their trajectories over time. This suggests that factors outside
of the model inﬂuenced the starting position of an individual with dementia.
These results show that in order to provide accurate prognostic information, the current
research perspective of dementia has to undergo at least two important changes.
Firstly, the fact that not all dementia domains appeared to develop in the same
manner over time, highlights the importance of using multiple outcome measures when
examining the status and prognosis of dementia patients. The divergence of cognitive and
neuropsychiatric trajectories underlines the importance of taking the multidimensionality of
dementia into account. This is also emphasized by the fact that not all domains appeared to
affect the person with dementia in the same manner, since daily functioning and NPS, but not
cognitive functioning, were associated with QoL. When exploring the dementia phenotype
it does not suﬃce to solely look at cognitive functioning, as progression in one domain may
not be representative of progression on other domains. While prognostic models dominantly
include disease characteristics, such as dementia severity and neurological deficits, these
factors appear to be underrepresented in modelling of psychosocial outcomes. A recent
literature review indicated that the lack of disease characteristics in the latter may lead
to misinterpretation of the behaviour of people with dementia.19 Our results show that
research on dementia prognosis may have an equally narrow focus, yet dominantly focusing
on the inclusion of disease characteristics with an underrepresentation of social and other
contextual factors on disease progression. Therefore, it is important to use a variety of
outcome measures, covering all three dementia domains as well as other outcomes such as
QoL, when examining dementia progression.
Secondly, the large heterogeneity between the different domains within persons as well
as the limited associations between dementia domains and QoL indicate the need to look
beyond disease-related variables when examining the prognosis of dementia. In addition,
these results add to the growing body of evidence on discrepancy between brain pathology
and phenotypes.20 Although all dementia domains were associated with dementia severity,
their phenotypical presentation over time differed across subjects, indicating differences
between subjects who supposedly suffered from the same syndrome. This was also noted
in a review on NPS patterns in community-dwelling dementia patients.21 These differences in
disease presentation suggest that the heterogeneous development of dementia may rather
emerge from an interplay of multiple factors than from a single, well-defined disease. As
such, our observations fit directly into the dynamic polygon hypothesis, which states that the
phenotype of dementia is inﬂuenced by a range of environmental and genetic factors.22 It goes
far beyond the linear amyloid cascade hypothesis to include for example also the inﬂuence
of cognitive reserve and comorbidities amongst many other personal factors. Besides the
obvious inﬂuential factors, such as medication, engagement in social activities and the social
network of a person with dementia may also play a role in dementia progression.23 In the
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present study, the operationalisation of daily functioning as (i)ADL relates to two dimensions
of social health: “the capacity to fulfill one’s potential and obligations” and “managing
life with some degree of independency”. The other dimension of social health, relating
to participation in social activities, is less well represented in our study, despite its likely
inﬂuence on dementia progression.24 For dementia onset, evidence of the importance of
engaging in social activities is already available.25 The relatively weak associations between
QoL and the three dementia domains, do not only indicate the inﬂuence of factors outside
of the models, but might also reﬂect the variation in preference for either physical, cognitive
or social activities among individuals resulting in different priorities when assessing QoL.
These results suggest that a broader perspective is crucial to understand the heterogeneity
in the impact of dementia on the lives of persons coping with the disease and their relatives.
This is in line with the shifting focus from the narrow-minded biomedical model of disease
toward a “biopsychosocial model” of disease, including not only the patient, but also the
social context and the society’s system to deal with illness.26 A broader perspective was also
suggested for understanding the impact of chronic diseases in general with the introduction
of the term “personomics”. This term emphasizes the inﬂuence of an individual’s unique life
circumstances such as social health on disease phenotype.27
Although clinicians are generally aware of the multidimensionality and the importance
of personal characteristics, measures for these contextual factors are often lacking in
longitudinal dementia research. Potentially inﬂuential factors of dementia progression are
thus frequently ignored in research. This negligence is particularly worrisome since QoL in
dementia patients is dependent on contextual factors in addition to disease-related changes
and could particularly pose a problem in older populations with dementia, in which frailty
and multimorbidity are extremely common. These results emphasize that it is essential to
collect evidence that is broad enough to have meaning to patients in clinical practice. Thus,
we should continue to remind ourselves that research models will always be a simplification
of reality and therefore insuﬃcient for the care of patients, especially so when a diseaseoriented view is used and the patient’s context is ignored.28 Future studies on dementia
prognosis should therefore aim to perform repeated measures of the individual’s profile,
including comorbidity, frailty and social health status, besides the commonly used measures
for dementia progression. To enhance generalization it would be preferable to collect a
standardized set of contextual variables through sharing initiatives such as The Older Persons
and Informal Caregivers Survey Minimum DataSet (TOPICS-MDS).29
The present study used multiple dementia outcomes and included them simultaneously
in multivariate parallel-process models. By modelling the quadratic trajectories of different
dementia domains jointly, this study offers unique insight into the relatedness of the different
domains over time. Data from a clinical cohort was used for this study, which means the results
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might not be representative for patients with dementia in the general population. At the same
time, it is diﬃcult to argue why the absence or presence of relationships between dementia
outcomes would be completely different in more general populations of persons with dementia.
Likely, the heterogeneity will only be larger, as clinical samples on average are selected, more
uniform populations.30 Moreover, our results may have been inﬂuenced by the choice of
outcome measures, since e.g. MMSE is a global screening tool for cognitive functioning. Other
scales for measuring cognition exist, which may be more sensitive to impairments in daily
functioning,31 so the correlation between cognition and daily functioning may be even stronger
than observed in the present study. In addition, total scores were used, which prevents us
from drawing conclusions about the interrelations between the different subdimensions that
are part of the global constructs measured with MMSE, DAD and NPI. It should also be noted
that, although the mean growth curves from this study provide an informative overview of
the interrelatedness of the different dimensions of dementia, they do not provide an accurate
representation of the individual trajectories for most patients. Growth mixture models, which
accommodate the presence of latent subgroups, might therefore be more appropriate for this
purpose. A latent variable analytic approach to investigate the heterogeneous disease course of
dementia was already advocated by Tractenberg et al. in 2006, however, to date we are aware
of only one study that used such methods in this context.32 Future research might benefit from
using a latent variable analytic approach.

2.1

This study demonstrated that while cognitive and functional trajectories exhibit correlated
decline over the course of dementia, trajectories of NPS appeared to be unrelated to cognition
and show more complex patterns of increasing and decreasing severity over time. Moreover,
the present study illustrates that the narrow focus adopted in many prognostic studies, with
regard to dementia outcomes as well as predictors of progression, may seriously impede the
acquisition of knowledge on the course of dementia. To move towards a better understanding
of the interindividual heterogeneity of dementia progression, a broader research perspective
that embraces multidimensionality is needed, focusing not only on neurological, but also on
physical, biological, psychological, and social factors.
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Appendix 2.1.1
Results of Fitting Individual Growth Models for Cognitive Functioning (MMSE)
Parameter

Estimate p-value

Estimate

p-value

21.92

<0.001

Estimate p-value Estimate

p-value

FIXED EFFECTS
Intercept*

21.97

<0.001

21.99

<0.001

21.92

<0.001

Linear rate of change

-1.23

<0.001

-0.91

0.003

-0.19

0.483

-1.01

<0.001

Quadratic rate of change

-0.32

<0.001

-0.24

0.014

-0.32

0.000

-0.32

0.001

Time-varying DAD

1.23

<0.001

Time-varying NPI

0.30

0.083
-1.83

<0.001
-0.01

0.926

9.16

<0.001

Time-varying CDR
Time-varying EQ-5D
RANDOM EFFECTS
In inital status

8.97

<0.001

8.26

<0.001

5.64

<0.001

In linear rate of change

4.01

<0.001

2.71

<0.001

1.78

<0.001

3.36

<0.001

Covariance

1.95

0.003

1.49

0.011

0.78

0.092

1.53

0.019

Within person (residual)

5.11

<0.001

5.52

<0.001

5.26

<0.001

4.89

<0.001

Note: MMSE = Mini-Mental State Examination (range: 0-30, lower is worse); DAD = Disability Assessment for
Dementia (%, lower is worse); NPI = Neuropsychiatric Inventory (range: 1-144, higher is worse); CDR = Clinical
Dementia Rating scale (range: 0-3, higher is worse); EQ-5D = EuroQol 5 dimensions (range: 0-1, lower is worse);
*Adjusted for baseline age, gender and education. The effects of the time-varying covariates are standardized, i.e.
the reported estimates represent the effect per standard deviation increase in covariate.
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Appendix 2.1.2
Results of Fitting Individual Growth Models for Daily Functioning (DAD)
Parameter

Estimate

p-value Estimate

p-value

Estimate

p-value Estimate p-value

FIXED EFFECTS
Intercept*

71.15

<0.001

71.20

<0.001

71.19

<0.001

70.91

<0.001

Linear rate of change

-4.17

0.006

-5.23

<0.001

0.90

0.568

-3.07

0.053

Quadratic rate of change

-1.83

0.000

0.04

0.938

-1.85

<0.001

-1.27

0.019

6.02

<0.001

-8.38

<0.001
-8.99

<0.001
2.97

<0.001

Time-varying MMSE
Time-varying NPI
Time-varying CDR
Time-varying EQ-5D

2.1

RANDOM EFFECTS
In inital status

351.36

<0.001

238.83

<0.001

232.85

<0.001

328.54

<0.001

67.70

<0.001

18.72

0.016

20.40

0.011

54.56

<0.001

Covariance

-37.78

0.039

-22.75

0.093

-32.51

0.021

-41.90

0.031

Within person (residual)

170.23

<0.001

172.69

<0.001

201.70

<0.001

165.13

<0.001

In linear rate of change

Note: MMSE = Mini-Mental State Examination (range: 0-30, lower is worse); DAD = Disability Assessment for
Dementia (%, lower is worse); NPI = Neuropsychiatric Inventory (range: 1-144, higher is worse); CDR = Clinical
Dementia Rating scale (range: 0-3, higher is worse); EQ-5D = EuroQol 5 dimensions (range: 0-1, lower is worse);
*Adjusted for baseline age, gender and education. The effects of the time-varying covariates are standardized, i.e.
the reported estimates represent the effect per standard deviation increase in covariate.
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Appendix 2.1.3
Results of Fitting Individual Growth Models for Psychiatric Symptoms (NPI)
Parameter

Estimate p-value Estimate p-value Estimate

p-value Estimate

p-value

FIXED EFFECTS
Intercept*

16.18

Linear rate of change
Quadratic rate of change

<0.001

16.32

-6.08

<0.001

1.94

<0.001

Time-varying MMSE
Time-varying DAD

<0.001

16.19

<0.001

16.29

<0.001

-6.54

<0.001

-7.30

<0.001

-5.89

<0.001

1.47

<0.001

2.03

<0.001

1.53

<0.001

1.83

<0.001
-2.41

<0.001

0.69

0.068

-4.95

<0.001

Time-varying CDR
Time-varying EQ-5D
RANDOM EFFECTS
In inital status
In linear rate of change
Covariance
Within person (residual)

184.39

<0.001

156.18

<0.001

180.91

<0.001

185.74

<0.001

28.37

<0.001

24.71

<0.001

25.89

<0.001

31.73

<0.001

-49.48

<0.001

-45.83

<0.001

-48.40

<0.001

-56.62

<0.001

63.17

<0.001

55.79

<0.001

61.90

<0.001

52.74

<0.001

Note: MMSE = Mini-Mental State Examination (range: 0-30, lower is worse); DAD = Disability Assessment for
Dementia (%, lower is worse); NPI = Neuropsychiatric Inventory (range: 1-144, higher is worse); CDR = Clinical
Dementia Rating scale (range: 0-3, higher is worse); EQ-5D = EuroQol 5 dimensions (range: 0-1, lower is worse);
*Adjusted for baseline age, gender and education. The effects of the time-varying covariates are standardized, i.e.
the reported estimates represent the effect per standard deviation increase in covariate.
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A BSTRACT
Objectives:
Previous studies have identified several subgroups (i.e. latent trajectories) with distinct
disease progression among people with dementia. However, the methods and results were
not always consistent. This study aims to perform a coordinated analysis of latent trajectories
of cognitive and functional progression in dementia across two datasets.
Methods:
1628 participants with dementia from the US National Alzheimer’s Coordinating Center
(NACC) and 331 participants with dementia from the Dutch Clinical Course of Cognition and
Comorbidity study (4C-Study) were included and analyzed using the same statistical approach.
Trajectories of cognition and instrumental activities of daily living (IADL) were modeled jointly
in a parallel-process growth mixture model.
Results:
Cognition and IADL tended to decline in unison across the two samples. Slow decline in both
domains was observed in 26% of the US sample and 74% of the Dutch sample. Rapid decline
in cognition and IADL was observed in 7% of the US sample and 26% of the Dutch sample. The
majority (67%) of the US sample showed moderate cognitive decline and rapid IADL decline.
Conclusions:
Trajectories of slow and rapid dementia progression were identified in both samples. Despite
using the same statistical methods, the number of latent trajectories was not replicated and
the relative class sizes differed considerably across datasets. These results call for careful
consideration when comparing progression estimates in the literature. In addition, the
observed discrepancy between cognitive and functional decline stresses the need to monitor
dementia progression across multiple domains.
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IN TRODUCTION
Considerable heterogeneity of dementia progression exists both between and within
individuals.1-5 Only considering the mean rate of progression in people with dementia is
not precise enough to inform clinical practice. Instead, examining subgroups may improve
our understanding of the disease course and unravel why some people show milder and
slower decline than others. Furthermore, it may help patients and clinicians make treatment
decisions.
Although cognitive decline is the cardinal sign of dementia,6 functional decline, and
neuropsychiatric symptoms, are also important daily-life relating features. Including other
outcomes alongside cognition would more accurately reﬂect the impact of dementia
progression on the daily lives of people with dementia. To date, only a limited number of
studies have worked on modelling trajectories of dementia progression in the first place, let
alone studying multiple outcomes simultaneously.7
Some studies adopted a promising way to find patterns of decline using growth mixture
modelling (GMM).8-11 This method is particularly suitable for identifying homogeneous
subgroups (i.e. classes) within a larger heterogeneous population to increase our
understanding of the individual variation in dementia disease course. For example, Leoutsakos
et al.10 identified four latent trajectories of cognitive and functional decline among people
with clinically diagnosed Alzheimer’s Disease (AD), using a population-based Cache County
Dementia Progression Study (CCDPS) (N=328). The two outcomes, Mini-Mental State
Examination (MMSE) scores and Clinical Dementia Rating, were modelled jointly. Haaksma et
al. subsequently conducted a replication of Leoutsakos’ study, using the same measurement
scales in a sample from the National Alzheimer’s Coordinating Center (NACC) (N=1120). This
replication study yielded three latent trajectories.12 A recent study based on a sample of
incident dementia cases derived from two Swedish population-based cohorts, identified 2
distinct trajectories of MMSE and activities of daily functioning.8 These observed disparities
in trajectories across cohorts may have resulted from differences in study design of the
cohorts. The NACC database consists of a referral-based/volunteer case series,13 while the
CCDPS is a population-based cohort.14 And while the Swedish cohorts are also populationbased, the study measurements are spaced much further apart (3 years), compared to those
in the CCDPS (6 months), and a different scale for daily functioning was used. Different model
assumptions and analytical choices could also be an explanation for the inconsistent results
across these studies. However, the details of the analytical choices and model assumptions
are often diﬃcult to ascertain based on the published work, complicating replication studies.
Given these discrepancies between previously published GMMs, and given the danger of
overextraction of classes,15 replication is vital to evidence the robustness of the results.16
Performing a coordinated analysis,17 i.e. applying the same statistical approach to individual
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patient data from multiple studies, will rule out differences due to analytical choices and
reveal whether consistent patterns of decline in dementia can be identified.
This study aims to coordinate the identification of latent trajectories of cognition and daily
functioning among people with dementia across two datasets.17 We hypothesize that, when
using the same statistical models and model assumptions, the relative class distribution can
be replicated across different datasets.

MATERIALS AND METHODS
Sample description
We included participants from the NACC and the and the Clinical Course of Cognition and
Comorbidity study (4C-Study). Participants from the NACC were derived from the NACC
Uniform Data Set (December 2017 data freeze) and originated from 32 Alzheimer’s Disease
Centers (ADCs) across the US. Each ADC enrolls its participants according to its own protocol.
Participants may come from clinician referral, self-referral by patients or family members,
active recruitment through community organizations, and volunteers who wish to contribute
to research on various types of dementia. After enrollment, participants undergo regular
evaluations, spaced approximately one year apart until either drop-out or death.13 Dementia
was diagnosed using either the 1984 or the 2011 McKhann criteria.18,19 Participants from
the 4C-Study were recruited from three Dutch Alzheimer Centers upon dementia diagnosis
and underwent a maximum of three annual follow-up assessments after baseline.20 The 4C
sample hence comprises a clinical cohort. Dementia was diagnosed based on the DSM-IV
criteria.21

Inclusion criteria
Participants from the NACC and the 4C study were included when they met the following
three criteria: (1) participants had incident dementia (i.e. dementia was newly diagnosed);
(2) participants were clinically diagnosed with either AD, Lewy body disease, progressive
supranuclear palsy, corticobasal degeneration, frontotemporal lobar degeneration, vascular
brain injury, vascular dementia, or another (unspecified) type of dementia; (3) participants
had at least one post-diagnosis assessment of cognition or daily functioning. These criteria
were fulfilled by all 331 participants of the 4C-Study at baseline, as a new diagnosis of
dementia was a requirement for inclusion in this cohort. For participants from the NACC
(which also included people with normal cognition at baseline), we defined incident dementia
as follows: the interval between the assessment at which participants were deemed free
of dementia, and the latter assessment at which the participants had been diagnosed with
dementia, had to be less than 18 months. The interval of 18 months was chosen to allow
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for outcome examination from diagnosis onwards. These criteria resulted in the inclusion of
1628 participants from the NACC.

Outcome assessment
In the NACC dataset, cognition was measured using the MMSE.4 The scores range from 0 to
30, and lower scores indicate lower cognitive levels.22 Daily functioning was evaluated using
the Functional Activities Questionnaire (FAQ), a standardized assessment of instrumental
activities of daily living (IADL).23 The scores range from 0 to 30. In our study, lower scores
indicate less independence as all the FAQ scores were reverse-coded to enhance comparability
with trajectories of cognition.
In the 4C dataset, cognition was also measured with the MMSE. Daily functioning was
measured by the Disability Assessment for Dementia (DAD). The scores of the DAD are
expressed as a percentage, with a lower percentage indicating poorer functioning.24 Unlike
the FAQ, the DAD contains both IADL items and activities of daily living (ADL) items. In order
to compare the functional trajectories across the two datasets, we only used the 22 IADL
items from the DAD in the 4C dataset. The sum scores of IADL items were rescaled from 0
to 30, with lower scores indicating less independence, in order to obtain a uniform range of
scores across both datasets.

2.2

Statistical analysis
Cognition and daily functioning in the first three years after dementia diagnosis were
modeled jointly by parallel-process GMM. GMM can capture individual variation around
the group mean curves.25 Parallel-process GMM allows analysis of multiple outcome
trajectories simultaneously.26 In order to improve comparability of the results across the two
datasets, the intercept and the slope of the models were corrected for age during the class
enumeration process. We centered the age of all subjects at 65 years. We fitted models from
1 class through 4 classes with random intercepts and random slopes in both datasets. The
best model was chosen based on Lo-Mendell-Rubin (LMR) likelihood ratio test between two
nested models.25 Significant results of LMR likelihood ratio test indicate that k-class model
fits the data better than (k-1)-class model. Bayesian Information Criterion (BIC) of different
models were compared as well (a smaller BIC indicates a better model fit). We also examined
the model’s entropy, a measure of class separation. An entropy value approaching 1 indicates
a clear delineation of classes.27 Models with one or more small-sized classes (with less than 5%
of all the participants) were excluded because classes with such few individuals are unlikely to
provide trustworthy generalization.28 Study visits were assumed to be spaced exactly one year
apart with baseline (time zero) defined as the first post-diagnosis visit. Only assessments after
diagnosis were included. The residual variances were assumed to be constant across classes
but were allowed to vary over time. Based on the model selection criteria above, we selected
the most suitable model structure for each of the datasets. We calculated the correlation
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between the variance in the linear slopes of MMSE and daily functioning across the entire
sample of each dataset. GMM was carried out using Mplus version 8. Data management and
plot-making were performed in R version 3.4.0.

RESULTS
Sample characteristics
Among the NACC participants, 83.8% was diagnosed with AD, while the 4C dataset consisted
of 65.3% AD participants. Participants in the 4C dataset were on average 3.7 years younger and
showed a worse cognitive performance at diagnosis with an average 2.1 point lower MMSE
compared with participants from the NACC. The mean length of education was remarkably
less (five years) in our 4C sample as compared to our NACC sample. Daily functioning was
measured differently in the two datasets. In the NACC dataset, the mean FAQ score at
diagnosis was 17.4 (SD: 7.7), and in the 4C dataset, the mean IADL score derived from DAD at
diagnosis was 17.6 (SD: 8.7). Sample characteristics were further summarised in Table 2.2.1.

Trajectories of cognitive and functional decline
In the NACC dataset, the quadratic 3-class model with a random intercept and a random slope
was found to be the optimal model. Although the BIC decreased with each additional class
from the 1-class model through the 4-class model, the decrease became smaller with every
additional class. The LMR p-value of the 4-class model was not significant anymore, indicating
the 4-class model did not fit significantly better than the 3-class model. Moreover, the 3-class
model had a higher entropy value (0.773) than the 4-class model (0.720), its average latent
class probability was good (0.899), and classes of the 3-class model met our minimal class
size requirement (> 5% of the sample in each class).
In the 4C dataset, the quadratic 2-class model with a random intercept and a random
slope was found to be the optimal model. The BIC of the 2-class model was the smallest of
those from the 1- through the 4-class models. The LMR p-value of the 3-class model was
not significant anymore, indicating the 3-class model did not fit significantly better than the
2-class model. Moreover, the 2-class model had a higher entropy value (0.628) than the
3-class model (0.530), its average latent class probability was good (0.884), and classes of the
2-class model met our minimal class size requirement.
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Table 2.2.1 Sample characteristics
NACC (N=1628)
1st post-diagnosis 2nd post-diagnosis 3rd post-diagnosis 4th post-diagnosis
visit
visit
visit
visit
Age (mean(SD))

78.6 (9.2)

2.2

Gender
Male (N(%))

818 (50.2)

809 (50.2)

519 (51.5)

318 (53.0)

Female (N(%))

810 (49.8)

804 (49.8)

489 (48.5)

282 (47.0)

15.5 (3.2)

15.5 (3.2)

15.6 (3.1)

15.7 (3.0)

AD (N(%))

1364 (83.8)

1354 (83.9)

869 (86.2)

517 (86.2)

Other types (N(%))

Education years (mean (SD))
Dementia type

264 (16.2)

259 (16.1)

139 (13.8)

83 (13.8)

MMSE (mean (SD))

24.0 (3.8)

22.1 (4.9)

20.6 (5.3)

19.2 (6.3)

FAQ (mean (SD))

17.4 (7.7)

12.3 (8.4)

9.3 (7.9)

6.8 (7.2)

0 (0)

1.2 (0.6)

2.3 (0.6)

3.3 (0.7)

Follow-up time (mean (SD))
4C (N=331)

1st post-diagnosis 2nd post-diagnosis 3rd post-diagnosis 4th post-diagnosis
visit
visit
visit
visit
Age (mean (SD))

74.9 (10.2)

Gender
Male (N(%))

150 (45.3)

115 (46.6)

Female (N(%))

181 (54.7)

132 (53.4)

96 (52.5)

71 (50.4)

10.5 (3.5)

10.8 (3.4)

10.8 (3.5)

10.7 (3.5)

AD (N(%))

216 (65.3)

164 (66.3)

129 (70.5)

100 (70.9)

Other types (N(%))

Education years (mean (SD))

87 (47.5)

70 (49.6)

Dementia type
115 (34.7)

83 (33.6)

54 (29.5)

41 (29.1)

MMSE (mean (SD))

21.9 (3.7)

21.0 (5.1)

19.1 (5.8)

18.3 (5.9)

IADL (mean (SD))

17.6 (8.7)

16.5 (8.9)

13.3 (9.1)

10.6 (8.1)

0 (0)

1.1 (0.1)

2.1 (0.1)

3.1 (0.2)

Follow-up time (mean (SD))

Note: SD, standard deviation; MMSE, Mini-Mental State Examination (range: 0 to 30, a higher MMSE means a better
cognitive level); FAQ, Functional Activities Questionnaire (range: 0 to 30, reverse-coded, a higher recoded FAQ score
means a better functional level); IADL, instrumental activities of daily living of Disability Assessment for Dementia
(range: 0 to 30, recoded, a higher IADL score means a better functional level).
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An overview of the model fit criteria of the models with 1 through 4 classes fitted in both
samples is depicted in Appendix 2.2.1. The parameter estimates of the best models are
shown in Appendix 2.2.2, and the trajectories of the overall sample and each class are shown
in Figure 2.2.1 (NACC) and Figure 2.2.2 (4C). The availability of outcome data across time is
summarised in Appendix 2.2.3.
In the NACC model, class 1 contained 26% (n=430) of participants and showed slow cognitive
and functional decline. In the first year, the average decline was 1.06 point on the MMSE and
1.12 point on the FAQ. The decline accelerated in the second and third year after diagnosis.
The majority of participants (67%, n=1092) was a member of class 2. Those participants
had poor daily functioning at diagnosis and a more rapid decline compared to class 1. The
cognitive status at diagnosis of participants in class 2 was better compared to their daily
functioning. Class 3 contained 7% (n=106) of participants, who showed poor cognitive and
daily functioning at diagnosis, as well as a rapid decline in both outcomes.
In the 4C model, 74% of participants (n=245) showing slow cognitive and functional decline
constituted class 1. The remainder of participants was a member of class 2 (26%; n=86) and
showed rapid decline in both cognition and daily functioning. Notably, when examining the
(not optimal) quadratic 3-class model in the 4C dataset, remarkably similar patterns of decline
were observed as compared to the 3-class NACC model (Appendix 2.2.4).
The correlation between random slopes of MMSE and FAQ across the NACC sample was
0.61 (p-value< 0.001). Similarly, the random slopes of MMSE and IADL in the 4C sample were
correlated (r=0.79, p-value<0.001).

Patient characteristics across latent trajectories
Table 2.2.2 shows the patient characteristics of members of each class in the NACC dataset
and the 4C dataset. In the NACC dataset, the proportion of AD cases in classes 1 and 2 was
similar to that of the total sample (around 85%). However, the proportion of AD cases in
class 3 was only 60%. In the 4C dataset, the proportion of AD cases was relatively constant
across all classes (around 65%). The gender proportion in every class of each dataset was
comparable (around 50% males), except class 2 in the 4C dataset, which contained more
females (68.8%).
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Figure 2.2.1 Fitted and observed MMSE and FAQ trajectories in the NACC dataset. MMSE and FAQ trajectories are shown in red and blue respectively. FAQ was reversecoded with higher scores indicating better daily functioning. [A] The mean decline of the sample (N=1628). [B] Class 1 – slow decline in MMSE and FAQ (N=406 [25%]).
[C] Class 2 – moderate decline in MMSE and rapid decline in FAQ (N=1137 [70%]). [D] Class 3 – rapid decline in MMSE and FAQ (N=85 [5%]). The trajectories of individual
participants are shown in thin lines. The average trajectories of the whole sample and the mean trajectories of each class are shown in bold lines. Note that individuals
were assigned to each class based on their most likely class membership. Therefore, the numbers of participants in each class are slightly different from those in the
manuscript text and Appendix 2.2.2.
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Figure 2.2.2 Fitted and observed MMSE and IADL trajectories in the 4C dataset. MMSE and IADL trajectories are
shown in red and blue respectively. IADL was recoded with a scale of 0 to 30. [A] The mean decline of the sample
(N=331). [B] Class 1 – slow decline in MMSE and IADL (N=264 [80%]). [C] Class 2 – rapid decline in MMSE and IADL
(N=67 [20%]). The trajectories of individual participants are shown in thin lines. The average trajectories of the whole
sample and the mean trajectories of each class are shown in bold lines. Note that individuals were assigned to each
class based on their most likely class membership. Therefore, the numbers of participants in each class are slightly
different from those in the manuscript text and Appendix 2.2.2.
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Table 2.2.2 Characteristics of the latent classes
NACC (N=1628)
Class 1
slow decline
(N=406)

Class 2
moderate cognitive and rapid
functional decline (N=1137)

Class 3
rapid decline
(N=85)

77.9 (8.0)

79.0 (9.5)

75.9 (11.1)

AD (N(%))

361 (88.9)

952 (83.7)

51 (60.0)

Other types (N(%))

45 (11.1)

185 (16.3)

34 (40.0)

Male (N(%))

223 (54.9)

552 (48.5)

43 (50.6)

Female (N(%))

183 (45.1)

585 (51.5)

42 (49.4)

Age at 1st post-diagnosis visit (mean (SD))
Dementia type

2.2

Gender

Education (years) (mean (SD))

15.6 (3.1)

15.5 (3.2)

15.2 (3.2)

MMSE at diagnosis (mean (SD))

25.0 (3.1)

24.2 (3.1)

16.6 (6.0)

FAQ at diagnosis (mean (SD))

23.9 (4.9)

15.4 (7.1)

13.3 (8.2)

4C (N=331)
Class 1
slow decline
(N=264)

Class 2
rapid decline
(N=67)

75.6 (9.9)

71.9 (10.8)

AD (N(%))

173 (65.5)

43 (64.2)

Other types (N(%))

91 (34.5)

24 (35.8)

Age at 1st post-diagnosis visit (mean (SD))
Dementia type

Gender
Male (N(%))

126 (47.7)

24 (35.8)

Female (N(%))

138 (52.3)

43 (64.2)

Education (years) (mean (SD))

10.5 (3.4)

10.7 (3.7)

MMSE at diagnosis (mean (SD))

22.6 (3.2)

19.1 (4.2)

IADL’s at diagnosis (mean (SD))

18.0 (8.5)

16.2 (9.3)

Note: SD, standard deviation; MMSE, Mini-Mental State Examination (range: 0 to 30, a higher MMSE means a better
cognitive level); FAQ, Functional Activities Questionnaire (range: 0 to 30, reverse-coded, a higher recoded FAQ score
means a better functional level); IADL, instrumental activities of daily living of Disability Assessment for Dementia
(range: 0 to 30, recoded, a higher IADL score means a better functional level).
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DISCUSSION
Results and clinical relevance
We identified distinct patterns of latent trajectories for cognition and daily functioning across a
Dutch and a US dataset, using a coordinated analysis approach.17 In both samples, participants
in the slowly declining class 1 showed above-average cognitive status and daily functioning at
diagnosis, with slow decline in both outcomes. In addition, both classes contained a class with
below-average cognitive status and daily functioning at diagnosis, followed by a rapid decline
in both outcomes (4C class 2; NACC class 3). Although latent trajectories of relatively slow and
rapid dementia progression were identified in both samples, the sizes of these comparable
classes differed considerably across datasets. In the NACC dataset, only a 7% of participants
(NACC class 3) showed a rapid decline on both outcomes, whereas in the 4C dataset, 26%
of participants declined rapidly (4C class 2). Moreover, the number of latent trajectories
identified was different across our two samples. Given our coordinated analysis approach,
these differences are unlikely the result of variation in analysis methods, but are rather the
result of differences in study design and study population between the two datasets (further
discussed under limitations). While the majority of participants in both datasets showed a
slow to moderate cognitive decline across the first three years after dementia diagnosis,
the majority of the NACC sample also showed rapid decline in daily functioning (class 2).
This discrepancy between cognition and IADL trajectories emphasizes the importance of
considering both domains when examining the disease progression of people with dementia.
Care should be taken when interpreting the meaning of the identified classes of dementia
progression. Latent trajectories represent a data-driven break-down of a heterogeneous data
mass. Hence, the latent trajectories do not represent specific subtypes of dementia.29 Yet
these latent trajectories provide information which would have remained unnoticed had we
only studied the mean decline across each sample. For example, we observed that most
people with dementia in our study were able to maintain a reasonable cognitive status across
the first 3 years after diagnosis. This is relevant knowledge for newly diagnosed patients and
their caregivers. Therefore, both clinicians and researchers should consider the heterogeneity
in dementia progression and realize that referring to the average progression rate means
little to the individuals and may lead to wrong conclusions.30

Comparison with other studies and potential mechanisms
In accordance with previous studies, we observed great heterogeneity in the longitudinal
course of dementia.10,12,31 In both our samples a clear correlation was observed between
MMSE and IADL trajectories (NACC: r=0.61, p<0.001; 4C: r=0.79, p<0.001). This indicates
that those declining more quickly than other participants on one outcomes measure, tend to
decline more quickly on the other outcome as well. Previous studies, have observed an even
higher correlation between cognition and daily functioning. 9,12,32-34 For example, studies by
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Leoutsakos et al. and Haaksma et al. identified a high overall correlation between the slopes
of cognition and daily functioning (r=0.91 and r=0.92, respectively).10,12 However, the use of
different outcome measures may explain the lower correlation in our study. The two previous
studies used the Clinical Dementia Rating scale sum-of-boxes,35 which also contains some
cognitive components. In contrast, we used IADL items, which solely measure daily functioning.
The finding that more non-AD dementia types are most common in the rapidly progressing
class of the NACC sample is consistent with other studies reporting that non-AD dementia
types tend to progress more rapidly.8,36 Another potential explanation for differences in rates
of cognitive decline across classes may lie in the theory of ‘cognitive reserve’,37 stating that
more education is associated with faster cognitive decline. Higher-educated people might be
better able to cope with the initial signs of the disease and maintain their daily functioning,
up until a certain threshold, after which they exhibit a sudden and steep decline.37 However,
we did not observe any differences in duration of education across the identified classes
within each dataset (Table 2.2.2) Importantly, persons with dementia may change over the
course of the dementia: they may or may not develop additional comorbidity or frailty and
these intercurrent exposures may result in more variable disease courses.38

2.2

Strengths and limitations
In this coordinated analysis, we used the same methodology across two datasets. By using
IADL items to operationalise daily functioning in both datasets, we made the outcome
measures as comparable as possible. So far, this is unique in dementia research, given it
requires access to individual patient data from multiple datasets with suﬃcient follow-ups
after the dementia diagnosis, which is scarce. We used parallel-process GMM to look beyond
the mean progression rates and identify different classes of dementia progression based on
parallel trajectories of cognition and daily functioning. The merit of using parallel-process
modelling lies in the fact that it can address the association between the changes in two
variables over time.39 Moreover, we used multiple statistical criteria to assess model fit, which
provides strong support for our final models. Although allowing for individual variation was
considered a strength of this study, GMM also brought a limitation, as, within each class, there
is still considerable variation in progression speed (Figure 2.2.1-B,C,D; Figure 2.2.2-B,C). The
relatively small sample size of the 4C dataset is also a limitation, especially considering the
decrease in data availability over time. Three years post-diagnosis the data availability had
dropped to approximately 30% across both samples, and the data availability was lowest in
the rapidly declining classes (Appendix 2.2.3). This indicates that the rapidly declining classes
may, in part, have been driven by attrition. Another limitation is the use of MMSE, which is
a single and relatively crude measure and might not capture subtle changes in progression.
The main limitation of our study is the fact that the participants from the NACC and the 4C
datasets were not fully comparable, due to differences in study design. Although we adjusted
the trajectories for age in both datasets, several differences between the datasets remain,
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such as differences regarding the level of education, gender composition, dementia types
and the method of enrollment of participants. In the NACC database, participants came from
clinician- or self-referral, active recruitment through community organizations and volunteers.
As most centers also recruit volunteers with normal cognition, the participants tend to have
higher education compared to the general population.13 In contrast, the 4C study is a clinical
cohort enrolling participants who were newly diagnosed with dementia.20 As dementia has
an insidious onset, the exact time of onset is diﬃcult to pinpoint in dementia progression
studies. As participants were enrolled in the 4C-Study after they were newly diagnosed
with dementia, their exact cognitive status prior to diagnosis was unknown, and though we
confirmed the participants from the NACC were free of dementia at least 18 months before
their diagnosis, the exact time of dementia onset was still unknown (as in all other dementia
studies). This may have caused additional heterogeneity, because the timing of diagnosis and
disease onset may not systematically align in the same way for all individuals in our datasets.

Conclusion
This study included two datasets with a total of 1959 participants with incident dementia, who
were followed yearly after diagnosis for approximately 3 years. Using a coordinated analysis
approach, our study identified similar trajectories of slow and rapid dementia progression in
both samples. However, the number of latent trajectories was not replicated and the sizes of
classes with similarly shaped trajectories differed considerably across datasets, despite using
the same statistical methods. These results call for careful consideration when comparing
progression estimates in the literature. Most people with dementia in our study were able
to maintain a reasonable cognitive status over time, whereas their IADL functioning declined
more rapidly. This is relevant knowledge as it stresses that average dementia trajectory –
certainly if based on cognitive functioning alone – means little to patients, caregivers,
clinicians and researchers. Hence, these results suggest that both clinical practice and future
research would benefit from looking beyond the mean progression rate and repeatedly
measuring cognition as well as daily functioning over time.
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Appendix 2.2.1
Overview of class enumeration criteria
No. Classes

No.
Parameters

BIC

28

50684.61

Entropy

LMR
p-value

The mean average
The smallest class
latent class probability
size

NACC †
1

-

-

-

2.2

-

2

35

50419.30

0.849

0.063

0.959

0.09

3

42

50172.85

0.773

0.039

0.899

0.07

4

49

50020.70

0.720

0.059

0.830

0.06

1

28

9809.00

-

-

-

-

2

35

9791.66

0.628

0.007

0.884

0.26

4C †

3

42

9799.06

0.530

0.739

0.764

0.26

4

49

9817.25

0.593

0.147

0.753

0.09

Note: BIC, Bayesian information criterion (lower means better model fit); Entropy, higher means more clear
delineation of classes; LMR, Lo-Mendell-Rubin likelihood ratio test. † The process of class enumeration in both
cohorts was based on models with random intercept and random slope.
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Appendix 2.2.2
Estimated parameters for cognitive and functional trajectories by latent classes
NACC

Class 1
slow decline

Class size (N † [%])

Class 2
moderate cognitive and rapid
functional decline
1092 [67%]

430 [26%]

Fixed effects

Class 3
rapid decline
106 [7%]

Mean (SE)

Mean (SE)

Mean (SE)

MMSE
FAQ
MMSE
FAQ
MMSE
FAQ

25.17 (0.21) **
24.66 (0.45) **
-0.56 (0.25) *
0.01(0.40)
-0.50 (0.10) **
-1.13 (0.16) **

24.40 (0.18) **
16.90 (0.43) **
-2.32 (0.23) **
-7.34 (0.36) **
-0.20 (0.08) *
0.99 (0.11) **

17.12 (1.78) **
14.18 (1.17) **
-10.35 (1.05) **
-8.91 (1.12) **
1.52 (0.44) *
1.59 (0.34) **

Intercept variance

MMSE

7.01 (0.79) **

7.01 (0.79) **

7.01 (0.79) **

Linear slope variance

FAQ
MMSE
FAQ

28.22 (2.58) **
2.33 (0.41) **
4.52 (0.47) **

28.22 (2.58) **
2.33 (0.41) **
4.52 (0.47) **

28.22 (2.58) **
2.33 (0.41) **
4.52 (0.47) **

Intercept
Linear slope
Quadratic slope
Random effects

Residual variance
1st post-diagnosis visit
2 post-diagnosis visit
nd

3rd post-diagnosis visit
4th post-diagnosis visit

MMSE

4.26 (0.56) **

FAQ
MMSE
FAQ
MMSE
FAQ
MMSE
FAQ

17.76 (1.67) **
4.61 (0.44) **
16.37 (1.20) **
5.52 (0.76) **
10.06 (1.09) **
7.73 (1.41) **
12.17 (1.62) **

58

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 58

Identifying patterns of decline

4C
Class size (N † [%])
Fixed effects
Intercept

MMSE

Quadratic slope

Class 2
rapid decline
86 [26%]

Mean (SE)

Mean (SE)

23.11 (0.40)

**

20.27 (0.74) **

21.00 (0.80) **

18.58 (1.39) **

MMSE

0.17 (0.34)

-7.17 (0.72) **

IADL

-0.89 (0.80)

-7.74 (1.46) **

IADL
Linear slope

Class 1
slow decline
245 [74%]

MMSE
IADL

**

-0.57 (0.10)

0.93 (0.29) *

-0.69 (0.24) *

0.95 (0.44) *

2.2

Random effects
Intercept variance
Linear slope variance

MMSE
IADL
MMSE
IADL

9.57 (1.90) **
44.20 (6.32) **
2.20 (0.59) **
4.58 (1.40) *

MMSE
IADL
MMSE
IADL
MMSE
IADL
MMSE
IADL

2.23 (1.23)
24.96 (5.56) **
5.55 (1.03) **
27.28 (3.76) **
2.97 (1.35) *
23.36 (4.35) **
6.48 (2.01) *
13.15 (5.97) *

Residual variance
1st post-diagnosis visit
2nd post-diagnosis visit
3rd post-diagnosis visit
4th post-diagnosis visit

Note: SE, standard error; MMSE, Mini-Mental State Examination (range: 0 to 30, a higher MMSE means a better
cognitive level); FAQ, Functional Activities Questionnaire (range: 0 to 30, reverse-coded, a higher recoded FAQ score
means a better functional level); IADL, instrumental activities of daily living of Disability Assessment for Dementia
(range: 0 to 30, recoded, a higher IADL score means a better functional level). Estimates were adjusted for age,
centered at 65 years. † N was based on the final class counts of the estimated model. * P <=.05 ** P <= .001
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Appendix 2.2.3
The availability of outcome data across time in each class of the two datasets
1st postdiagnosis visit

2nd postdiagnosis visit

3rd postdiagnosis visit

4th postdiagnosis visit

The whole sample (N=1628)

1441(88.5)

1209 (74.3)

692 (42.5)

367 (22.5)

Class 1 (N=406)

366 (90.1)

366 (90.1)

366 (90.1)

125 (30.8)

Class 2 (N=1137)

992 (87.2)

833 (73.3)

477 (42.0)

236 (20.8)

Class 3 (N=85)

83 (97.6)

63 (74.1)

15 (17.6)

6 (7.1)

1567 (96.3)

1558 (95.7)

976 (60.0)

580 (35.6)

NACC dataset
Number of patients with data on
MMSE [count (%)])

Number of patients with data on FAQ
[count (%)])
The whole sample (N=1628)
Class 1 (N=406)

397 (97.8)

397 (97.8)

257 (63.3)

168 (41.4)

Class 2 (N=1137)

1086 (95.5)

1086 (95.5)

681 (59.9)

391 (34.4)

84 (98.8)

78 (91.8)

38 (44.7)

21 (24.7)

1st postdiagnosis visit

2nd postdiagnosis visit

3rd postdiagnosis visit

4th postdiagnosis visit

The whole sample (N=331)

331 (100.0)

218(65.9)

150 (45.3)

112 (33.8)

Class 1 (N=264)

264 (100.0)

172 (65.2)

123 (46.6)

101 (38.3)

Class 2 (N=67)

67 (100.0)

46 (68.7)

27 (40.3)

11 (16.4)

Class 3 (N=85)
4C dataset
Number of patients with data on
MMSE [count (%)])

Number of patients with data on
IADL [count (%)])
The whole sample (N=331)

305 (92.1)

210 (63.4)

138 (41.7)

125 (37.8)

Class 1 (N=264)

239 (90.5)

164 (62.1)

108 (40.9)

105 (39.8)

Class 2 (N=67)

66 (98.5)

46 (68.7)

30 (44.8)

20 (29.9)

Abbreviations: MMSE, Mini-Mental State Examination (range: 0 to 30, a higher MMSE means a better cognitive
level); FAQ, Functional Activities Questionnaire (range: 0 to 30, reverse-coded, a higher recoded FAQ score means a
better functional level); IADL, instrumental activities of daily living of Disability Assessment for Dementia (range: 0 to
30, recoded, a higher IADL score means a better functional level).
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Appendix 2.2.4
Estimated parameters for cognitive and functional trajectories by latent classes in the 3-class model based on the
4C dataset (note: this was not the optimal model according to the fit statistics)
4C

Class size (N † [%])
Fixed effects
Intercept
Linear slope
Quadratic slope

Class 1
slow decline

Class 2
moderate cognitive and rapid
functional decline

Class 3
rapid decline

100 [30%]

145 [44%]

86 [26%]

Mean (SE)

Mean (SE)

Mean (SE)

MMSE

23.73 (0.76) **

22.56 (0.75) **

20.17 (0.72) **

IADL

23.57 (4.31) **

19.05 (2.74) **

18.16 (2.24) **

MMSE

0.16 (0.87)

0.01 (0.72)

-7.35 (0.75) **

IADL

1.18 (2.79)

-2.84 (3.35)

-8.58 (1.42) **

MMSE

-0.40 (0.23)

-0.73 (0.19) **

1.04 (0.29) **

IADL

-0.87 (1.36)

-0.47 (1.44)

1.22 (0.44) *

2.2

Random effects
Intercept variance
Linear slope variance

MMSE

9.35 (1.78) **

IADL

39.71 (18.01) *

MMSE

2.23 (0.70) *

IADL

3.30 (2.14)

Residual variance
1st post-diagnosis visit
2nd post-diagnosis visit
3 post-diagnosis visit
rd

4 post-diagnosis visit
th

MMSE

2.18 (1.36)

IADL

25.33 (6.80) **

MMSE

5.32 (1.08) **

IADL

27.24 (4.16) **

MMSE

3.42 (1.16) *

IADL

21.26 (16.49)

MMSE

5.63 (2.07) *

IADL

12.53 (22.59)

Note: SE, standard error; MMSE, Mini-Mental State Examination (range: 0 to 30, a higher MMSE means a better
cognitive level); FAQ, Functional Activities Questionnaire (range: 0 to 30, reverse-coded, a higher recoded FAQ score
means a better functional level); IADL, instrumental activities of daily living of Disability Assessment for Dementia
(range: 0 to 30, recoded, a higher IADL score means a better functional level). † N was based on the final class counts
of the estimated model. * P <=.05 ** P <= .001.
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Fitted and observed MMSE and IADL trajectories in the (not optimal) 3-class model of the 4C dataset. MMSE and IADL trajectories are shown in red and blue respectively.
IADL was recoded with a scale of 0 to 30. [A] The mean decline of the sample (N=331). [B] Class 1 – slow decline in MMSE and IADL (N=88 [27%]). [C] Class 2 – moderate
decline in MMAE and rapid decline in IADL (N=166 [50%]). [D] Class 3 – rapid decline in MMSE and IADL (N=77 [23%]). The trajectories of individual participants are shown
in thin lines. The average trajectories of the whole sample and the mean trajectories of each class are shown in bold lines. Note that individuals were assigned to each class
based on their most likely class membership. Therefore, the numbers of participants in each class are slightly different from those in Appendix 4.
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ABSTRACT
Background:
Alzheimer’s disease is a neurodegenerative syndrome characterised by multiple dimensions
including cognitive decline, decreased daily functioning and psychiatric symptoms. This
systematic review aims to investigate the relation between somatic comorbidity burden and
progression in late-onset Alzheimer’s disease (LOAD).
Methods:
We searched four databases for observational studies that examined cross-sectional or
longitudinal associations of cognitive or functional or neuropsychiatric outcomes with
comorbidity in individuals with LOAD. From the 7966 articles identified originally, 11 studies
were included in this review. The Newcastle-Ottawa quality assessment was used. The large
variation in progression measures, comorbidity indexes and study designs hampered the
ability to perform a meta-analysis.
Results:
Nine studies indicated that comorbidity burden was associated with deterioration in at
least one of the three dimensions of LOAD examined. Seven out of ten studies investigating
cognition found comorbidities to be related to decreased cognitive performance. Five out of
the seven studies investigating daily functioning showed an association between comorbidity
burden and decreased daily functioning. Neuropsychiatric symptoms (NPS) increased with
increasing comorbidity burden in two out of three studies investigating NPS. Associations
were predominantly found in studies analysing the association cross-sectionally, in a timevarying manner or across short follow-up (≤2 years). Rarely baseline comorbidity burden
appeared to be associated with outcomes in studies analysing progression over longer followup periods (>2 years).
Conclusion:
This review provides evidence of an association between somatic comorbidities and
multifaceted LOAD progression. Given that time-varying comorbidity burden, but much less
so baseline comorbidity burden, was associated with the three dimensions prospectively,
this relationship cannot be reduced to a simple cause-effect relation and is more likely to
be dynamic. Therefore, both future studies and clinical practice may benefit from regarding
comorbidity as a modifiable factor with a possibly ﬂuctuating inﬂuence on LOAD.
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INTRODUCTION
Dementia is typically defined as a clinical syndrome of cognitive decline that is suﬃciently
severe to interfere with social or occupational functioning.1 It is an umbrella term for a group
of cognitive disorders characterised by progressive decline in cognitive function interfering
with independently carrying out activities of daily life due to brain damage or disease, but
not related to delirium or depression.2 Alzheimer’s disease (AD) is the most common cause
of dementia in late life and accounts for 50-70% of the cases.3 AD is a neurodegenerative
syndrome characterised by multidimensional progression consisting of three core dimensions:
cognitive, functional and psychiatric symptoms,4 with functional symptoms being defined as
a decreased ability to independently perform daily life activities. Its prevalence is increasing
rapidly due to aging of most societies, though incidence seems to decline in people with high
educational levels in high income countries.5 This review focuses specifically on late-onset
Alzheimer’s disease (LOAD), which is defined as AD with an onset after 65 years of age. LOAD
is more prevalent and generally has a more slowly progressing course as compared to earlyonset AD.6
Currently it is impossible to provide patients and their families with a reliable prediction
of the course of their disease, as there is substantial variability in rates of decline among
individuals with LOAD.7 Knowing which factors are associated with decline would be useful
for understanding and slowing disease progression, as well as for individual prognosis.8
Potentially inﬂuential factors are comorbidities. Comorbidity is defined as any additional coexisting ailment in a patient with a particular index disease,9 in this case LOAD. It has been
shown that comorbidities are more prevalent among individuals with LOAD as compared
to demographically-matched controls.10 In addition, a review indicated that comorbidity
contributes to decline in LOAD.11 However, it is unclear exactly how comorbidities affect the
separate facets of LOAD, since many studies merely report relations between comorbidity
and one dimension of LOAD, despite the multifaceted nature of the syndrome.4 In order to
provide a multidimensional overview, this review investigates whether there is evidence for
an association between comorbid disease burden and cognitive, functional and psychiatric
symptoms in individuals with LOAD, both cross-sectionally and longitudinally.

3.1

METHODS
The articles were identified using the electronic databases Medline, EMBASE, PsycINFO and
Cochrane updated until January 2016. Comprehensive search strategies were developed
separately for each of the four databases. The keywords “Alzheimer” and “observational
studies” and “progression” and “comorbidity” were used in subsequent combinations with
either “cognition” or “daily functioning” or “behaviour disorders”, along with their synonyms.
In order to meet the inclusion criteria, articles had to examine cognitive or functional or
neuropsychiatric outcomes in relation to comorbidity in individuals diagnosed with LOAD (age
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65 or over at onset). No restriction for years of publication was used. In order to summarise
all available evidence on the association between comorbid disease burden and dementia
symptoms, both longitudinal and cross-sectional studies were included. Since this review
addresses somatic comorbid disease burden in general, the inﬂuence of individual diseases
is beyond the scope of this study. The protocol of this review was registered with PROSPERO
and can be accessed through DOI: 10.15124/CRD42015027046.
The database searches yielded 7954 articles and 12 papers were identified by other means:
the snowball method yielded seven articles and an additional search for grey literature in the
online databases OpenGrey, Open DOAR and Google Scholar resulted in the identification of
five new articles. From the total of 7966 articles originally identified, 4905 duplicates were
excluded. The title and abstract of the 3061 articles were independently screened by two
reviewers (L.R.V., M.L.H.) and 3014 articles were excluded for not meeting the inclusion
criteria. After that, another 36 studies were excluded based on full text assessment which
was performed in duplicate as well (L.R.V., M.L.H.). Discrepancies between the two reviewers
were resolved by a third reviewer (R.J.F.M.). The remaining 11 articles were critically
appraised, again by two independent reviewers (L.R.V., M.L.H.), using the Newcastle-Ottawa
quality assessment for cohort studies12 which assesses the selection of participants, methods
to control for confounding and assessment of the outcome. For cross-sectional studies, an
adapted version of the scale was used in which questions regarding follow-up were left out.
An overview of the selection process is provided in Figure 3.1.1. The first two authors of
this review (L.R.V. and M.L.H.) did not (co)author any of the included studies. J.S.L. is first
author of one of the included studies,13 as is R.J.F.M.14 Moreover, A.M., J.S.L., M.G.M.O.R. and
R.J.F.M. all co-authored one of the included studies.14-16
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3.1

Figure 3.1.1 Prisma Flow diagram

RESULTS
Out of the 47 studies deemed eligible after screening, 12 did not examine any LOAD dimension
as an outcome, 19 did not study the inﬂuence of comorbid disease burden and 5 did not focus
on LOAD. The remaining 11 articles included in this review were published between 1998
and 2015.13-23 An overview of these studies is provided in Table 3.1.1. The diagnosis criteria
used for LOAD were NINCDS-ADRDA (National Institute of Neurological and Communicative
Disorders and Stroke; Alzheimer’s Disease and Related Disorders Association)2 and/or
DSM (Diagnostic and Statistical Manual of Mental Disorders).24 Comorbid disease burden
was measured using the Cumulative Illness Rating Scale for Geriatrics (CIRS-G),25 Charlson
Comorbidity Index (CCI),26 General Medical Health Rating (GMHR),15 and some studies
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counted the comorbidities based on hospital records, physical examination and/or patient/
caregiver report. Although the comorbidity measures differed across studies, most studies
used a personal approach with either an interview or medical examination by a physician.
Five studies were cross-sectional and six were longitudinal studies with maximum follow-up
ranging from 1 to 12 years. The overall mean age of the participants across studies was 80.3
years (range: 69.9-86.0). After quality assessment, only one study was deemed to be of low
quality with a score below 50% due to lack of correction for confounding and unrepresentative
sampling.19 Adjustment for baseline age was unclear in two studies.15,19 Adjustment for
education was lacking or unclear in five studies examining cognition.16,17,19-21 Adjustment
for baseline symptoms of interest was unclear in one out of six longitudinal studies.19 An
overview of the quality assessment of all included studies is provided in Appendix 3.1.1.
Nine studies indicated that symptoms were worse in at least one of the three dimensions of
LOAD in individuals with increased comorbid disease burden, while two studies failed to find
an association. The following sections will address the results for three different dimensions
of LOAD.

Studies on global and cognitive abilities
Four cross-sectional and six longitudinal studies examined cognitive outcomes. An overview of
these studies, including their measurement scales and results is provided in Table 3.1.2. Eight
studies used the Mini-Mental State Examination (MMSE)27 to measure cognition, one used
the Global Deterioration Scale (GDS)28 and one used a composite score of neuropsychological
tests.16 The presence of comorbidities was related to decreased cognitive abilities in seven
out of the ten studies examining cognition. Three of these were cross-sectional and four were
longitudinal studies. In one of the longitudinal studies only time-varying comorbidity burden,
not time-invariant baseline comorbidity, was associated with decreased cognitive abilities
(Table 3.1.2).
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Leoutsakos et al. (2012)

Solomon et al. (2011)

Boksay et al. (2005)

Aguero-Torres et al. (1998)

Oosterveld et al. (2014)

Formiga et al. (2009)

Doraiswamy et al. (2002)

Tekin et al. (2001)

Lyketsos et al. (1999)

Author (year)

Population-based cohort
Utah, U.S.

85.9±6.3

Bucharest, Romania

75.4±8.2

N=230

Clinical cohort

New York, U.S.

N=102

Clinical cohort

69.9±3.2

Stockholm, Sweden

86.0±5.6

N=40

Population-based cohort

3 sites in the Netherlands

75.0±10.0

N=46

Clinical cohort

Barcelona, Spain

81.0±6.0

N=213

Clinical cohort

13 sites in 9 U.S. states

80.7±NA

N=289

Mixed cohort**

Los Angeles, U.S.

76.5±7.8

N=679

Clinical cohort

Baltimore, U.S.

N=143

Clinical cohort,

76.5±NA

Setting

Mean age±SD (yr)

N=344

Cohort

Participants

Table 3.1.1. Description of all selected studies

Pearson’s correlations

Pearson’s correlations and
stepwise linear regression with
baseline covariates

General Medical Health Rating
Independent assessment by
physician
Cumulative Illness Rating Scale for
Geriatrics
NA

Logistic regression with
baseline covariates

NA
Ordinal logistic regression for
categories of decline based
on annual rate of change with
baseline covariates

Cumulative Illness Rating Scale for
Geriatrics
Medical records, patients/
caregivers reports
General Medical Health Rating

NA

Comorbidity count

Presence of chronic condition (yes/ Linear regression for annual
no)
rate of change with baseline
covariates
Informant interview

Patient/caregiver interview, medical
records
Cumulative Illness Rating Scale for Pearson’s correlation and
Geriatrics
linear regression with baseline
covariates
Medical examination by physician

Cumulative Illness Rating Scale for
Geriatrics
Medical history and physical
examination
Charlson Comorbidity Index

Quadratic mixed models with
random effects for intercept
6 months (time-varying) Patient/caregiver interview, medical
and time including both
11 years (time-invariant) records
baseline and time-varying
covariates

Longitudinal

2 years

Longitudinal

4 years

Longitudinal

3 years

Longitudinal

NA

Cross-sectional

NA

Cross-sectional

NA

Cross-sectional

NA

Cross-sectional

NA

Cross-sectional

General Linear Model

Statistical analysis

Comorbidity measure

Measurement interval* Data source

Study design
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Clinical cohort
Nantes, France

83.3±5.4

Stockholm, Sweden

85.5±4.5

N=170

Population-based cohort

N=251

1 year

Longitudinal

3-12 years

Longitudinal

Note: * = Time between comorbidity measurement and analysed progression
** = clinical, retirement and nursing home population
N = number of participants included in the analysis; NA = information not available

Aubert et al. (2015)

Melis et al. (2013)

NA

Charlson Comorbidity Index

Presence of 0, 1 or ≥2 chronic
conditions
Stockholm Inpatient Register

Quadratic mixed models
with baseline covariates and
random effects for intercept
and time
Logistic regression with
baseline covariates
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Mini Mental State
Examination

Mini Mental State
Examination

Mini Mental State
Examination

Neuropsychological
assessment

Mini Mental State
Examination

Global Deterioration
Scale

Mini Mental State
Examination

Mini Mental State
Examination

Mini Mental State
Examination

Mini Mental State
Examination

Tekin et al.
(2001)

Doraiswamy et al.
(2002)

Formiga et al.
(2009)

Oosterveld et al.
(2014)

Aguero-Torres et al.
(1998)

Boksay et al.
(2005)

Solomon et al.
(2011)

Leoutsakos et al.
(2012)

Melis et al.
(2013)

Aubert et al.
(2015)

Longitudinal
3-12 years
Longitudinal
1 year

Study design
Measurement interval*
Cross-sectional
NA
Cross-sectional
NA
Cross-sectional
NA
Cross-sectional
NA
Longitudinal
3 years
Longitudinal
4 years
Longitudinal
2 years
Longitudinal
6 months (time-varying)
11 years (time-invariant)

Note: NA = Not available. SE = Standard Error. CI = 95% Confidence Interval
* Time between comorbidity measurement and analysed progression.
** For mixed models the interaction with the linear slope is reported.

Cognitive measure

Author (year)

Table 3.1.2 Description of studies on global and cognitive abilities

OR=1.30,
CI: 1.02–1.65, p=0.03

b=-0.27, p=0.17

β=0.23 (0.46), p=0.61

β=−1.07 (0.42), p=0.01

b=0.01, p=0.02

Mean ∆ = 2.1 (1.04),
p<0.05

b=-0.25 (0.64), p=0.69

r=−0.19, p<0.01

Higher Charlson Comorbidity Index was related to faster decline
in cognition

The presence of either 0, 1 or ≥2 comorbidities was not related
to cognition cross-sectionally nor longitudinally.

Lower General Medical Health Rating was related to decreased
cognitive abilities when analysed as a time-varying covariate,
but not when analysed as a time invariant baseline covariate

Higher Cumulative Illness Rating Scale for Geriatrics was related
to faster decline in cognition

The presence of a higher number of comorbidities was related
to a faster decline in cognition

The presence of a chronic condition was not related to changes
in cognition

Higher Cumulative Illness Rating Scale for Geriatrics was related
to poorer cognitive status

Higher Charlson Comorbidity Index was related to lower
cognitive status

Higher Cumulative Illness Rating Scale for Geriatrics was related
to lower cognitive status

R2 = 0.34, p<0.01
Mean ∆ = 0.2 (0.11),
p = 0.02

Cumulative Illness Rating Scale for Geriatrics was not related to
cognitive status

Results

NA

Estimate (SE) **
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Studies on daily functioning
Four cross-sectional and three longitudinal studies examined daily functioning. These studies
are summarised in Table 3.1.3. Functional impairment was measured using (instrumental)
Activities of Daily Living ((i)ADL)29 in four studies, the Clinical Dementia Rating Scale (CDR)30 in
one study, Health Utilities Index subscales31 in one study and the Psychogeriatric Dependency
Rating Scale (PGDRS)32 in one last study. Five out of the seven studies examining daily
functioning found comorbidities to be related to lower functional abilities. Three of these
were cross-sectional and two were longitudinal. In one of the longitudinal studies only timevarying comorbidity burden, not time-invariant baseline comorbidity burden, was associated
with functional decline.13 In the longitudinal study conducted by Melis et al. (2013) also a
cross-sectional association between baseline comorbidity burden and baseline functional
status was found.33 The two smallest studies (one longitudinal, one cross-sectional) did not
find an association.17,23

Studies on neuropsychiatric symptoms
As shown in Table 3.1.4, all three studies examining neuropsychiatric symptoms (NPS)
used the Neuropsychiatric Inventory (NPI).34 Two studies were cross-sectional and one was
longitudinal. Two studies (one cross-sectional, one longitudinal) found comorbidities to
be related to increased NPS. In the one longitudinal study, only time-varying comorbidity
burden, not time-invariant baseline comorbidity burden, was associated with more NPS. One
cross-sectional study found no association.17
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(instrumental) Activities of
Daily Living

Subscale for self-care of the
Health Utilities Index

(instrumental)
Activities of Daily Living

(instrumental) Activities of
Daily Living

Clinical Dementia Rating sum
of boxes

Tekin et al.
(2001)

Doraiswamy et al.
(2002)

Oosterveld et al.
(2014)

Solomon et al. (2011)

Leoutsakos et al.
(2012)

OR=2.7, CI: 0.7-9.6

Longitudinal
3-12 years

b=0.34, p=0.01

Higher Cumulative Illness Rating Scale for Geriatrics
tended to be related to increased decline in functioning,
but this was not significant
Lower General Medical Health Rating was related to
decreased functioning when analysing it as a time-varying
covariate, but not when using it as a time invariant
baseline covariate
Presence of ≥2 chronic conditions at baseline was crosssectionally related to lower baseline functional status and
also longitudinally to faster decline in functioning

Higher Cumulative Illness Rating Scale for Geriatrics was
related to lower functional status

Higher Cumulative Illness Rating Scale for Geriatrics was
related to greater functional impairment

R2=0.47, p<0.01
r=−0.37, p<0.01

Cumulative Illness Rating Scale for Geriatrics was not
related to functioning

Lower General Medical Health Rating was related to
increased functional impairment

Results

r=0.10, p=0.99

β=-4.1 (0.68), p<0.01

Estimate (SE) **

Longitudinal
6 months (time-varying) β=1.79 (0.34), p<0.01
11 years (time-invariant) β=−0.51 (0.34), p=0.13

Study design
Measurement interval*
Cross-sectional
NA
Cross-sectional
NA
Cross-sectional
NA
Cross-sectional
NA
Longitudinal
2 years

Note: NA = Not available. SE = Standard Error. CI = 95% Confidence Interval.
* Time between comorbidity measurement and analysed progression.
** For mixed models the interaction with the linear slope is reported.

Activities of Daily Living

Psychogeriatric Dependency
Rating Scale

Lyketsos et al. (1999)

Melis et al.
(2013)

Daily functioning measure

Author (year)

Table 3.1.3 Description of studies on daily functioning
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Table 3.1.4 Description of studies on neuropsychiatric symptoms
Author (year)
Tekin et al.
(2001)

Neuropsychiatric Study design
measure
Measurement interval*
Neuropsychiatric Cross-sectional
Inventory
NA

Oosterveld et al.
(2014)

Neuropsychiatric
Inventory

Cross-sectional
NA

Leoutsakos et al.
(2012)

Neuropsychiatric
Inventory

Longitudinal
6 months (time-varying)
11 years (time-invariant)

Estimate (SE) **

Results

R = 0.21, p<0.05

Cumulative Illness Rating
Scale for Geriatrics
was not related to
neuropsychiatric
symptoms
R = 0.20, p<0.01
Higher Cumulative
Illness Rating Scale for
Geriatrics was related to
more neuropsychiatric
symptoms
Lower General Medical
4.57 (1.80), p=0.01 Health Rating was related
0.93 (1.05), p=0.38 to more neuropsychiatric
symptoms when
analysed as a timevarying covariate, but
not when analysed as a
time invariant baseline
covariate

Note: NA = not available. SE = Standard Error.
* Time between comorbidity measurement and analysed progression.
** For mixed models the interaction with the linear slope is reported.

DISCUSSION
Discussion of the current scientiﬁc evidence
Although the total evidence available for this review was limited, the main finding was
that increased somatic comorbid disease burden was associated with increased cognitive,
functional and neuropsychiatric symptoms in LOAD. Nine studies showed an association
between comorbid disease burden and LOAD symptoms, while only two studies found no
association. Primarily cross-sectional associations were found between comorbidity burden
and the three dimensions of LOAD. In the prospective studies, evidence for longitudinal
associations between baseline comorbidity burden and LOAD progression was inconsistent.
Only three studies examined all dimensions of LOAD simultaneously and two of these found
associations between comorbidity burden and all dimensions of LOAD.13,16 The third study, by
Tekin et al., was cross-sectional and did not find any associations at all.17 It was argued that
the associations were possibly obscured by the relatively low levels of comorbidity (mean±SD
CIRS-G: 5.8±3.0) and the young age (mean±SD: 76.5±7.8 years) of the study population.
Only one study evaluated time-varying associations and found all three dimensions to be
associated with time-varying comorbidity burden.
Seven out of ten studies examining cognitive abilities found a significant association between
increased comorbid disease burden and lower cognitive abilities. Of the three studies which
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found no association, two were longitudinal and conducted in the same cohort.14,22 The third
was the study by Tekin et al. (2001) mentioned previously.17 Five out of seven studies examining
daily functioning found decreased functional status to be associated with comorbid disease
burden. The two negative studies were the study by Tekin et al. (2001) and the smallest
study on daily functioning by Solomon et al., which detected a non-significant trend.17,23 Two
out of three studies examining NPS found comorbidities to be related to increased NPS. The
negative study once again being the study by Tekin et al. (2001).17
The overall quality of the available evidence was rated as high according to the NewcastleOttawa quality assessment (Appendix 3.1.1), with the exception of one study of which the
results should be interpreted with caution.19 It should be noted that this assessment does not
distinguish between longitudinal and cross-sectional studies and that 5 out of the 11 studies
in this review were cross-sectional. The (reporting of) adjustment for confounders was found
to be inconsistent across studies and although most studies adjusted for age, the correction
for education was far less common. It is worth mentioning that the quality assessment does
not assess the studies’ sample size (Table 3.1.1) and although it takes follow-up rate at the
end of the study into account, the length of the study is ignored, while these two things are
clearly related.
Altogether, the majority of the studies in this review suggest that comorbidity contributes
to a (more rapid) worsening of symptoms in LOAD, which is in accordance with a broader
conceptualisation of LOAD as the consequence of a dynamic interaction of disease-related
and individual factors.35 However, the association between comorbidity burden and LOAD
progression cannot be reduced to a linear causal relation where exposures to higher levels of
comorbidity burden are linked prospectively to dementia outcomes. Rather their relation is
more complex and dynamic. We will expand on this in the next paragraph.

3.1

Observing associations over time
The study by Leoutsakos et al. (2012) was the only study that used both time-invariant
and time-varying covariates, while the other studies analysed comorbid disease burden
as a baseline, time-invariant predictor only. Analysing comorbid disease burden as a timevarying covariate means looking at the relationship between comorbidity and LOAD facets
at corresponding points over time. Comparing these two analysis approaches offered an
interesting perspective; when analysing the association between baseline medical health
rating and subsequent LOAD progression no significant relationship was found, however,
upon examination of the rating as a time-varying covariate, a clear association with cognitive,
functional and psychiatric progression emerged.13 Based on these results Leoutsakos et
al. (2012) postulated that the association between comorbid disease burden and LOAD
progression is an immediate, proximal one; how patients are doing on the facets of LOAD at
a given point in time is affected by their health at that time.
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The results of this review provide support for this notion, since associations were predominantly
found in studies analysing cross-sectional associations or near future progression and were
rarely observed in studies analysing progression in the distant future. For example, when
examining the studies on comorbidity and cognition, six out of seven studies reporting an
association measured cognition cross-sectionally or in the near future. In other words, the
time between comorbidity measurement and analysed symptoms (from now on referred
to as ‘measurement interval’) in these studies was shorter than 2 years (Table 3.1.1). For
the extent to which longitudinal studies with measurement intervals longer than 2 years
were available,13,14,19,22 the evidence for associations between baseline comorbidity burden
and cognitive progression was lacking. A possible explanation for this pattern could be that
comorbidity status ﬂuctuates, which could dilute the relationship between baseline comorbid
disease burden and cognitive progression over time.
In short, the association of comorbidity and cognition appears to be time-varying, i.e. dynamic.
This hypothesis is supported by previous studies with a more specific scope of vascular
co-morbidities, which found associations between change in comorbidity measures and
progression of cognitive impairment.36-38 Using comorbidity as a time-varying covariate could
possibly elucidate the relationship with progression by taking ﬂuctuations in comorbidity
status across follow-up into account. Although it is generally accepted that proving causality
is hardly possible in observational studies, it must be noted that this is particularly so in timevarying analysis, since the establishment of a temporal relationship is impossible. Another
important methodological consequence of studying occurrence relations in a time-varying
way is that levels of exposure to possible risk factors need to be established at all follow-ups.
This predictor information may not be available at follow-up assessments or be assessed with
less rigor or detail in cohort studies.

Potential mechanisms of the effect of comorbidity
The potential mechanisms through which comorbidity may affect the different dimensions
of LOAD are numerous. For example, comorbidity is often associated with increased stress
levels and it has been shown that stressful experiences are associated with increased risk of
dementia, possibly through an imbalance in the adrenocortical axis.3 A study in mice showed
that short stress simulating conditions may exacerbate cognitive deficits in preclinical LOAD
by accelerating amyloid pathology and reducing synapse numbers.39 Another common
feature of comorbidity is disrupted sleep, which is known to increase the risk of cognitive
impairment.40 Especially in people with LOAD, sleep deprivation may contribute to worse
cognitive function and more NPS, since LOAD itself is already associated with a delay in
circadian phase.41,42 In line with our findings, a detrimental inﬂuence of comorbidities on
cognition was also observed in people with Parkinson’s disease.43 A prospective study
including 294 elderly showed that excessive polypharmacy, a logical consequence of
increased comorbid disease burden, is also associated with decreased cognitive capacity.7
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Moreover, polypharmacy has been found to contribute to functional decline in communitydwelling patients with LOAD.44 The fact that comorbid disease burden appears to be
positively associated with both cognitive and functional decline is not surprising given the
two are strongly related in LOAD.1 In fact, functional impairment in AD appears to follow
cognitive impairment temporally.45,46 Impaired daily functioning, in turn, may decrease the
amount of leisure and social activities, which are known to be protective against cognitive
decline,47 or lower levels of other healthy behavioursand self-care. Similar mechanisms as
stated in the previous paragraph could therefore drive the patient into a negative spiral of
both functional and cognitive deterioration. A relationship between disease burden and daily
functioning was also observed in several large population-based studies in healthy elderly.48
This indicates that comorbid conditions may lead to functional impairment irrespective of
LOAD diagnosis, for example through conditions affecting mobility. Although the number of
studies supporting an association between comorbidities and increased NPS in LOAD is small,
multiple studies in different populations support the relation between increased comorbid
disease burden and psychiatric disorders such as anxiety and depression.8,49 The cognitive
and functional consequences of increased comorbid disease burden are likely to contribute
to social deprivation and stress, which were found to be significant predictors of psychosis
and depression.50

3.1

Comparability of included studies
During the critical appraisal of the studies, some methodological challenges emerged. The
divergent sampling frame was one of them. Three of the studies were population-based, while
seven used a clinical sample and one study sample was obtained in multiple settings (Table
3.1.1). Although heterogeneity can increase external validity, differences in study setting can
also potentially inﬂuence the results due to differences in case-mix. However, comparing
the population based and non-population-based studies which analysed similar dimensions,
no pattern of discrepancy was found in the results. Thus, the association between somatic
comorbidities and progression appears to be independent of study setting.
Differences in inclusion criteria among studies could also affect the case-mix and therefore
hinder comparability between studies. Only the study by Boksay et al. (2005) used stringent
criteria by excluding patients with history of various comorbidities, which might hamper
comparability, along with its small sample size and lack of correction for age, education and
baseline cognitive status in its analyses.
Four studies did not analyse results for LOAD separately from other dementia types.14,15,20,22
Since all four studies reported the majority of their sample to be suffering from LOAD and
their results appeared to be in accordance with the other studies included, this probably had
only minor inﬂuence on our results.
Given the high quality of the cross-sectional studies, we decided to include both longitudinal
and cross-sectional studies in this review to provide an integrated overview of all available
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studies on this topic. Although the cross-sectional studies do not address disease progression
over time, they were mostly in line with the longitudinal studies using measurement intervals
≤2 years.

Strengths and limitations
One of the strengths of this review is its multidimensional approach. As it is unambiguous
that patients also experience impairment in their activities of daily living and behavioural
changes, LOAD cannot be defined as cognitive impairment alone.4 The narrow approach of
LOAD progression adopted in many studies is therefore worrisome. By taking into account all
three dimensions this review provides a more comprehensive perspective on LOAD.
A limitation of this review is the large variation in progression measures, comorbidity
indexes, data sources and study designs of the included studies (Table 3.1.1), which hampers
quantification of the association between comorbid disease burden and progression. The
differences between study populations also pose a problem, given the large heterogeneity
in age, gender, stage of LOAD and medication use. Moreover, it is questionable whether all
measures of a certain dimension truly reﬂect the same construct or whether the comorbidity
measures were sensitive enough to capture comorbidity burden with suﬃcient detail.
Therefore, no meta-analysis could be performed.
Another limitation of this review is that none of its studies took the onset or duration of
comorbidities into account. It might be not so much the amount or severity of the comorbidity
burden that is relevant, but rather the length of the exposure to comorbidity burden. Without
this information, this hypothesis is impossible to be verified or refuted. Given that dementia
has a long period of insidious onset, reverse causation cannot be ruled out, not even in the
studies which focused on the effect of comorbidity burden at the point where LOAD became
incident.
In contrast to many other studies which focus on a single comorbid condition, this review
aimed to examine the relation of overall somatic comorbid disease burden with LOAD
progression, providing a more generalisable overview. However, a drawback of using scales
for overall comorbid disease burden is the potential circularity in the studies examining
NPS, caused by the presence of a psychiatric domain in some of the comorbidity measures,
such as CIRS-G. The choice to study overall comorbidity burden also renders it impossible to
draw conclusions about individual comorbidities. Understanding the mechanisms of and the
extent to which singular comorbidities affect the course of LOAD might enable us to slow
down multidimensional progression and provide a more individualised prognosis. However,
this was beyond the scope of this review.
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CONCLUSION
It is evident that cognitive, functional and psychiatric decline should be addressed
simultaneously to obtain a more comprehensive understanding of LOAD progression. One
of our first observations is that, although highly relevant, only three studies have addressed
these three dimensions of LOAD simultaneously. Therefore, additional multidimensional
longitudinal studies are needed to provide a scientific basis for evidence-based care of the
growing number of individuals affected with LOAD and comorbid diseases.
This review provides evidence of an association between somatic comorbidities and
multifaceted LOAD progression. Given that comorbid disease burden at a given time point
seems to be associated with LOAD facets around that same moment, while not in the long
term, it seems likely that there is a dynamic relationship between comorbid disease burden
and LOAD progression.
With comorbidity burden being a possibly modifiable factor contributing to LOAD, these
results stress the importance of optimal treatment and monitoring of comorbidities in
people with LOAD. Monitoring progression might be particularly important in case somatic
comorbidities manifest after LOAD onset, given the association between comorbidities and
LOAD progression in the near future. Prevention and accurate treatment of comorbidities by
health care professionals may prevent rapid progression of LOAD.
Moreover, this review emphasizes the relevance of taking comorbidity burden into account
when investigating LOAD progression, not only at diagnosis, but also at follow-up. Future
studies might gain more knowledge by considering the possibility of a dynamic interconnection
between comorbid disease burden and LOAD progression, by means of repeatedly measuring
comorbidity status from the preclinical phase of LOAD onwards and analysing it as a timevarying covariate.
Concluding, there is a clear association between comorbid disease burden and LOAD
progression and this association cannot be reduced to a simple, linear cause-effect relation.
Therefore, both future studies and clinical practice may benefit from regarding comorbidity
as a modifiable factor with a possibly ﬂuctuating inﬂuence on LOAD.
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ABSTRACT
Objective:
We studied the inﬂuence of a changing patient context on disease course by comparing the
association of dementia progression with respectively baseline comorbidity and frailty, and
time-varying comorbidity and frailty.
Study Design and Setting:
We used individual growth models to study baseline and time-varying associations in newly
diagnosed dementia patients (N=331) followed for three years. We measured cognition
using the Mini Mental State Examination (MMSE) and daily functioning using the Disability
Assessment for Dementia (DAD). Frailty was measured using the Fried criteria and comorbidity
using the Cumulative Illness Rating Scale for Geriatrics (CIRS-G).
Results:
Although baseline comorbidity and frailty were associated with decreased daily functioning
at diagnosis, their effects clearly diminished over time. In contrast, when incorporating
comorbidity and frailty as time-varying covariates, they were strongly associated with
persistent declines in both cognition and daily functioning. Being frail was associated with
a 0.9-point lower MMSE score (p=.03) and a 14.9-point lower DAD score (p<.01) per year. A
1-point increase in CIRS-G score was associated with a 1.1-point lower DAD score (p<.01) per
year.
Conclusion:
Time-varying comorbidity and frailty were strongly associated with dementia disease course,
while baseline comorbidity and frailty were not. Therefore, modelling only baseline predictors
is insuﬃcient for understanding the course of dementia in a changing patient context.
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INTRODUCTION
Much remains unknown about the group of symptoms described as dementia and their burden
to patients, their loved ones and society. Alzheimer’s disease accounts for 60 to 80 percent of
dementia cases. There are no therapies available that can counter disease progression, and
knowledge advancement is slow. One of the challenges is the significant heterogeneity that
is seen in dementia disease trajectories.1-4 This heterogeneity complicates the forecasting of
an accurate disease prognosis. It is one of the barriers that clinicians encounter in advance
care planning,5,6 and stands in the way of personalised care provision. However it may also
provide avenues for better care, if we could understand why some people show milder and
slower decline than others.
Part of the heterogeneity may be explained by disease-related factors, such as sub-type of
dementia. Other factors are patient-related and more contextual.7 Among these are frailty
and comorbidity, both common in people with dementia. Few studies so far have focused
on exploring the role of patient factors in dementia disease progression as most research is
focused on disease-related factors.8 The studies that have focused on the inﬂuence of patient
factors on disease course have yielded inconsistent results.9-12
This inconclusiveness may be aggravated by the fact that some of studies have overlooked
important aspects of clinical manifestation by defining dementia disease progression only in
terms of cognitive decline.8,13 As dementia is characterised by changes in daily functioning as
well, a multidimensional definition of disease progression is recommended.1,12,13 Moreover,
previous studies1,11 generally failed to consider the impact of ﬂuctuating health variables on
disease progression. Especially in elderly people, both comorbidity and frailty status can vary,
contributing to a dynamic relationship with disease progression.6,12,14,15 The changing nature
of such patient characteristics should be considered when analysing their association with
disease progression, for instance by incorporating them as time-varying variables in multilevel
models of change.16 This is supported by previous research that demonstrated that although
baseline comorbidity was not associated with progression of Alzheimer’s disease, there was a
time-varying association between these two measures. This means that disease progression
at a particular time-point was associated with comorbidity burden at that same time-point.6
In light of this, the present study aims to investigate the associations of both baseline and
time-varying comorbidity and frailty with dementia progression, measured through daily
functioning and cognition in a clinical sample of newly diagnosed patients. Given that patient
factors also change during the progression of dementia, we hypothesize that baseline
comorbidity and frailty are likely less associated with disease progression, as compared to
time-varying comorbidity and frailty.

3.2

93

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 93

Chapter 3.2

METHODS
Participants
Data from the longitudinal, prospective Clinical Course of Cognition and Comorbidity in
Dementia (4C) study were used.7 Inclusion criteria for the cohort were objective cognitive
impairments, fulfilment of the DSM-IV diagnosis criteria for dementia,17 a Clinical Dementia
Rating higher than 0.5, and a Mini Mental State Examination (MMSE) score equal to or higher
than 10. No constraints were put on age or comorbidity.18 The dataset contains the records
of 331 patients who were included in the study upon a clinical diagnosis of mild to moderate
dementia in 2009-201117 in the Alzheimer Centres of Amsterdam, Maastricht and Nijmegen,
the Netherlands. Following inclusion, all participants were contacted once a year for three
consecutive years. Three local ethics committees approved the study. More extensive
information on the cohort can be found in the article by Liao et al.7
Outcomes
The main outcome of this study is disease progression, measured multidimensionally by
measures of cognition and daily functioning. Cognition was measured using the MMSE.19 The
MMSE score ranges from 0 to 30. A higher score equals better cognitive functioning. Daily
functioning was quantified using the Disability Assessment for Dementia (DAD) score.20 The
DAD score assesses both basic activities of daily living (ADL) and instrumental activities of
daily living (iADL). The total score is the percentage of all of the activities considered that a
patient is able to perform. A higher score equals better daily functioning.
Independent variables of interest
To quantify comorbidity the Cumulative Illness Rating Scale for Geriatrics (CIRS-G) was used.
The CIRS-G measures severity of chronic morbidity in fourteen disease categories.21 Every
category is scored from 0 to 4 to represent the disease burden. A higher score represents
a higher burden of morbidity. For this study the disease category ‘psychiatric’ was excluded
in order to prevent overlap with the outcome measures of dementia progression (range: 0 52). Frailty was quantified using the Fried criteria22 (frail/not frail) and a Frailty Index (FI)23,24
(range: 0-1). The Fried criteria describe frailty by scoring five different areas associated with
the frailty phenotype.22 According to the Fried criteria, a person is frail when fulfilling at least
three out of the following five criteria: unintentional weight loss, slow gait speed, self-reported
exhaustion, low energy expenditure, and weak grip strength.25 The FI operationalises frailty as
an accumulation of health deficits covering multiple domains. A higher score indicates more
frailty.24 In this study, the method described by Searle et al.23 was used to develop an FI. To
prevent overlap between determinants and outcomes we did not include any items from the
MMSE, DAD or CIRS-G in the FI. A list of all 22 deficits used in the FI in this study can be found
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in Appendix 3.2.1. Scores were calculated if a patient had answered a minimum of 14 of the
deficits used.

Statistical analysis
Individual growth models were used to study the effects of comorbidity and frailty on
change in cognition and daily functioning. Time was measured in years from the moment
of diagnosis onwards. Firstly, unconditional growth models were built to test whether linear
growth or curvilinear growth best explained within-person change over time. Random
terms for intercept and slope were added, as these improved model fit. Next, independent
variables of interest were added to the models to assess whether they significantly (α < 0.05)
explained the between-person variance.26 Separate models were built for the two different
outcome measurements; MMSE and DAD. Comorbidity and Fried frailty were included using
two different approaches: they were included as either time-invariant variables (measured
at diagnosis) and their interactions with time, or as time-varying covariates. Two models with
two different approaches hence resulted in four individual growth models. In all four models
the intercept, slope and quadratic slope were adjusted for baseline age, gender and whether
a person had had a low education, defined as having finished only primary education.27 All
of the covariates were mean-centered. We verified assumptions of homoscedasticity and
normality of errors through inspection of residual plots. Mean growth curves were plotted
for each of the individual growth models, representing the trajectory of an average 75-year
old patient with dementia. In addition, growth curves for the average patient with ±1 point
of Fried frailty and for the average patient with ±4 points on the CIRS-G scale were added to
graphically demonstrate the covariates’ effects. As an additional analysis, we also built two
models (one for each of our two outcomes; MMSE and DAD), including the effects of frailty
as operationalised by the FI. SAS version 9.2 was used to perform all statistical analyses. R
version 3.4.3 was used to produce the plots.
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RESULTS
Baseline characteristics
Baseline characteristics of the study population can be found in Table 3.2.1. The mean age
of the population was 74.9 (SD=10.2) years. The majority of the sample was female (55%).
Mean follow-up was 1.8 (SD=1.3) years, and 22% of the sample had only finished primary
education. As for the outcome scores at baseline, the mean MMSE score was 21.9 (SD=3.7),
ranging from 11 to 30, while the mean DAD score was 71% (SD=24%), and ranged from 3 to
100%. Both of these outcomes decreased over time.

Table 3.2.1. Baseline and follow-up characteristics
Baseline
Female sex; N (%)

181 (54.7)

Age (years); mean (sd)

74.9 (10.2)

Follow up (years); mean (sd)

1.8 (1.3)

Low education; N (%)

74 (22.4)

Dementia type; N (%)
Alzheimer’s disease
Vascular dementia
Other

CIRS-G score; mean (SD)
N with comorbidity (%)
1 comorbidity; N (%)
2 comorbidities; N (%)
≥ 3 comorbidities; N (%)
Fried frailty; mean (SD)
N with Fried frailty (%)
≤1; N (%)
2; N (%)
≥3; N (%)
Frailty index; mean (SD)
N with FI calculated (%)
≤0.08; N (%)
0.08 – 0.25 ; N (%);
≥0.25; N (%)
MMSE; mean (SD)

216 (65)
71 (21)
44 (13)
Baseline
N=331
7.5 (4.5)
269 (81.3)
69 (25.7)
55 (20.4)
145 (53.9)
1.2 (1.2)
325 (98.2)
224 (68.9)
55 (16.9)
46 (14.2)
0.31 (0.14)
331 (100.0)
13 (3.9)
108 (32.6)
210 (63.5)
21.9 (3.7)

12 months
N=202
6.1 (4.5)
153 (46.2)
52 (34.0)
32 (20.9)
69 (45.1)
1.0 (1.0)
212 (64.0)
151 (71.2)
41 (19.3)
20 (9.4)
0.31 (0.14)
222 (67.1)
4 (1.8)
78 (35.1)
140 (63.1)
21.0 (5.1)

24 months
N=127
5.9 (4.1)
120 (36.3)
41 (34.2)
32 (26.7)
47 (39.2)
1.2 (1.0)
150 (45.3)
104 (69.3)
28 (18.7)
18 (12.0)
0.23 (0.12)
158 (47.7)
15 (9.5)
75 (47.5)
68 (43.0)
19.1 (5.8)

36 months
N=112
7.0 (4.8)
116 (35.0)
37 (31.9)
24 (20.7)
55 (47.4)
1.2 (1.1)
107 (32.3)
75 (70.0)
16 (15.0)
16 (15.0)
0.30 (0.21)
145 (43.8)
13 (9.0)
54 (37.2)
78 (53.8)
18.3 (5.9)

DAD; mean (SD)

70.8 (24.1)

68.6 (24.5)

59.1 (27.4)

48.2 (27.0)

Note: CIRS-G = Cumulative Illness Rating Scale for Geriatrics (range: 0-52); Frailty Index (range 0-1); MMSE = Mini
Mental State Examination (range: 0-30); DAD = Disability Assessment for Dementia (0-100%)
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There was considerable variability in frailty and comorbidity over time within individuals,
as shown in Table 3.2.1. At baseline, 269 patients (82.1%) reported comorbidity. The mean
CIRS-G at baseline was 7.5 (SD=4.5), ranging from 0 to 25. A state of frailty or non-frailty
according to the Fried criteria could be determined for 325 patients (98.2%) at baseline. At
baseline most people in the sample (68.9%) were non-frail. Across all follow-up measurements,
patients most often had 3 or more comorbidities, rather than 1 or 2 (Table 3.2.2). Regardless
of number of comorbidities, patients most often reported vascular comorbidity (N=170).

Table 3.2.2. Affected organ systems in patients having either 1, 2 or ≥ 3 comorbidities at baseline, N (%)

Heart
Vascular
Hematopoietic
Respiratory
Eyes/ears/nose/throat
Upper gastrointestinal
Lower gastrointestinal
Liver
Renal
Genitourinary
Neuromuscular
Neurological
Endocrine

1 chronic disease
(%)*
N= 69 (20.8)
2 (2.9)
24 (34.8)
1 (1.4)
5 (7.2)
9 (13.0)
1 (1.4)
2 (2.9)
0 (0)
0 (0)
7 (10.1)
5 (7.2)
4 (5.8)
9 (13.0)

2 chronic diseases
(%)*
N=55 (16.6)
13 (23.6)
32 (58.2)
0 (0)
12 (21.8)
5 (9.1)
5 (9.1)
6 (10.9)
6 (10.9)
1 (1.8)
7 (12.7)
9 (16.4)
8 (14.5)
6 (10.9)

≥ 3 chronic diseases
(%)*
N=145 (43.8)
75 (51.7)
114 (78.6)
24 (16.6)
37 (25.5)
58 (40.0)
37 (25.5)
27 (18.6)
15 (10.3)
18 (12.4)
61 (42.1)
56 (38.6)
36 (24.8)
44 (30.3)

Total (%)*
N=269 (81.2)
90 (33.5)
170 (63.2)
25 (9.3)
54 (20.1)
72 (26.8)
43 (16.0)
35 (13.0)
21 (7.8)
19 (7.1)
75 (27.9)
70 (26.0)
48 (17.8)
59 (21.9)

3.2

Note: * = column percentage;

Individual growth models
After modelling the within-person change over time in unconditional growth models, it
became apparent that the best fitting models were curvilinear, and contained a random
intercept and random linear slope. A random quadratic slope was tested but did not improve
model fit. An unconditional growth model, as well as two conditional growth models for
change in MMSE, are shown in Table 3.2.3. Similarly, three models for change in DAD are
reported in Table 3.2.4.
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Table 3.2.3. Multilevel models of change in cognition (MMSE)
Model 1: Unconditional
growth model

Model 2: Effects of
Model 3: Effects of timebaseline comorbidity and varying comorbidity and
frailty *
frailty *

B (SE)

p-value

Β (SE)

p-value

B (SE)

p-value

22.0 (0.21)

<.01

22.5 (0.32)

<.01

22. 6 (0.32)

<.01

Baseline CIRS-G

-0.02 (0.05)

0.70

Baseline frailty

-0.7 (0.64)

0.28

Time-varying CIRS-G

-0.02 (0.04)

0.60

Time-varying frailty

-0.9 (0.42)

0.03

-0.9 (0.45)

0.06

-0.4 (0.14)

<.01

Fixed Effects
Intercept predictors
Intercept

Slope predictors
Follow-up year

-0.8 (0.44)

0.09

Baseline CIRS-G

-1.2 (0.28)

<.01

0.1 (0.07)

0.29

Baseline frailty

-0.9 (1.09)

0.28

Quadratic slope predictors
Follow-up year

-0.5 (0.13)

<.01

Baseline CIRS-G

-0.3 (0.09)

0.00

-0.02 (0.02)

0.38

Baseline frailty

0.4 (0.37)

0.32

Random effects
Initial MMSE

9.6 (1.15)

<.01

9.1 (1.09)

<.01

9.1 (1.14)

<.01

Covariance

1.9 (0.66)

<.01

1.9 (0.63)

<.01

1.7 (0.68)

0.01

Rate of change

4.0 (0.69)

<.01

3.9 (0.69)

<.01

4.1 (0.74)

<.01

Residual

5.1 (0.47)

<.01

4.9 (0.45)

<.01

5.0 (0.50)

<.01

Note: * Intercept, slope and quadratic slope have been corrected for baseline age, gender and low education. Frailty
was defined according to the Fried criteria.22

Cognition
As can be seen from the unconditional growth model (model 1) in Table 3.2.3, cognitive
function as measured by the MMSE score declined over time. This decline became steeper
over time, as shown by the quadratic slope. Both baseline comorbidity and baseline frailty
showed no association with cognition (model 2). However, there was an association between
time-varying frailty status and cognition (model 3). Being classified as frail as opposed to
not frail by the Fried criteria was associated with a 0.9 lower MMSE score at each time
point (p=0.03). There was no evidence for an association between time-varying comorbidity
and cognitive decline. The findings of the multilevel models of change in cognition are
summarised in Figure 3.2.1. The mean growth curves represent the MMSE trajectory of an
average 75-year old patient with dementia. In addition, growth curves for the average patient
with ±1 point of Fried frailty and for the average patient with ±4 points on the CIRS-G scale
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were added to graphically demonstrate the covariates’ effects. The MMSE models and graphs
including the FI to operationalise frailty can be found in Appendix 3.2.2.

3.2

Figure 3.2.1. Mean growth curves (yellow) for cognitive function (MMSE) over time representing the trajectory of an
average 75-year old patient with dementia (time=0 represents dementia diagnosis). Growth curves for the average
patient with ±1 point of Fried frailty, incorporated as a continuous variable (range: 0-4) for the purpose of this graph,
are shown in red. Growth curves for the average patient with ±4 points on the CIRS-G scale are depicted in blue. The
left panel shows the model including time-invariant (baseline) covariates; the right panel shows the model including
time-varying covariates.

Daily Functioning
From the unconditional growth model (model 4) in Table 3.2.4, which describes change in
daily functioning over time, it is apparent that daily functioning decreased over time and that
this effect becomes more pronounced over time, as shown by the significant quadratic slope.
In the time-invariant model (model 5), Fried frailty at baseline was associated with a 19.6%
(p<0.01) lower daily functioning score at baseline. Similarly, a 1-point increase in baseline
CIRS-G score results in a 1.2% lower DAD score (p<0.01) at baseline. However, both baseline
frailty status and comorbidity were not associated with change in daily functioning over time
in the long term. Although there initially appears to be an effect of baseline comorbidity
on the linear slope of the DAD (1.1% per CIRS-G point per year, p<.01), this effect clearly
diminished over time, as it was offset by a lower baseline DAD (-1.2 per point CIRS-G, p<.01)
and the negative quadratic slope (-0.3 per point CIRS-G per year, p=0.02).
In the time-varying model (model 6), an increase in time-varying comorbidity score and being
classified as frail were both associated with lower DAD scores at each time-point (-1.1 per
point CIRS-G, p<0.01, and -14.9, p<0.01, respectively).
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Table 3.2.4. Multilevel models of change in daily functioning (DAD)

Fixed Effects

Model 4: Unconditional
growth model
B (SE)
p-value

Model 5: Effects of baseline Model 6: Effects of time-varying
comorbidity and frailty *
comorbidity and frailty *
Β (SE)
p-value
B (SE)
p-value

Intercept predictors
75.1 (1.85)

<.01

Baseline CIRS-G

Intercept

71.1 (1.33)

<.01

-1.2 (0.29)

<.01

74.3 (1.80)

<.01

Baseline frailty
Time-varying CIRS-G

-19.6 (3.68)

<.01
-1.1 (0.23)

<.01

Time-varying frailty

-14.9 (2.25)

<.01

-4.1 (2.32)

0.08

-1.1 (0.75)

0.16

Slope predictors
Follow-up year

-3.2 (2.34)

0.17

Baseline CIRS-G

-3.6 (1.51)

0.02

1.1 (0.38)

<.01

Baseline frailty

8.9 (5.52)

0.11

-2.3 (0.74)

<.01

Baseline CIRS-G

-0.3 (0.12)

0.02

Baseline frailty

-1.1 (1.88)

0.56

287.8 (35.04)

<.01

Quadratic slope predictors
Follow-up year

-2.0 (0.46)

<.01

Random effects
Initial DAD

411.3 (45.1)

<.01

295.0 (36.19)

<.01

Covariance

-40.8 (18.32)

0.04

-19.6 (16.08)

0.22

-21.9 (17.52)

0.21

Rate of change

68.7 (13.10)

<.01

63.7 (12.17)

<.01

66.5 (13.87)

<.01

Residual

170.1 (14.60)

<.01

163.3 (13.91)

<.01

150.8 (14.50)

<.01

Note: * Intercept, slope and quadratic slope have been corrected for baseline age, gender and low education. Frailty
was defined according to the Fried criteria.22

These findings are summarised in mean growth curves in Figure 3.2.2. The mean growth
curves represent the DAD trajectory of an average 75-year old patient with dementia. In
addition, growth curves for the average patient with ±1 point of Fried frailty and for the
average patient with ±4 points on the CIRS-G scale were added to graphically demonstrate the
covariates’ effects. These graphs depict how using only baseline measurements attenuates
the relationship between the predictors and change in daily functioning (left panel). A
more persistent effect is observed when using time-varying predictors, i.e. when updating
covariates at each time-point (right panel). The DAD models and graphs including the FI to
operationalise frailty can be found in Appendix 3.2.2.
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3.2
Figure 3.2.2. Mean growth curves (yellow) for daily functioning (DAD) over time, representing the trajectory of an
average 75-year old patient with dementia (time=0 represents dementia diagnosis). Growth curves for the average
patient with ±1 point of Fried frailty, incorporated as a continuous variable (range: 0-4) for the purpose of this graph,
are shown in red. Growth curves for the average patient with ±4 points on the CIRS-G scale are depicted in blue. The
left panel shows the model including time-invariant (baseline) covariates; the right panel shows the model including
time-varying covariates.

DISCUSSION
Interpretation of results
In this study, comorbidity was associated with both functional and cognitive decline, while
frailty was mostly associated with cognitive decline. These associations were strongest in the
time-varying analyses. This is illustrated in Figures 3.2.1 and 3.2.2, where we compare our
baseline and time-varying approaches. When comparing these two approaches (i.e. when we
compare the left and right panels of the figures), it becomes clear that models using baseline
data differ considerably from the time-varying models that use data at each time-point.
Thus, when one only uses the exposure levels at diagnosis, the impact of the post-diagnosis
ﬂuctuations on the disease course is left unnoticed. Our results suggest that the impact of
at-diagnosis measurements of patient characteristics, such as frailty and comorbidity, on
disease progression is not sustained over time, i.e. baseline measurement are not associated
with disease outcomes in the long run. This is likely due to the fact that comorbidity and
frailty, like other patient-related factors, change during the progression of chronic diseases,
particularly in older persons with dementia.

Comparison with previous studies
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We will first put our results for cognition into context, followed by our results pertaining to
daily functioning. In our present study, we found no evidence for associations between atbaseline nor time-varying comorbidity and change in cognition. These results are in line with
a Swedish population-based study in incident dementia cases, which found no association
between baseline comorbidity and cognitive decline either.12 Neither did another longitudinal
study in incident dementia cases in the US.6 However, in a time-varying model, the latter study
did find an increased comorbidity score to be associated with cognitive decline,6,12 possibly
due to their usage of a different comorbidity score: the General Medical Health Rating.
Although seven out of ten studies included in a recent systematic review found comorbidities
to be related to decreased cognitive performance,16 we did not find such an association.
With regards to frailty, the present study showed an association between time-varying frailty
and a decline in cognitive function, but that effect was small and not clinically relevant.
Despite the small effect size, the fact an association was observed in the time-varying model
while it was not observed in the model using only baseline frailty, may indicate the existence
of a dynamic relationship between frailty and cognitive function. In other words, our findings
indicate that, over time, disease and patient factors (e.g. frailty and physical health) are
mutually dependent on each other. Baseline frailty has been linked to (future) cognitive
decline in reviews containing both cross-sectional and longitudinal studies,28,29 which both
mention the scarcity of relevant studies as a limitation in their discussion of results. Our
findings are in agreement with those from a small memory clinic cohort from Singapore
which found time-varying frailty to be associated with cognitive deterioration in patients with
mild to moderate Alzheimer’s disease.14
Associations of frailty and comorbidity with changes in daily functioning were stronger than
those with cognitive decline. An inﬂuence of physical impairments (i.e. comorbidity) on
day-to-day functioning seems intuitive, and is supported by existing literature.11,12,16,30 In our
study, both baseline and time-varying comorbidity were associated with a decrease in daily
functioning. In their review, Haaksma et al. described several longitudinal studies that looked
at associations between comorbidity and daily functioning.16 Of the studies described, the
Swedish study referenced earlier concluded that there was an association between baseline
comorbidity and daily functioning,12 as is in line with our present study. A population-based
cohort study from the U.S. also found stronger associations between daily functioning and
time-varying comorbidity, as compared to baseline comorbidity.6 We found baseline and
time-varying frailty to be linked to a decrease in daily functioning at baseline and at each
time-point, respectively. Frailty and decreased daily functioning have previously been linked
in the general geriatric population.31 In addition, Oosterveld et al. previously showed a crosssectional association between baseline frailty and decreased daily functioning in our sample.11
In summary, the fact that we mainly observed a detrimental effect of time-varying
comorbidity and frailty on cognition and daily functioning in dementia is in line with the
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hypothesised existence of a dynamic relationship between these characteristics and dementia
progression.6,14,16

Strengths and limitations
Among the strengths of this study is our large, representative sample of clinically
diagnosed dementia patients, hailing from three different Alzheimer centres. Also,
comorbidity and frailty assessments were performed by physicians and experienced
research nurses only, to ensure the reliability and validity of these data.7 Moreover,
considering dementia a multidimensional disease and consequently quantifying disease
progression by measuring both cognition and daily functioning is another strength. As
in all conditions with an insidious onset, a clinical sample of dementia patients has the
limitation that a dementia diagnosis does not equal disease onset.32 It is likely that patients
were enrolled in our study at different points in their disease trajectory. This could,
in part, explain the heterogeneity of dementia progression observed in our study.
As we found strong associations between comorbidity and change in daily functioning, it
would be interesting for a subsequent study to identify which comorbidities are exactly
related to the increased progression speed. However, this is a new research question, that
may also require an even larger sample size. Likewise, it was the sample size that kept us from
stratifying our results by dementia subtypes, or by age group. Notably, the loss-to-followup during the study period, often due to death, was large. This is not wholly unexpected,
due to the advanced age of the study population. Descriptive analyses (not shown) were
used to ascertain that the baseline characteristics of the lost-to-follow-up group did not
differ significantly from the group who completed follow-up. Nevertheless, results should be
interpreted bearing this in mind.

3.2

Practical implications
The relevance of our findings carry beyond studying dementia progression alone and
have implications for studying the time course of chronic diseases in general. Firstly, the
heterogeneous progression of chronic diseases may be better understood if not only disease
characteristics such as disease types, disease severity and biomarkers are included in the
analysis, but also patient factors such as frailty and other diseases the person has. In clinical care
the relevance of a biopsychosocial perspective for understanding disease is well established
and models are available to guide research towards a more holistic perspective.33,34 Secondly,
it is often the case that these patient and context characteristics change during the course
of a chronic disease. Therefore, future studies that endeavour to explore the role of patient
factors in chronic disease progression may consider a possible time-varying relationship in
addition to studying baseline (time-invariant) exposure levels. The practical consequence of
this is that one has to measure repeatedly – not just outcomes, but also predictors.35
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CONCLUSION
This study found hardly any associations of baseline comorbidity and frailty measures with
changes in cognition and daily functioning. In contrast, when incorporating comorbidity and
frailty as time-varying covariates, they were strongly associated with persistent declines in
both cognition and daily functioning. These results indicate that when using only the exposure
levels at diagnosis, the impact of the post-diagnosis ﬂuctuations on the disease course may
be left unnoticed. In addition, these results suggest that adequate management of frailty and
comorbidity across the disease course may help optimize disease management by slowing
dementia-related declines in cognition and daily functioning. Future research should consider
incorporating multiple repeated measurements of both predictors and outcome variables to
capture the dynamic relationships between ﬂuctuating patient characteristics and long-term
outcomes of chronic disease.
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Appendix 3.2.1
Table 3.2.5. Frailty Index variables without MMSE, DAD, CIRS-G*
Health variable

Cut-off point

Diseases
Cardiovascular disease

Yes = 1, No = 0

Cerebrovascular disease

Yes = 1, No = 0

Psychiatric disorder

Yes = 1, No = 0

Endocrine disease

Yes = 1, No = 0

Somatic disorder

Yes = 1, No = 0

Disabilities
Lost more than 10 lbs in last year

Yes = 1, No = 0

Self Rating of Health by EuroQol 5D VAS

<70 = 1, >70 = 0

How Health has changed in last year

Worse = 1, Better/Same = 0

Bedridden

Yes = 1, No = 0

3.2

Symptoms
Cut down on Activity/Interests

Yes = 1, No = 0

Feel Everything is an Effort

Most of time = 1, Some time = 0.5, Rarely = 0

Feel Depressed

Yes = 1, No = 0

Feel Happy

Yes = 1, No = 0

Feel Lonely

Yes = 1, No = 0

Have Trouble getting going

Most of time = 1, Some time = 0.5, Rarely = 0

High blood pressure

Yes = 1, No = 0

Extrapyramidal symptoms

Yes = 1, No = 0

Non-ﬂuent speech

Yes = 1, No = 0

Physical performance
Disrupted physical activity

Yes = 1, No = 0

BMI

<18.5, ≥30 = 1, 25-30 = 0.5, 18.5-25 = 0

Grip Strength

Gender and BMI dependent cut-offs (21)

Usual Walking Speed

<2.5 ft/sec = 1, ≥2.5 ft/sec = 0

Note: *Frailty index was calculated if at least 14 of the 22 variables were recorded.
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Appendix 3.2.2
Table 3.2.6. Multilevel models of change in cognition (MMSE) as a function of frailty measured by the Frailty Index.
Model 7: Unconditional
growth model

Model 8: Effect of
baseline comorbidity
and frailty *

Model 9: Effect of timevarying comorbidity
and frailty *

B (se)

p-value

Β (se)

p-value

B (se)

p-value

22.0 (0.21)

<.01

22.4 (0.31)

<.01

Time-varying CIRS-G

-0.02 (0.04)

0.69

Time-varying FI

-0.1 (0.12)

0.34

-0.9 (0.44)

<.05

-0.4 (0.13)

<.01

Fixed Effects
Intercept predictors
Intercept

22.4 (0.31)

<.01

Baseline CIRS-G

-0.04 (0.06)

0.44

Baseline FI

0.1 (0. 17)

0.70

Slope predictors
Follow-up year

-1.2 (0.28)

<.01

-0.9 (0.42)

<.05

Baseline CIRS-G

0.1 (0.08)

0.53

Baseline FI

0.04 (0.25)

0.86

-0.4 (0.13)

<.01

Baseline CIRS-G

-0.01 (0.03)

0.61

Baseline FI

-0.01 (0.08)

0.92

Quadratic slope predictors
Follow-up year

-0.3 (0.09)

<.01

Random effects
Initial MMSE

9.6 (1.15)

<.01

9.1 (1.10)

<.01

9.1 (1.12)

<.01

Covariance

1.9 (0.66)

<.01

1.9 (0.64)

<.01

2.0 (0.64)

0.01

Rate of change

4.0 (0.69)

<.01

4.0 (0.69)

<.01

3.9 (0.68)

<.01

Residual

5.1 (0.47)

<.01

4.9 (0.45)

<.01

5.1 (0.48)

<.01

Note: * Intercept, slope and quadratic slope have been corrected for baseline age, gender and low education. FI =
Frailty Index, multiplied by 10, so estimates represent effect per 0.1 point increase in FI.

In the MMSE models including the FI to operationalise frailty, we did not find evidence for an
association between either time-invariant or time-varying comorbidity or frailty with changes
in cognitive function.
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3.2

Figure 3.2.3. Mean growth curves (yellow) for cognitive function (MMSE) progression, representing the trajectory
of an average 75-year old patient with dementia (time=0 represents dementia diagnosis). Growth curves for the
average patient with ±0.1 point of Frailty index are shown in red. Growth curves for the average patient with ±4
points on the CIRS-G scale are depicted in blue. The left panel shows the model including time-invariant (baseline)
covariates; the right panel shows the model including time-varying covariates.
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Table 3.2.7. Multilevel models of change in daily functioning (DAD) as a function of frailty measured by the Frailty
Index.

Fixed Effects

Model 10: Unconditional Model 11: Effect of
growth model
baseline comorbidity
and frailty *
B (se)
p-value Β (se)
p-value

Model 12: Effect of timevarying comorbidity and
frailty *
B (se)
p-value

71.1 (1.33)

72.6 (1.78)

Intercept predictors
72.5 (1.80)

<.01

Baseline CIRS-G

Intercept

<.01

-0.9 (0.32)

<.01

Baseline FI

-3.8 (0.98)

<.01

<.01
<.01
<.01

Time-varying CIRS-G

-0. 9 (0.23)

<.01

Time-varying FI

-3.7 (5.85)

<.01

-4.3 (2.30)

0.06

-1.6 (0.73)

0.03

Slope predictors
-1.9 (2.26)

0.41

Baseline CIRS-G

Follow-up year

-3.6 (1.51)

0.02

1.5 (0.44)

<.01

Baseline FI

-1.1 (1.31)

0.40

-2.5 (0.71)

<.01

Baseline CIRS-G

-0.4 (0.14)

<.01

Baseline FI

0.7 (0.42)

0.11

296.0 (35.90)

<.01

Quadratic slope predictors
Follow-up year

-2.0 (0.46)

<.01

Random effects
Initial DAD

411.3 (45.1)

<.01

290.3 (36.04)

<.01

Covariance

-40.8 (18.32)

0.04

-24.4 (16.70)

0.14

-17.6 (16.59)

0.29

Rate of change

68.7 (13.10)

<.01

64.9 (12.38)

<.01

57.7 (11.89)

<.01

Residual

170.1 (14.60)

<.01

163.7 (14.00)

<.01

161.9 (14.51)

<.01

Note: * Intercept, slope and quadratic slope have been corrected for baseline age, gender and low education. FI =
Frailty Index, multiplied by 10, so estimates represent effect per 0.1 point increase in FI.

In the DAD models including the FI to operationalise frailty, both baseline frailty and
baseline comorbidity are associated with lower DAD scores at baseline. Baseline frailty is not
associated with linear change over time, but baseline comorbidity is. This differs from the
models using the Fried criteria, where both slope and quadratic slope effect of baseline frailty
were significant. The significant quadratic slope effect of comorbidity signals an increasing
inﬂuence of comorbidity on daily functioning over time.
In the time-varying model, a 1-point increase in comorbidity score and a 0.1-point increase
in FI are associated with a 0.9% (p<0.01) and a 3.7% (p<0.01) decline in daily functioning at
each time-point, respectively.
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3.2
Figure 3.2.4. Mean growth curves (yellow) for daily functioning (DAD) over time (time=0 representing dementia
diagnosis), representing the trajectory of an average 75-year old patient with dementia. Growth curves for the
average patient with ±0.1 point of Frailty index are shown in red. Growth curves for the average patient with ±4
points on the CIRS-G scale are depicted in blue. The left panel shows the model including time-invariant (baseline)
covariates; the right panel shows the model including time-varying covariates.
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ABSTRACT
Objective:
We sought to replicate a previously published prediction model for progression, developed
in the Cache County Dementia Progression Study (CCDPS), using a clinical cohort from the
National Alzheimer’s Coordinating Center.
Methods:
We included 1120 incident AD cases with at least one assessment after diagnosis, originating
from 31 Alzheimer Disease centers from the United States. Trajectories of the Mini-Mental
State Examination (MMSE) and Clinical Dementia Rating sum of boxes (CDR-sb) were modeled
jointly over time using parallel-process growth mixture models in order to identify latent
classes of trajectories. Bias-corrected multinomial logistic regression was used to identify
baseline predictors of class membership and compare these with the predictors found in the
CCDPS.
Results:
The best fitting model contained three classes; class 1 was the largest (63%) and showed
the slowest progression on both MMSE and CDR-sb. Classes 2 (22%) and 3 (15%) showed
moderate and rapid worsening, respectively. Significant predictors of membership in classes
2 and 3, relative to class 1, were worse baseline MMSE and CDR-sb, higher education and lack
of hypertension. Combining all previously mentioned predictors yielded areas under the ROC
curve of 0.70 and 0.75 for classes 2 and 3, relative to class 1.
Conclusions:
Our replication study confirmed that it is possible to predict trajectories of progression in
AD with relatively good accuracy. The class distribution was comparable with the original
study, with most individuals being members of a class with stable or slow progression. This is
important for informing newly diagnosed AD patients and their caregivers.
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INTRODUCTION
Alzheimer’s disease (AD) is a very heterogeneous condition, both in terms of its presentation
and its progression.1,2 Upon diagnosis, questions regarding future speed of decline may arise,
which are diﬃcult to answer due to the large variation in disease course within and between
patients. Moreover, different areas of functioning can be affected in AD patients: whereas
some develop mainly cognitive complaints, others show rapid decline in daily functioning
as well.3 As a consequence, patients, families and physicians face considerable uncertainty
regarding disease prognosis.
So far, only a limited number of studies have attempted to unravel the heterogeneity in AD
progression.4 Most of these studies looked at one health dimension at a time (e.g. cognition),
even though the importance of a multidomain approach in dementia has been repeatedly
reinforced.3,5,6 The few studies that have analyzed multiple outcomes of AD simultaneously,
have shown correlation between rates of change in cognition and daily functioning.2,7,8
A literature review of factors associated with rapid cognitive decline in AD concluded that
study results were heterogeneous and often contradictory. The review showed that studies are
often limited in terms of sample size, duration of follow-up, or both. Moreover, the definition
of rapid decline in AD varies across studies and cut-offs are often arbitrarily chosen. Overall,
younger patients with higher education and more cognitive impairment at baseline appear to
decline more rapidly.9 Other studies have shown AD progression is likely to be inﬂuenced by
non-cognitive factors, such as depressive symptoms and comorbid disease burden, as well.6,7
These findings suggest that combining disease-related characteristics with other information
on the patient’s profile may improve the prediction of AD progression. Such a prediction may
not only provide valuable prognostic information for patients and caregivers, but may also
help us to target patients who are most likely to benefit from interventions aimed at slowing
disease progression.
In an attempt to increase our knowledge on the course of AD and its predictors, a prediction
model based on data from the Cache County Dementia Progression Study (CCDPS), identified
four different classes of cognitive and functional progression, with cognitive status at the
moment of diagnosis being the strongest predictor of future decline.8 Although replication
is pivotal in prognostic factor research,10 these findings have not been replicated yet. In the
present study, we sought to replicate the prediction model from the CCDPS in a large clinical
cohort from the National Alzheimer’s Coordinating Center (NACC). The aims of this study
are (1) to identify latent classes of trajectories of AD progression, and (2) to predict class
membership using AD-related and other characteristics of the patient.

4.1

117

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 117

Chapter 4.1

MATERIALS AND METHODS
Sample description
Data from the NACC Uniform Data Set were used. This database consists of a referral/
volunteer-based case series of AD patients from Alzheimer Disease Centers (ADCs) throughout
the United States, who are followed-up yearly. We included 1120 incident AD cases with at
least one assessment after diagnosis. Standardized criteria for the diagnosis of AD were used
across the ADCs.11 An AD incident case was defined as having a study visit at which the patient
was deemed free of AD within 18 months prior to diagnosis, and a global Clinical Dementia
Rating (CDR) ≤ 1 at the moment of diagnosis. This analysis used data from 31 ADCs, with
visit dates ranging from June 2006 up through the December 2015 data freeze. A detailed
description of the NACC data can be found elsewhere.12

Measures of AD progression
We used the Mini-Mental State Examination (MMSE) score to assess cognition.13 This is a
global score of cognitive abilities ranging from 0 to 30, with higher scores indicating better
cognitive performance. The Clinical Dementia Rating sum of boxes (CDR-sb) was used to
assess daily functioning.14 This scale measures global cognitive and functional abilities and
ranges from 0 to 18, with higher scores indicating more severe impairment. To enhance
comparability and interpretation of our model, CDR-sb scores were reverse-coded ranging
up to 30, so higher scores indicated better performance (e.g. a CDR-sb score of 1 was recoded
as 29). Data across the first 3 years after diagnosis were used.

Independent variables
The following variables were included as potential predictors of progression: age; gender;
race (white vs. other); education (years); time since first symptoms; MMSE13 and CDR-sb14
scores; history of transient ischaemic attack (yes/no), history of hypertension (yes/no),
neuropsychiatric inventory questionnaire (NPI-Q) total score (range: 0-36, with higher values
indicating more symptoms),15 and its subdomains: psychosis (delusions or hallucinations:
yes/no), depression or dysphoria (yes/no) and apathy or indifference (yes/no). We used
information obtained at baseline, which corresponds to the moment of diagnosis in the
present analysis.

Statistical analyses
We used parallel-process growth mixture models (GMMs) to model trajectories of MMSE and
CDR-sb jointly over time.8 GMMs allow for grouping of subjects into so-called ‘latent classes’,
based on similarities in their progression patterns over time.16 This means an increasing
number of curves is fit until an optimal balance between model fit and model complexity
is reached. GMMs are a longitudinal form of latent class analysis, in which mixed models
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are used. A specific type of GMMs, termed parallel-process GMM, allowed us to model two
outcomes simultaneously over time. We fit quadratic models with one to five classes and
chose our final model based on the Bayesian Information Criterion (BIC), Lo-Mendell-Rubin
(LMR) likelihood ratio test and class sizes.17 The Bayesian Information Criterion (BIC) is an
indicator of model fit, with lower values indicating better model fit. The LMR test compares
the improvement in model fit between two nested models. A significant LMR test denotes the
model with k classes fits better as compared to the same model with k-1 classes.18 Maximum
likelihood estimation was used to obtain parameter estimates, with standard errors (SEs)
that are robust to non-normality. Observations were assumed to be spaced exactly one year
apart. The variance of the quadratic slope was fixed to zero. The residual variances were
allowed to vary over time and were assumed to be equal across classes. After deciding on
the number of classes, multinomial logistic regression with the three-step method was used
to examine which factors predicted class membership in a multivariable model.19 Continuous
predictors were mean-centered. The area under the curve (AUC), a measure of classification
utility, was subsequently calculated for sets of predictors via receiver operating characteristic
(ROC) curves. GMMs, including multinomial logistic regression models, were fit using Mplus
Version 8.20 Further analyses, including ROCs and processing of results, was performed using
R v. 3.2.4.21

4.1

Comparison with Cache County model
The model which we aimed to replicate was based on data from 328 incident AD patients of
the population-based CCDPS.8 It used the same diagnostic criteria, AD progression measures,
independent variables and statistical methods as described in the previous paragraphs. In
contrast to the present study, however, the sample of the CCDPS was population-based.
Four classes of quadratic trajectories were identified, with the majority of the sample (72%)
belonging to class 1 with the slowest progression. Classes 2-4 each contained 8-11% of
the sample and showed more rapid declines in both cognition and daily functioning. In the
multivariable regression model, only MMSE score at diagnosis was identified as a significant
predictor for class membership. Higher MMSE scores at diagnosis were associated with a
decreased chance of being a member of more rapidly declining classes. The AUCs for the
multivariate model were 0.98, 0.88, and 0.67, respectively, for classes 2 to 4 (with class 1 as
the reference).
We aimed to replicate the latent classes from the CCDPS by modelling these 4 classes in our
sample from the NACC, using the previously published parameter estimates. The goodnessof-fit of this model was subsequently compared to a 4-class model with unconstrained
parameter estimates, to determine whether a comparable model would be obtained in
the absence of prior knowledge from the CCDPS. A chi-square difference test based on
loglikelihood values and scaling correction factors was used for this comparison.
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RESULTS
Sample characteristics
Baseline characteristics (from the moment of AD diagnosis) of our sample are summarised
in Table 4.1.1. The mean age at diagnosis was 79.4 years, with a range of 45.3 to 103.0. The
majority of the sample was female (52.1%) and the mean follow-up time since diagnosis was
2.6 years. Three years after diagnosis 103 patients had died (9.2%). The mean MMSE score at
diagnosis was 24.2 and the mean CDR-sb was 3.8.
Table 4.1.1. Sample characteristics: mean (SD) or % [count]
N
MMSE score
CDR-sb
Follow-up time (years)

Baseline

1st follow-up

2nd follow-up

3rd follow-up

100 [1120]

100 [1120]

60.8 [681]

34.1 [382]

24.2 (3.2)

22.3 (4.5)

20.8 (5.1)

19.0 (6.2)

3.8 (1.6)

5.6 (2.9)

7.0 (3.5)

8.5 (4.2)

NA

1.2 (0.5)

2.2 (0.5)

3.3 (0.7)

Age at diagnosis

79.4 (8.7)

Gender:

Female

52.1 [584]

Race:

White

86.7 [968]

African American
Asian

2.2 [24]

unspecified

1.6 [22]

Time since first symptoms (years)
Education (years)
NPI-Q:

9.5 [106]

5.5 (2.9)
15.4 (3.2)

Severity score

3.6 (3.7)

Psychosis

9.6 [104]

Depression or dysphoria

37.4 [406]

Apathy or indifference

36.3 [395]

History of transient ischaemic attack
History of hypertension

8.1 [90]
62.8 [703]

N = number of participants in whom at least one out of two outcomes was measured, MMSE = Mini-Mental
State Examination (range: 0-30, higher=better); CDR-sb = Clinical Dementia Rating sum of boxes (range: 0-18,
higher=worse); NPI-Q severity score = Neuropsychiatric Inventory Questionnaire severity score (range: 0-36,
higher=worse); SD = standard deviation; NA = not applicable.

Heterogeneity of progression
Quadratic curves for MMSE and CDR-sb progression were fit across the first three years after
diagnosis. The observed individual trajectories of MMSE and CDR-sb and means of the entire
sample are depicted in plot A of Figure 4.1.1. The observed variation in the intercept and the
slope was found to be significant, allowing for the identification of latent classes
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Figure 4.1.1 Fitted and observed MMSE and CDR-sb trajectories.
MMSE trajectories are shown in red. CDR-sb trajectories are shown in blue. CDR-sb scores were reverse-coded ranging up to 30 (higher=better). Plot A shows the trajectories
of the entire sample (N=1120). The identified latent classes are presented in bottom row of the figure. Plot B shows the slowly progressing class 1 (N=778). Plot C shows class
2 (N=169) with moderate progression speed. Plot D shows the rapidly progressing class 3 (N=173). The mean trajectories of each plot are shown in bold. Individuals were
assigned to classes based on their most likely class membership, causing the class counts to slightly differ from those in the text and Table 4.1.3, which were based on the
probability of class membership.
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of progression, as described in the next paragraph. Trajectories of MMSE and CDR-sb were
clearly related, as shown by the strong correlation between their random slopes (R=0.92,
p<0.001).

Latent classes of progression
When fitting models with increasing numbers of classes, the 3-class model provided the best
fit according to the LMR test (3- vs. 4-class model: -2LL(7)=119.31, p=0.565) and the class
sizes. An overview of the model fit criteria is shown in Table 4.1.2. When increasing the
number of classes beyond 3, the smallest class contained only 2% of our sample, indicating
that a model with more than 3 classes derived from our sample is unlikely to be replicated.
The difference in BIC between the 3-class model and the 4-class model is also rather small,
indicating the model fit improvement caused by the 4th class was minimal.
Table 4.1.2 Overview of class enumeration criteria
# Classes

# Parameters*

BIC

Entropy

LMR p-value

Smallest class size

1

24

29173.68

-

-

-

2

31

28877.56

0.919

0.000

9%

3

38

28732.35

0.748

0.007

10%

4

45

28662.18

0.772

0.565

2%

5

52

28609.51

0.778

0.014

2%

*The process of class enumeration was based on models with class-invariant random intercept and random slope.
BIC = Bayesian Information Criterion (lower values imply better model fit); LMR = Lo-Mendell-Rubin likelihood ratio
test; Entropy: higher values imply better classification quality.

The best fitting model included class specific intercept variances and class specific slope
variances. The parameter estimates of this 3-class model are shown in Table 4.1.3 and the
trajectories are depicted in plots B to D of Figure 4.1.1. Class 1 was the largest (63%) and
showed the best cognitive and functional abilities at diagnosis, as well as the slowest decline.
Class 2 was the second largest class (22%), showing somewhat decreased cognitive and
functional abilities at diagnosis, as well as a quadratic decrease of abilities over time. Class
3 was the smallest (15%), showing somewhat decreased cognitive and functional abilities at
diagnosis, as well as dramatic worsening over time.

Predictors of class membership
All potential predictors of class membership listed in Table 4.1.1 were examined using
multivariable logistic regression, with predicted class membership in our final 3-class model
as dependent variable. Table 4.1.4 shows the significant predictors of class membership,
corrected for age, gender and time since first symptoms. This analysis was based on 1008
patients; 112 patients (10%) were excluded due to missing values for covariates. Significant
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predictors of membership in class 2, relative to class 1, were worse baseline CDR-sb, higher
education and lack of hypertension. Significant predictors of membership in class 3, relative
to class 1, were worse MMSE and CDR-sb at diagnosis. For example, a 1-point higher MMSE
score (reﬂecting better cognitive functioning) at diagnosis reduces the risk of membership in
the rapidly declining class 3 by 15%, relative to class 1 (OR=0.85, 95%-CI: 0.79-0.92, p<0.001).
Table 4.1.3 Parameter estimates for MMSE and CDR-sb trajectories by latent class

Prevalence (%[N]a)
FIXED EFFECTS
Intercept
Linear annual rate of decline
Quadratic annual rate of decline
RANDOM EFFECTS
Intercept variance
Linear slope variance
Residual variance at baseline
Residual variance at 1st follow-up
Residual variance at 2nd follow-up
Residual variance at 3rd follow-up

Class 1
Slow
progression
63 [702]
Mean (S.E.)
24.60 (0.18)c
26.52 (0.07)c
-0.67 (0.18)c
-0.84 (0.09)c
-0.21 (0.06)c
-0.06 (0.04)
Mean (S.E.)
5.18 (0.67)c
1.71 (0.17)d
0.54 (0.25)c
0.44 (0.14)c
3.67 (0.46)c
0.56 (0.14)c
4.22 (0.39)c
1.16 (0.14)c
4.72 (0.62)c
2.23 (0.28)c
6.76 (1.21)c
1.95 (0.64)d

MMSE
CDR-sbb
MMSE
CDR-sbb
MMSE
CDR-sbb
MMSE
CDR-sbb
MMSE
CDR-sbb
MMSE
CDR-sbb
MMSE
CDR-sbb
MMSE
CDR-sbb
MMSE
CDR-sbb

Class 2
Moderate
progression
22 [243]
Mean (S.E.)
24.13 (0.53)c
25.78 (0.19)c
-1.06 (0.57)
-0.17 (0.54)
-1.22 (0.29)c
-1.15 (0.26)c
Mean (S.E.)
5.73 (1.69)c
2.09 (0.34)c
2.54 (0.48)c
0.99 (0.25)c
3.67 (0.46)c
0.56 (0.14)c
4.22 (0.39)c
1.16 (0.14)c
4.72 (0.62)c
2.23 (0.28)c
6.76 (1.21)c
1.95 (0.64)d

Class 3
Rapid
progression
15 [175]
Mean (S.E.)
22.53 (0.39)c
25.24 (0.14)c
-6.37 (0.93)c
-6.55 (0.57)c
0.45 (0.43)
1.04 (0.19)c
Mean (S.E.)
12.02 (3.45)c
1.54 (0.28)c
9.82 (2.75)c
4.51 (0.92)c
3.67 (0.46)c
0.56 (0.14)c
4.22 (0.39)c
1.16 (0.14)c
4.72 (0.62)c
2.23 (0.28)c
6.76 (1.21)c
1.95 (0.64)d

4.1

MMSE = Mini-Mental State Examination score; CDR-sb = Clinical Dementia Rating sum of boxes; S.E. = standard error.
a
Number of people (N) was based on the final class counts of the estimated model. Note that individuals are in fact
assigned a probability of class membership. b CDR-sb scores were reverse-coded, ranging up to 30 (higher=better)
c
= p<0.001
d
= p<0.01

Combining all significant predictors of class membership yielded AUCs of 0.70 and 0.75 for
classes 2 and 3, relative to class 1. Figure 4.1.2 shows ROC curves for successively larger sets
of predictors. The AUC increased when more predictors were added.

Replication of the Cache County model
When comparing the previously published 4-class model (using the parameter estimates from
the CCDPS as constraints) with an unconstrained 4-class model in our sample from the NACC,
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the chi-square test indicated that the unconstrained model fit the data better (χ2(24) = 706.70,
p<0.001). When constraining the model parameters to be equal to those from the 4-class Cache
County model, two out of four classes contained very few patients (class prevalence<0.02).
These results show we were unable to replicate the exact class structure identified in the CCDPS.
Table 4.1.4 Odds ratios (ORs) from multivariate prediction of class membership (N=1008)
Class 2: moderate progression
OR (95%-CI) p-value

Class 3: rapid progression
OR (95%-CI) p-value

Age

0.98 (0.95-1.02) 0.353

1.03 (1.00-1.06) 0.088

Gender: male

0.69 (0.34-1.43) 0.320

0.71 (0.42-1.19) 0.193

Time since first symptoms

1.00 (0.87-1.13) 0.942

0.94 (0.84-1.05) 0.269

MMSE score

0.98 (0.90-1.11) 0.969

0.85 (0.79-0.92) <0.001

CDR-sba

0.40 (0.28-0.58) <0.001

0.51 (0.42-0.62) <0.001

Education

1.19 (1.11-1.28) 0.015

1.05 (0.97-1.14) 0.190

History of hypertension

0.41 (0.21-0.82) <0.001

0.66 (0.40-1.10) 0.113

Bold estimates are significant at p<0.05. Reference is class 1.
CDR-sb scores were reverse-coded (higher = better)

a

Figure 4.1.2. ROC curves for successive sets of predictors of latent class membership
Green
= education
Blue
= education, MMSE
Red
= education, MMSE, CDR-sb
Purple
= education, MMSE, CDR-sb, hypertension
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DISCUSSION
This study identified three latent classes of progression in AD, with the majority (63%)
of the patients being members of a class with steady and slow progression, expecting to
lose 3.9 MMSE points and 3.1 CDR-sb points during the three years following diagnosis. At
diagnosis, an individual’s class membership could be predicted with relatively good accuracy
(AUC = 0.70-0.75) based on their MMSE, CDR-sb, education and history of hypertension. The
difference between the rates of change in the classes of our GMM (Figures 4.1.1 B-D) and the
population mean rate of change (Figure 4.1.1A) is substantial. According to the population
mean, patients are expected to lose 7.9 MMSE points and 5.9 CDR-sb points during the
3 years following diagnosis. The fact that most patients (63%) decline considerably less
indicates the need to look beyond the population mean and underlines the importance of
acknowledging subpopulations when clinicians try to make prognoses for their AD patients.
Similarly, researchers should take into account the possibility of subgroups when studying
decline in AD. Inferences based on the mean trajectory of a population may lead to serious
overestimations of progression speed, as most patients declined considerably less than
average. It is therefore crucial for future research to take into account subgroups of patients
when analysing the course of AD, which can for example be done by using a GMM. Previous
studies have already shown how the GMM approach can aid the identification of preclinical
AD patients in a cohort of cognitively normal older adults.22-24 The present study shows the
GMM approach can also provide valuable insight into AD progression after diagnosis; a topic
which is studied far less often.
In our study, worse MMSE and CDR-sb scores at diagnosis appeared predictive of more rapid
AD progression, as did higher education. The latter may be caused by a delay in diagnosis
due to cognitive reserve, leading to more rapid decline after diagnosis as a consequence of
a more advanced disease stage.25 Having a history of hypertension was associated with a
reduced progression rate, i.e. a reduced likelihood of being a member in class 2, relative to
class 1, OR(95%-CI)=0.41(0.21-0.82). This may be counterintuitive, however, having a history
of hypertension is likely to coincide with antihypertensive use, which was previously found
to be associated with decreased rate of decline in AD and may offer a possible explanation.26
Although the identified classes in the present study are different from those identified in the
CCDPS, the finding that the majority of the patients is a member of the class with relatively
slow disease progression is consistent across cohorts.8 According to the Cache County model,
72% of the patients had an expected loss of 3.7 MMSE points and 2.0 CDR-sb points at three
years after diagnosis, which resembles our findings. The fourth class identified in the CCDPS
also strongly resembles the third class of our model, with an expected loss of 15.1 and 16.2
MMSE points, and 10.3 and 11.3 CDR-sb points at 3 years, and a class prevalence of 15% and
8% in NACC and CCDPS respectively. Furthermore, a strong correlation between cognitive
and functional decline was observed in both cohorts (R=0.92 in NACC and R=0.91 in CCDPS)
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and this is consistent with other studies as well.7,27-29 A study investigating the temporal
ordering of cognitive and functional decline in two different cohorts showed that cognitive
decline appears to precede and predict functional decline in AD.30 These findings indicate
that while cognitive complaints worsen, patients also experience more limitations in their
daily functioning. Both in the NACC and the CCDPS, the MMSE score at diagnosis was a strong
predictor of future progression.
Differences in the identified classes in the NACC and the CCDPS are likely due to differences
in study population. Whereas the CCDPS is a population-based study from a single county in
northern Utah, the NACC cohort is a clinical cohort, consisting of referral/volunteer-based case
series from multiple ADCs across the United States. Moreover, the CDR-sb was measured on a
5-point scale in CCDPS, while the NACC used a 3-point scale, and patients in the CCDPS were
followed every 6 months, while NACC participants were followed yearly. These differences
may have caused small changes in progression to remain undetected in the NACC cohort.
Interestingly, a recent study of cognitive and functional trajectories in a sample of 331 Dutch
dementia patients also found 3 classes of progression, with similar patterns of decline.29
Unfortunately, studies investigating trajectories of multiple dementia domains simultaneously
are rare, however, there are several studies that have identified classes of trajectories based
on a single outcome. For example, a study by Wilkosz et al. (2010), focussing solely on MMSE
trajectories in a sample of 201 AD patients from Pittsburgh (U.S.), found a strong relationship
between psychosis at baseline and more rapid cognitive decline.31 We did not find a similar
association, possibly due to the low prevalence of psychosis (9.6%) in our sample. Across a
period of 13.5 years, six classes of progression were identified by Wilkosz et al. (2010), some
of which did not appear to differ clinically.31 This may be the result of using the BIC as the only
criterion for class enumeration. For this reason, we based our model on the agreement of
at least two model fit criteria (the LMR likelihood ratio test and class size). Based on a large
cohort (N=3441) derived from UK electronic health records, Baker et al. (2017) identified
6 different trajectories of MMSE progression as well.32 Unfortunately, this study did not
stratify patients based on their moment of dementia onset or diagnosis. Consequently,
the observed heterogeneity may be largely attributable to differences in disease stage at
baseline, hampering inferences about the progression of AD and its predictors. Our results
agree, in part, with a recent longitudinal study from Norway by Eldholm et al. (2018).33
Similar to our finding that the majority of AD patients progresses relatively slowly, this study
showed that approximately half of their sample consisted of slow progressors, defined as
showing less than 1 point worsening in CDR-sb per year. As in our study, the slow progressors
from the Norwegian cohort scored better on cognitive tests and the CDR-sb at diagnosis,
as compared to the more rapid progressors. In contrast to our findings, the intermediate
and rapid progressors in this study had fewer years of education as compared to the slow
progressors. It should be noted that the study by Eldholm et al. (2018) included only a single
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follow-up measurement after a mean follow-up time of 2 years, and its sample consisted of
both AD and MCI patients.33
The strengths of the present study include its large sample of patients with a clinical diagnosis
of AD and the inclusion of both cognitive and functional measures of AD progression, reﬂecting
the multidimensional impact of AD. In addition, the use of GMMs allowed us to compare nonlinear change rates across subpopulations, without using an arbitrary cut-off for rapid decline. It
has been shown that linear progression cannot simply be assumed in AD.34 GMMs thus enabled
us to better assess correlations between progression measures and their rates of change, as
compared to studies using correlations between linear rates of change.35
Limitations of our study include the use of single, relatively crude measures of cognition
(MMSE) and functioning (CDR-sb), which may not have captured subtle changes in
progression. To correct for more subtle differences in cognitive ability, we also included
educational attainment in our model. It should be noted that the CDR-sb also contains
questions relating to cognition which may, in part, have driven the correlation with MMSE.
Yet the CDR-sb does provide an extra dimension to our operationalisation of AD, as compared
to looking merely at MMSE. As the exact moment of AD onset is often unknown, one could
wonder to what extent differences in baseline MMSE and CDR-sb scores across our classes
reﬂect differences in disease stage. The diﬃculty of synchronisation of AD onset is widely
recognized in AD trajectory studies.36,37 To minimize the differences in disease stage in our
sample, we used a strict definition of AD incidence in which patients had to be deemed free of
AD within 18 months prior to diagnosis, and had a global CDR ≤ 1 at the moment of diagnosis.
In addition, we corrected for time since first symptoms in our multinomial logistic regression
model. Despite these efforts to correct for possible differences in disease stage, it is possible
that patients in the slowly declining class presented at the clinic in an earlier stage of their
disease as compared to those in the other two classes, which may partly explain the observed
heterogeneity of decline. Another drawback is the lack of additional relevant determinants
of progression in the NACC data, such as a patient’s social network and comorbidity burden.
To our knowledge, this study is the first multidomain trajectory analysis including over
1000 incident AD patients. In accordance with previous studies,8,29 the majority of patients
in our study showed stable and slow disease progression; considerably more optimistic as
compared to the population mean trajectory. Moreover, we confirmed that it is possible
to predict trajectories of progression in AD with acceptable accuracy. These findings are
important for informing newly diagnosed patients and their caregivers about the course of
AD, especially given the large uncertainty regarding prognosis which they are currently facing.
These results are also important for informing clinical trials intended to slow AD progression.
Targeting those patients who are specifically prone to decline rapidly, will increase the chance
to detect statistically significant effects of beneficial interventions.38 Future research should
focus on identifying additional modifiable determinants of AD progression in order to better
characterise the large patient group with a relatively mild disease course.

4.1

127

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 127

Chapter 4.1

REFERENCES
1.

Cortes F, Nourhashemi F, Guerin O, et al. Prognosis of Alzheimer’s disease today: a two-year prospective study
in 686 patients from the REAL-FR Study. Alzheimer’s & dementia 2008; 4(1): 22-9.

2.

Haaksma ML, Leoutsakos JMS, Bremer JA, et al. The clinical course and interrelations of dementia related
symptoms. International psychogeriatrics / IPA 2018; 30(6): 859-66.

3.

Green C, Zhang S. Predicting the progression of Alzheimer’s disease dementia: A multidomain health policy
model. Alzheimer’s & dementia 2016; 12(7): 776-85.

4.

Schmidt C, Wolff M, Weitz M, Bartlau T, Korth C, Zerr I. Rapidly progressive alzheimer disease. Archives of
Neurology 2011; 68(9): 1124-30.

5.

Tractenberg RE, Aisen PS, Weiner MF, Cummings JL, Hancock GR. Independent contributions of neural and
“higher-order” deficits to symptoms in Alzheimer’s disease: a latent variable modeling approach. Alzheimer’s &
dementia 2006; 2(4): 303-13.

6.

Haaksma ML, Vilela LR, Marengoni A, et al. Comorbidity and progression of late onset Alzheimer’s disease: A
systematic review. PloS one 2017; 12(5): e0177044.

7.

Zahodne LB, Devanand DP, Stern Y. Coupled Cognitive and Functional Change in Alzheimer’s Disease and the

8.

Leoutsakos JM, Forrester SN, Corcoran CD, et al. Latent classes of course in Alzheimer’s disease and predictors:

9.

Sona A, Ellis KA, Ames D. Rapid cognitive decline in Alzheimer’s disease: a literature review. International review

Inﬂuence of Depressive Symptoms. Journal of Alzheimer’s Disease 2013; 34: 851-60.
the Cache County Dementia Progression Study. Int J Geriatr Psychiatry 2015; 30(8): 824-32.
of psychiatry 2013; 25(6): 650-8.
10. Riley RD, Hayden JA, Steyerberg EW, et al. Prognosis Research Strategy (PROGRESS) 2: prognostic factor
research. PLoS medicine 2013; 10(2): e1001380.
11. McKhann G, Drachman D, Folstein M, Katzman R, Price D, Stadlan EM. Clinical diagnosis of Alzheimer’s disease:
report of the NINCDS-ADRDA Work Group under the auspices of Department of Health and Human Services
Task Force on Alzheimer’s Disease. Neurology 1984; 34(7): 939-44.
12. Morris JC, Weintraub S, Chui HC, et al. The Uniform Data Set (UDS): Clinical and Cognitive Variables and
Descriptive Data From Alzheimer Disease Centers. Alzheimer Dis Assoc Disord 2006; 20(4): 210-6.
13. Folstein MF, Folstein SE, McHugh PR. “Mini-mental state”. A practical method for grading the cognitive state of
patients for the clinician. Journal of psychiatric research 1975; 12(3): 189-98.
14. Morris JC. The Clinical Dementia Rating (CDR): Current version and scoring rules. Neurology 1993; 43(11):
2412--a.
15. Cummings JL. The Neuropsychiatric Inventory: assessing psychopathology in dementia patients. Neurology
1997; 48(5 Suppl 6): S10-6.
16. Jung T, Wickrama KAS. An Introduction to Latent Class Growth Analysis and Growth Mixture Modeling. Social
and Personality Psychology Compass 2008; 2(1): 302-17.
17. Muthén B, Muthén LK. Integrating Person-Centered and Variable-Centered Analyses: Growth Mixture Modeling
With Latent Trajectory Classes. Alcoholism: Clinical and Experimental Research 2000; 24(6): 882-91.

128

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 128

Predicting multidimensional dementia progression

18. Nylund KL, Asparouhov T, Muthén BO. Deciding on the Number of Classes in Latent Class Analysis and Growth
Mixture Modeling: A Monte Carlo Simulation Study. Structural Equation Modeling: A Multidisciplinary Journal
2007; 14(4): 535-69.
19. Vermunt JK. Latent Class Modeling with Covariates: Two Improved Three-Step Approaches. Political Analysis
2010; 18(4): 450-69.
20. Muthén LK, Muthén BO. Mplus User’s Guide. 8 ed. Los Angeles, CA: Muthén & Muthén; 1998-2017.
21. R Development Core Team. R: A language and environment for statistical computing. Vienna, Austria: R
Foundation for Statistical Computing; 2008.
22. Zahodne LB, Wall MM, Schupf N, et al. Late-life memory trajectories in relation to incident dementia and
regional brain atrophy. Journal of neurology 2015; 262(11): 2484-90.
23. Pietrzak RH, Lim YY, Ames D, et al. Trajectories of memory decline in preclinical Alzheimer’s disease: results
from the Australian Imaging, Biomarkers and Lifestyle Flagship Study of ageing. Neurobiol Aging 2015; 36(3):
1231-8.
24. Small BJ, Backman L. Longitudinal trajectories of cognitive change in preclinical Alzheimer’s disease: a growth
mixture modeling analysis. Cortex; a journal devoted to the study of the nervous system and behavior 2007;

4.1

43(7): 826-34.
25. Meng X, D’Arcy C. Education and Dementia in the Context of the Cognitive Reserve Hypothesis: A Systematic
Review with Meta-Analyses and Qualitative Analyses. PloS one 2012; 7(6): e38268.
26. Mielke MM, Rosenberg PB, Tschanz J, et al. Vascular factors predict rate of progression in Alzheimer disease.
Neurology 2007; 69(19): 1850-8.
27. Melis RJ, Marengoni A, Rizzuto D, et al. The inﬂuence of multimorbidity on clinical progression of dementia in a
population-based cohort. PloS one 2013; 8(12): e84014.
28. Tschanz JT, Corcoran CD, Schwartz S, et al. Progression of cognitive, functional, and neuropsychiatric symptom
domains in a population cohort with Alzheimer dementia: the Cache County Dementia Progression study. Am J
Ger Psychiatry 2011; 19(6): 532-42.
29. Haaksma ML, Leoutsakos J-MS, Larrañaga AC, Olde Rikkert MGM, Melis RJF. Latent classes of dementia
course show an optimistic prognosis for the majority of patients. Alzheimer’s & Dementia: The Journal of the
Alzheimer’s Association 2017; 13(7): P1314-P5.
30. Zahodne LB, Manly JJ, MacKay-Brandt A, Stern Y. Cognitive Declines Precede and Predict Functional Declines in
Aging and Alzheimer’s Disease. PloS one 2013; 8(9): e73645.
31. Wilkosz PA, Seltman HJ, Devlin B, et al. Trajectories of cognitive decline in Alzheimer’s disease. International
Psychogeriatrics 2009; 22(2): 281-90.
32. Baker E, Iqbal E, Johnston C, et al. Trajectories of dementia-related cognitive decline in a large mental health
records derived patient cohort. PloS one 2017; 12(6): e0178562.
33. Eldholm RS, Barca ML, Persson K, et al. Progression of Alzheimer’s Disease: A Longitudinal Study in Norwegian
Memory Clinics. Journal of Alzheimer’s disease 2018; 61(3): 1221-32.
34. Stern Y, Liu X, Albert M, et al. Application of a Growth Curve Approach to Modeling the Progression of
Alzheimer’s Disease. J Gerontol A Biol Sci Med Sci 1996; 51A(4): M179-M84.

129

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 129

Chapter 4.1

35. Corcoran C, Pieper C, Zandi P, et al. P1-387: Modeling dementia trajectories: An application of dynamical
correlations to age-related traits in the Cache County Dementia Progression Study. Alzheimer’s & Dementia
2008; 4(4): T332.
36. Yang E, Farnum M, Lobanov V, et al. Quantifying the pathophysiological timeline of Alzheimer’s disease. Journal
of Alzheimer’s Disease 2011; 26: 745-53.
37. Donohue MC, Jacqmin-Gadda H, Le Goff M, et al. Estimating long-term multivariate progression from shortterm data. Alzheimer’s & dementia 2014; 10(5 Suppl): S400-10.
38. Dahabreh IJ, Hayward R, Kent DM. Using group data to treat individuals: understanding heterogeneous
treatment effects in the age of precision medicine and patient-centred evidence. International Journal of
Epidemiology 2016; 45(6): 2184-93.

130

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 130

Predicting multidimensional dementia progression

4.1

131

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 131

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 132

CHAPTER 4.2
Predictors of cognitive and
functional progression in a
population-based sample of
people with dementia

Published as: Haaksma ML, Rizzuto D, Leoutsakos JMS, Marengoni A,
Tan ECK, Olde Rikkert MGM, Fratiglioni L, Melis RJF, Calderón-Larrañaga A.
Predicting cognitive and functional trajectories in people with late-onset
dementia: two population-based studies.
J Am Med Dir Assoc. 2019: Epub ahead of print
DOI: 10.1016/j.jamda.2019.03.025

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 133

Chapter 4.2

ABSTRACT
Objectives:
Previous studies have shown large heterogeneity in the progression of dementia, both
within and between patients. This heterogeneity offers an opportunity to limit the global
and individual burden of dementia, through the identification of factors associated with slow
disease progression in dementia. We explored the heterogeneity in dementia progression to
detect disease, patient, and social context factors related to slow progression.
Design:
Two longitudinal population-based cohort studies with follow-up across 12 years.
Setting and Participants:
512 people with incident dementia from Stockholm (Sweden) contributed to the Kungsholmen
Project and the Swedish National Study of Aging and Care in Kungsholmen.
Methods:
We measured cognition using the Mini-Mental State Examination and daily functioning
using Activities of Daily Living. Latent classes of trajectories were identified using a bivariate
growth mixture model. We then used bias-corrected logistic regression to identify predictors
of slower progression.
Results:
Two distinct groups of progression were identified; 76% (N=394) of the people with dementia
exhibited relatively slow progression on both cognition and daily functioning, while 24%
(N=118) demonstrated more rapid worsening on both outcomes. Predictors of slower disease
progression were Alzheimer dementia type (OR: 2.07, 95%-CI: 1.15-3.71), lower age (OR:
0.88, 95%-CI: 0.83-0.94), fewer comorbidities (OR: 0.77, 95%-CI: 0.66-0.90), and a stronger
social network (OR: 1.72, 95%-CI: 1.01-2.93).
Conclusions and Implications:
Lower age, AD dementia type, fewer comorbidities and a good social network appear to be
associated with slow cognitive and functional decline. These factors may help to improve the
counseling of patients and caregivers, and to optimise the planning of care in dementia.
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INTRODUCTION
As life expectancy increases, the worldwide burden of dementia will continue to increase
as well.1 With this increase, there is a growing need for detailed prognostic information for
patients with dementia. Previous studies have shown large heterogeneity in the progression
of dementia, both within and between patients.2-6 This heterogeneity offers an opportunity
to limit the global and individual burden of dementia, through the identification of factors
associated with slow disease progression. Identification of such factors is important, as the
large variation in dementia progression speed limits the prognostic capacity of clinicians
when counseling their patients. This limited ability to provide a personalised prognosis
causes uncertainty regarding disease course and care needs. The uncertainty, in turn, can
create additional emotional distress, including feelings of sorrow, anxiety, and despair for
both patients and caregivers in a condition that is very stressful in itself already.7 Remarkably,
there are only a few studies aiming to disentangle the prognostic heterogeneity among
patients diagnosed with dementia.8 To enable anticipation of future care needs and to
help physicians in counselling patients and their caregivers, we need to unravel the factors
associated with slow disease progression in people with dementia and look beyond
dementia-related characteristics.9 Other characteristics of the patient with dementia, such
as their level of education,10 comorbidity burden,11 anticholinergic drug use,12 and the social
support they receive13 may also inﬂuence the rate of progression, but these factors have
never been studied jointly in the context of dementia. Several studies have emphasized the
need to examine impairments in daily functioning besides outcomes of cognitive decline,
when characterising the course of this dementia.14-16 Therefore, this study aims to identify
1) concurrent trajectories of cognition and daily functioning in community-dwelling older
persons with incident dementia, and 2) factors associated with slow progression rates.

4.2

METHODS
Cohort description
This study included data from two population-based studies conducted consecutively in the
Kungsholmen parish of Stockholm: the Kungsholmen Project (KP) and the Swedish National
Study of Aging and Care in Kungsholmen (SNAC-K). KP is a community-based longitudinal
study of adults aged 75+ living at home or in institutions. Participants of KP were recruited
among all 2368 inhabitants, of whom 1810 persons (76.4%) participated at baseline. The
baseline assessment (wave 1) was carried out between 1987 and 1989 and was followed
by four examinations spaced approximately three years apart (waves 2-5). The project
reached a maximum follow-up period of 12 years. SNAC-K is an ongoing community-based
longitudinal study of randomly selected adults aged 60+ living at home or in institutions.
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Of the original 4590 people invited to participate in SNAC-K, 3363 (73.3%) participated at
baseline. The baseline assessment (wave 1) was carried out between 2001 and 2004. Since
then, participants have been followed up regularly: every 6 years for the young-old cohorts
(60-78 years) and every 3 years for the older cohorts (78+ years). By the end of 2015, four
study waves spaced 3 years apart (waves 1-4) were completed. Linkage to the Swedish
inpatient and death registers provided additional information on medical events and survival.
The Swedish inpatient register covers all diseases diagnosed in the hospital during a patient’s
life. Both cohort studies were approved by the regional ethical review board in Stockholm.
Written informed consent was obtained from all participants or, in case of persons with
cognitive impairment, from proxies (next of kin or guardians). Detailed information regarding
study design and data collection for these cohorts can be found elsewhere.17,18

Sample selection
In order to capture the entire trajectory of dementia progression, we limited our analysis
to incident dementia cases. Incident dementia was defined as meeting the Diagnostic and
Statistical Manual of Mental Disorders (DSM-III-R/DSM-IV) criteria,19 while not meeting them
at the prior visit. Therefore, participants with a diagnosis of dementia at baseline (wave
1) were excluded. Dementia subtypes were defined as follows: AD according to NINCDS/
ADRDA criteria,20 Lewy body dementia according to McKeith criteria,21 and vascular dementia
according to NINDS-AIREN criteria.22 A total of 520 incident dementia cases were identified
(310 from KP and 210 from SNAC-K). After exclusion of eight patients with schizophrenia, our
final study sample consisted of 512 people with incident dementia (208, 34, 152 and 118
patients were diagnosed between waves 1-2, 1-3, 2-3 and 3-4, respectively). The 34 people
diagnosed between waves 1 and 3 were part of the young-old cohort and therefore they
were followed-up every 6 years up until wave 3; after that they turned 78+ years of age and
were followed-up every 3 years, as was the rest of the cohort.

Outcomes measures
Cognitive progression was assessed using the Mini-Mental State Examination (MMSE) score,
ranging from 0 to 30, with higher scores representing better cognitive functioning.23 The sum
score of the Activities of Daily Living (ADL) was used to measure the progression of daily
functioning.24 The total ADL score ranges from 0 to 12, with higher scores indicating more
limitations in daily functioning. To enhance interpretability of our model, ADL scores were
reverse-coded, so higher scores indicated better performance (e.g. an ADL score of 1 was
recoded as 11). We used follow-up measurements of MMSE and ADL across a period of 12
years and derived latent classes of progression as described in the statistical analyses section
below.
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Independent variables
We a priori selected seven potential predictors of progression to include in our prediction
model for classes of MMSE and ADL trajectories. These potential predictors included: age,
gender, education,10 dementia nosology, comorbidity burden,11 anticholinergic drug burden,12
and social network.13 We used two categories for education; elementary versus higher
education. Dementia nosology was also divided into two categories; Alzheimer’s disease (AD)
versus other dementia types. Comorbidity burden at the time of dementia diagnosis was
operationalised as the number of chronic diseases, based on data retrieved from the Swedish
National Patient Register.25 The included disease categories are listed in Appendix 4.2.1.
Diseases were classified using the International Classification of Diseases (ICD) classification,
and further grouped according to disease categories published previously.26 The ICD codes
registered up to 5 years prior to study entry were included and, given the chronic nature
of these conditions, we assumed that they were still present at subsequent follow-up
examinations in individuals with any of the conditions at study baseline. Social network was
operationalised at study baseline using a social network index based on three components:
(1) being married and living with someone, (2) having children with daily to weekly satisfying
contact and (3) having relatives/friends with daily to weekly satisfying contact. The sample
was subsequently divided into two categories: people with a poor/limited social network,
who had either one or zero of the social network components, and people with a moderate/
extensive social network, who had either two or three of the social network components.27
Anticholinergic drug burden at diagnosis was measured using the anticholinergic cognitive
burden (ACB) scale.28 During the study visits, patients were asked to bring the drugs which
they were currently using. Based on this information, we calculated a total ACB score. The
drugs and their individual anticholinergic burden scores used are listed in Appendix 4.2.2.

4.2

Statistical analyses
We used growth mixture models (GMMs) to model trajectories of MMSE and ADL jointly
over time. GMMs allow for grouping of subjects into so-called ‘latent classes’, based on
similarities in their progression patterns over time.29 GMMs are a longitudinal form of latent
class analysis, in which mixed models are used. A specific type of GMMs, termed parallelprocess GMM (PP-GMM), allowed us to model our two outcomes simultaneously over time.
Time was treated as time in years since the last assessment before dementia diagnosis. This
means T=3 indicates the study visit at which dementia was first diagnosed. However, it should
be recognised that dementia manifested during interval prior to this study visit, i.e. between
T=0 and T=3. All available MMSE and ADL scores between 3 years prior to T=0 up until 9 years
after this time point were used.
We fit quadratic models with one to five classes and chose our final model based on the
Bayesian Information Criterion (BIC), Lo-Mendell-Rubin (LMR) likelihood ratio test and class
sizes.30 The Bayesian Information Criterion (BIC) is an indicator of model fit, with lower values
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indicating better model fit. The LMR test compares the improvement in model fit between
two nested models. A significant LMR test denotes the model with k classes fits better as
compared to the same model with k-1 classes.31 Maximum likelihood estimation was used
to obtain parameter estimates, with standard errors (SEs) that are robust to non-normality.
To reduce computation time, observations were assumed to be spaced exactly three years
apart (the resulting reduction in BIC was only marginal). The variance of the quadratic slope
was fixed to zero. The residual variances were allowed to vary over time and were assumed
to be equal across classes. Following the so-called three-step method, logistic regression
was used to examine which factors predicted class membership in a multivariable model.32
The three-step method comprised the following steps: (1) the latent class model was built,
(2) participants were assigned to latent classes based on their posterior probabilities, and
(3) the association between the assigned class membership and independent variables was
investigated. Subjects with missing values for independent variables (N=3) were excluded
from this analysis. The area under the curve (AUC) was subsequently calculated for sets of
predictors via receiver operating characteristic (ROC) curves, to assess the classification utility
of our prediction model. The PP-GMM and logistic regression models were fit using Mplus
Version 8.33 Further analyses, including ROCs and processing of results, were performed using
R v. 3.2.4.34

RESULTS
Sample characteristics
Sample characteristics from the study visit at which dementia was first diagnosed (T=3) are
summarised in Table 4.2.1. The mean age at diagnosis was 85.6 years, with a range of 74.9 to
101.8 years. At T=0 the mean MMSE score was 25.2 and the mean ADL score was 10.8. Scores
and availability of outcome data across time, including reasons for drop-out, are reported in
Table 4.2.2. At T=6 years, 258 patients had died (50.4%), and at T=9 years, only 162 (31.6%)
were alive. The observed median (IQR) survival time in years after diagnosis was 2.8 (1.1-5.2).

Latent classes of progression
The observed individual trajectories of MMSE and ADL and means for the entire sample
are depicted in the left panels of Figure 4.2.1. Trajectories of MMSE and ADL were clearly
related, as shown by the strong correlation between their random slopes (1-class model;
R=0.93, p<0.001). When fitting models with increasing numbers of classes, the 2-class model
showed the best balance between model fit and model complexity. This was confirmed by
the LMR test (2- vs. 3-class model: -2LL(7)=219.83, P value =.219). Moreover, the smallest
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Table 4.2.1 Sample characteristics at the study visit of diagnosis (T=3)

Characteristic

Total sample
N=512 (100%)

Class 1
Slow progression
N=394 (77%)*

Class 2
Rapid progression
N=118 (23%)*

Age; mean (SD)

88.3 (5.3)

87.7 (4.8)

90.5 (6.2)

Female

78.3 (401)

78.9 (311)

76.3 (90)

Male

21.7 (111)

21.1 (83)

23.7 (28)

Elementary school

42.9 (219)

43.5 (171)

41.0 (48)

High school or university

57.1 (291)

56.5 (222)

59.0 (69)

17.4 (5.9)

18.9 (4.4)

11.2 (7.0)

8.6 (3.7)

10.3 (2.0)

2.9 (1.9)

68.8 (352)

59.4 (234)

100.0 (118)

Gender (% (N))

Education (% (N))

MMSE score; mean (SD)
ADL score
Mean (SD)
% (N) with ≥1 ADL impairments
Comorbidity count
Mean (SD)

1.8 (1.8)

1.5 (1.7)

2.6 (1.8)

47.5 (243)

40.6 (160)

70.3 (83)

1.0 (1.4)

0.9 (1.3)

1.4 (1.7)

Poor/Limited

31.8 (163)

28.7 (113)

42.4 (50)

Moderate/Extensive

68.2 (349)

71.3 (281)

57.6 (68)

76.7 (393)

80.7 (318)

63.6 (75)

8.9 (45)

7.6 (30)

12.7 (15)

% (N) with ≥2 comorbidities
Anticholinergic burden scale; mean (SD)
Social network† (% (N))

4.2

Dementia type (% (N))
Alzheimer’s Disease
Mixed dementia
Vascular dementia

8.2 (42)

6.1 (24)

15.2 (18)

Other dementia type

5.6 (29)

5.3 (21)

6.8 (8)

Unspecified dementia type

0.6 (3)

0.3 (1)

1.7 (2)

Kungsholmen Project

59.8 (306)

64.7 (255)

43.2 (51)

SNAC-K

40.2 (206)

35.3 (139)

56.8 (67)

2.8 (1.1-5.2)

3.4 (1.7-5.8)

1.1 (0.5-2.4)

Cohort (% (N))

Survival time (years) after diagnosis (median
(IQR))

Note: * reported class counts and proportions are based on the most likely class membership; it should be noted
that individuals are in fact assigned a probability of class membership. † social network was measured at study
baseline. N = number of participants; SD = standard deviation; MMSE = Mini-Mental State Examination (range: 0-30,
higher=better); ADL = Activities of Daily Living (range: 0-12, reverse-coded: higher=better); IQR = interquartile range.
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class contained only 4% of our sample when increasing the number of classes beyond 2,
indicating that a model with more than 2 classes derived from our sample is unlikely to be
replicated. The difference in BIC between the 2-class model and the 3-class model is also
rather small, indicating the model fit improvement caused by the 3rd class was minimal. An
overview of the model fit criteria is shown in Appendix 4.2.3.
The best fitting 2-class model included a class-invariant random intercept and no random
slope. Posterior probabilities (which measure classification accuracy) were high (>0.9) for
both classes, indicating good model fit. The parameter estimates of this 2-class model are
shown in Table 4.2.3 and the trajectories of both classes are depicted in the center and right
panels of Figure 4.2.1.

Table 4.2.2 Scores and availability of outcome data across time
Variable

T=-3

T=0

T=3

T=6

MMSE score [mean (SD)]

27.1 (1.9)

25.2 (2.6)

17.4 (5.9)

12.5 (7.3)

7.6 (7.7)

ADL score [mean (SD)]

11.3 (1.3)

10.8 (2.0)

8.6 (3.7)

5.9 (4.2)

3.6 (3.5)

0.0 (0.0)

Follow-up time in years [mean (SD)]
Number of patients with data on MMSE (%
[count])
Number of patients with data on ADL
(% [count])
Number of deaths (% [count])
Number of drop-outs (% [count])
*

-3.2 (0.5)

T=9

3.1 (0.6)

6.0 (0.7)

8.8 (0.6)

55.3 [283]

91.0 [466] 87.7 [449]

35.4 [181]

12.3 [63]

55.7 [285]

96.7 [495] 99.0 [507]

41.4 [212]

14.1 [72]

NA

NA

NA

50.4 [258]

18.0 [92]

NA

NA

NA

6.6 [34]

<0.1 [2]

Note: reasons include refusal, no contact, or patient had moved away from Stockholm. N = number of participants,
MMSE = Mini-Mental State Examination (range: 0-30, higher=better); ADL = Activities of Daily Living (range: 0-12,
reverse-coded: higher=better); NA = not applicable given our study design, i.e. participants had to be alive and
participating in the study in order to be diagnosed at T=3; T=0 indicates the beginning of the interval during which
dementia clinically manifested. T=3 indicates the study visit at which dementia was first diagnosed. However, it
should be recognised that dementia clinically manifested during interval prior to this study visit. Subjects could
refuse to take the MMSE or ADL questionnaire, which is why the number of subjects with data on MMSE/ADL at a
given time point does not completely add up to the total number of subjects in the study at that time point.
*
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Figure 4.2.1 Trajectories of Mini-Mental State Examination (a,b,c) and Activities of Daily Living scores (d,e,f) across
the entire sample (N=512; grey), class 1 (N=394; blue) and class 2 (N=118; red). The mean trajectories of each plot
are shown in bold. ADL scores were reverse-coded, with higher scores indicating better daily functioning. For the
purpose of plotting, individuals were assigned to classes based on their most likely class membership; it should be
noted that individuals are in fact assigned a probability of class membership in the model.

4.2

Class 1 was the largest, comprising 77% (N=394) of our sample, and showed the slowest
decline. Class 2 comprised 23% (N=118) of our sample and showed much more rapid
cognitive and functional decline, despite similar cognitive and functional abilities at diagnosis.
From here on classes 1 and 2 will be referred to as the slowly declining group and rapidly
declining group, respectively. Patients in the rapidly declining group had a significantly
shorter survival time as compared to those in the slowly declining group. While patients in
the slowly declining group showed a median survival time of 3.4 years after diagnosis, the
median survival time in the rapidly declining group was only 1.1 years (p log-rank=<0.001). In
the course of the interval during which dementia clinically manifested (i.e. between T=0 and
T=3), the estimated average decline in our total sample was -5.1 points for MMSE and -1.7
points for ADL (Figure 4.2.1; left panels). Over the same time period, patients in the slowly
declining group declined with -4.7 point for MMSE and -1.3 points for ADL (Figure 4.2.1;
center panels), while patients in the rapidly declining group declined with -12.4 points for
MMSE and -5.6 points for ADL (Figure 4.2.1; right panels) on average.
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Table 4.2.3 Parameter estimates for MMSE and ADL trajectories by latent class

Prevalence %(N)*
FIXED EFFECTS
Intercept (T=0)
Linear annual rate of decline

Quadratic annual rate of decline
RANDOM EFFECTS
Intercept variance
Residual variance at T=-3
Residual variance at T=0
Residual variance at T=3
Residual variance at T=6
Residual variance at T=9

Class 1
Slow progression
76.95 (394)
Mean (SE)
24.84 (0.14)
11.37 (0.09)
-1.16 (0.04)
-0.19 (0.03)
-0.13 (0.01)
-0.08 (0.01)

Class 2
Rapid progression
23.05 (118)
Mean (SE)
24.93 (0.33)
9.16 (0.31)
-2.41 (0.18)
-1.28 (0.06)
-0.57 (0.07)
-0.20 (0.04)
Mean (SE)
2.29 (0.38)
0.63 (0.18)
1.52 (0.30)
1.12 (0.31)
4.26 (0.51)
2.72 (0.44)
24.25 (2.47)
3.77 (0.58)
49.31 (4.40)
18.68 (1.52)
70.56 (12.63)
11.00 (1.76)

MMSE
ADL
MMSE
ADL
MMSE
ADL
MMSE
ADL
MMSE
ADL
MMSE
ADL
MMSE
ADL
MMSE
ADL
MMSE
ADL

Note: The best fitting 2-class model included class-invariant intercept variance and no random slope.
*
reported class counts and proportions are based on the most likely class membership; it should be noted that
individuals are in fact assigned a probability of class membership. N = number of individuals; MMSE = MiniMental State Examination (range: 0-30, higher=better); ADL = Activities of Daily Living (range: 0-12, reverse-coded:
higher=better); S.E. = standard error.

Predictors of disease progression
All potential predictors of disease progression listed in Table 4.2.1 were examined using
multivariable logistic regression, with predicted class membership in our final 2-class model
as the dependent variable. The results of this regression analysis are summarised in Table
4.2.4.
This analysis was based on 509 patients; 3 patients (<0.1%) were excluded due to missing
values for covariates. Missing explanatory variables were education (N=2) and ACB score
(N=1). Factors associated with slow disease progression in the multivariable model were
lower age, AD dementia type, fewer comorbidities at diagnosis, and a more extensive social
network. For example, one additional chronic disease at diagnosis decreased the likelihood of
being a part of the slowly declining group by 23% (OR=0.77, 95%-CI: 0.66-0.90, P value=.001).
Combining the four significant predictors of dementia disease course yielded an AUC of
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0.75. Figure 4.2.2. depicts ROC curves for successively larger sets of predictors, showing the
discriminative ability of our model increases with each additional predictor.

Table 4.2.4 Odds ratios (OR) and 95% confidence intervals (95%-CI) for membership in slowly progressing class 1
(reference: rapidly declining class 2)
Characteristic

Univariable OR
(95%-CI)

Multivariable OR*
(95%-CI)

Age

0.89 (0.84-0.94)

0.88 (0.83-0.94)

Male gender

0.85 (0.50-1.44)

0.69 (0.37-1.30)

Higher vs. elementary education

0.89 (0.57-1.41)

1.44 (0.67-1.92)

Comorbidity count

0.72 (0.63-0.81)

0.77 (0.66-0.90)

Moderate/extensive vs. poor/limited social network

1.93 (1.21-3.06)

1.72 (1.01-2.93)

AD dementia vs. non-AD dementia

2.58 (1.58-4.22)

2.07 (1.15-3.71)

Anticholinergic burden scale

0.78 (0.67-0.90)

0.87 (0.73-1.05)

Note: * N=509. Bold estimates are significant at p<0.05. OR = odds ratio. CI = confidence interval. AD = Alzheimer´s disease.

4.2

Figure 4.2.2. ROC curves for successive sets of predictors of latent class membership
Green
= age; AUC=0.65
Red
= age, dementia type (non-AD vs. AD dementia); AUC=0.70
Pink
= age, dementia type (non-AD vs. AD dementia), comorbidity count; AUC=0.74
Blue
= age, dementia type (non-AD vs. AD dementia), comorbidity count, social network; AUC=0.75
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DISCUSSION
In the present study we identified two groups of dementia progression, with the majority
of our sample (class 1; 77%) showing relatively mild progression rates, and a smaller group
of patients (class 2; 23%) showing more rapid decline in cognition and daily functioning.
We were able to assign patients to either the slowly or the rapidly declining group with fair
accuracy (AUC = 0.75) based on their age, type of dementia (AD vs. non-AD), social network
and comorbidity count. These factors may contribute to an individualised prognosis for
people with dementia.
The observed average rate of change in MMSE in our study is comparable to the previously
reported rates from the Cache County Dementia Progression study (CCDPS), a populationbased study from Utah (U.S.).4 The high correlation between the trajectories of cognition and
daily functioning observed in our study is consistent with previous studies as well.4-6,15,35 This
indicates that cognitive and functional complaints tend to occur in unison. Furthermore, the
majority of our sample showed relatively slow disease progression, which is consistent with
previously published GMMs of cognitive and functional decline in dementia.5,6
Few studies possess the necessary data to allow for prognostic modelling of multiple
dementia domains, with demographic, medical, and social predictors simultaneously.
However, the predictors examined in this study have been reviewed individually in previous
studies. For example, low educational attainment has been associated with increased risk
of incident dementia36,37 and cognitive decline38 in previous studies. However, no predictive
effect of education on dementia progression was found in the present study. Consistent with
our current findings, a recent systematic review showed a consistent association between
comorbidity burden and more rapid progression in cognition and daily functioning in people
with dementia.11 A meta-analysis including 19 longitudinal cohort studies, concluded that
poor social relationships are associated with cognitive decline in the general population.39
Moreover, an active and socially integrated lifestyle appears to be associated with a decreased
risk of developing dementia.40,41 Our study adds to this by showing that a good social network
also appears to be protective of rapid cognitive and functional decline in people with dementia.
This indicates that social network not only inﬂuences the development of dementia, but
seems to play an important role across the whole cognitive dysfunction continuum. Although
anticholinergic drug load was previously shown to be associated with decreased cognitive
abilities,12,42 it was not a significant predictor of disease course in our multivariable model. We
did find AD dementia type to be associated with less rapid cognitive and functional decline
as compared to non-AD dementia. Differences between rates of cognitive and functional
decline in AD versus non-AD have not been studied extensively, and have mostly focussed on
small groups of vascular dementia patients. These studies reported contradictory findings,
with some studies showing slower decline,43-45 while another showed more rapid decline46 in
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non-AD as compared to AD patients. Longitudinal studies examining rates of decline in large,
representative groups of people with non-AD dementia are currently lacking.
Strengths of our study include the long follow-up period, both before and after the clinical
manifestation of dementia (across a total time frame of 12 years), as well as our exceptionally
large sample of incident dementia cases from population-based cohorts. In addition, the indepth information on disease and patient characteristics available in SNAC-K and KP allowed
us to examine potential predictors that have rarely been examined in the context of dementia
progression, such as a patient’s social network. Linkage to registries allowed for complete
follow-up of comorbidity status, medication use and mortality. Moreover, the populationbased nature of the examined cohorts increases the generalisability of our findings to the
overall population of patients with dementia, as compared to GMMs based on clinical
data.6,47 Furthermore, GMMs can detect important associations, which may be missed by
conventional models using a single mean trajectory to describe progression, as those look
only for effects which are consistent across groups.48
A limitation of our study is the relatively long measurement intervals of 3 years, which
prevents us from examining yearly changes in cognition and daily functioning. These
3-year intervals, in combination with the insidious onset of dementia, also prevent us from
pinpointing the exact moment of dementia diagnosis. This means that the heterogeneity
observed in our study may, in part, be explained by variation in timing of dementia diagnosis.
Another drawback is the short median survival time of our sample, which is probably due
to the high age of the included individuals (mean age of 88.3 years at the visit of diagnosis).
This relatively high age is the result of the fact that we sampled incident cases from a cohort
of older adults. It should also be noted that people living in the Kungsholmen parish of
Stockholm have a relatively high socioeconomic status and educational attainment. These
factors may reduce the generalisability of our observed patterns of decline. Furthermore,
the ACB score used in our study was calculated at the moment of dementia diagnosis, which
may have led to an underestimation of the effect of anticholinergic burden on dementia
progression, given that several antipsychotics with high anticholinergic burden may have
been prescribed later, during the course of the disease. As the ACB score largely overlapped
with the use of antipsychotic medications, we did not include antipsychotic medication use
as separate variable in this study, nor did we include behavioural symptoms. It should also
be noted that alterations in diagnostic thinking over the past 4 decades, which have, for
example, changed practices regarding the diagnosis of vascular and mixed dementia, limit the
generalisability of the dementia subtype distribution reported here. However, the diagnostic
criteria for dementia, on which these analyses are primarily based, have changed little during
that period.

4.2
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CONCLUSIONS AND IMPLICATIONS
This study is the first multidomain trajectory analysis based on a population-based cohort of
over 500 people with incident dementia. We showed that a significant proportion of patients
progressed along a trajectory which was substantially different from the population mean
progression. Lower age, AD dementia type, fewer comorbidities and a good social network
appeared to be protective of rapid cognitive and functional decline. These results call for
an increased focus on non-AD dementia in research, diagnosis, and treatment planning, as
data on the progression speed of non-AD dementia types is scarce. Although the potential
causality of our observed prognostic associations require replication and further study, our
results raise the hypothesis that maintaining a strong social network and reducing the number
of comorbidities may be important in slowing cognitive and functional decline in dementia.
The prognostic factors identified in this study may improve the counseling of patients and
caregivers, and optimize the planning of care in dementia.
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Appendix 4.2.1
List of chronic disease categories included in the comorbidity count
Chronic condition

Prevalence at diagnosis (T=3) % [count]

Solid and hematological neoplasms

9.4 [48]

Heart failure

17.8 [91]

Inﬂammatory arthropathies

2.3 [12]

Schizophrenia and delusional diseases

0 [0]

Epilepsy

1.8 [9]

Diabetes

6.8 [35]

Ischemic heart disease

16.0 [82]

Hypertension

14.5 [74]

Atrial fibrillation

16.2 [83]

COPD, emphysema, chronic bronchitis

5.9 [30]

Cerebrovascular disease

26.0 [133]

Thyroid disease

4.5 [23]

Deafness, hearing impairment

1.0 [5]

Osteoarthritis and other degenerative joint diseases

2.9 [15]

Glaucoma, blindness/visual loss, cataract and other lens diseases

4.9 [25]

Migraine and facial pain syndromes

4.2

0 [0]

Parkinson and parkinsonism

3.1 [16]

Chronic kidney diseases

1.2 [6]

Depression and mood diseases

10.7 [55]

Prostate diseases

3.1 [16]

Chronic liver diseases

0.2 [1]

Colitis and related diseases

8.6 [44]

Chronic pancreas, biliary tract and gallbladder disease

2.0 [10]

Anaemia

12.9 [66]

Inﬂammatory bowel disease

0.2 [1]

Peripheral neuropathy

1.6 [8]

Osteoporosis

5.3 [27]
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Appendix 4.2.2
List of drugs included in the Anticholinergic Cognitive Burden (ACB) Scale
Drugs with ACB score of 1

Drugs with ACB score of 2

Drugs with ACB score of 3

Generic Name

ATC code

Generic Name

ATC code

Generic Name

ATC code

Alimemazine
Alverine

R06AD01
A03AX08
A03AX58
N05BA12
N05AX12
N05AH05
C07AB03
C07FB03
C07CB03
C07CB53
C07BB03
C07DB01
N06AX12
A08AA62
C09AA01
C09BA01
R06AE07
C03BA04
C03BB04
C03EA06
A02BA01
A02BA51
A03CA02
N05BA05
R05DA04
N02AJ07
N02AJ08
N02AJ09
N02AJ06
N02AA59

Amantadine
Belladonna

N04BB01
A03B
A03CB
A03DB
A03BA04
A03CB02
A06AB30
N03AF01
M03BX08
R06AX02
N05AH01
N02AB02
N02AG03
N02AB52
N02AB72
N05AA02
N05AE02
N02BG06
N03AF02
N05AG02

Amitriptyline

N06AA09
N06CA01
N06AA17
A03BA01
A03CB03
N04AC01
R06AB01
R06AB51
R06AA08
R06AB04
R06AB54
N05AA01
R06AA04
R06AA54
N06AA04
N05AH02
G04BD10
N06AA01
A03AA07
R06AA02
R06AA52
N06AA12
R06AA09
R06AA59
G04BD11
G04BD02
A03BA03
A03CB31
N06AA02
N06AA03

Alprazolam
Aripiprazole
Asenapine
Atenolol

Bupropion
Captopril
Cetirizine
Chlortalidone

Cimetidine
Clidinium
Clorazepate
Codeine

Colchicine
Desloratadine
Diazepam
Digoxin
Dipyridamole
Disopyramide
Fentanyl
Furosemide
Fluvoxamine
Hydralazine
Hydrocortisone

Carbamazepine
Cyclobenzaprine
Cyproheptadine
Loxapine
Pethidine

Methotrimeprazine
Molindone
Nefopam
Oxcarbazepine
Pimozide

Amoxapine
Atropine
Benzatropine
Brompheniramine
Carbinoxamine
Chlorpheniramine
Chlorpromazine
Clemastine
Clomipramine
Clozapine
Darifenacin
Desipramine
Dicyclomine
Diphenhydramine
Doxepin
Doxylamine
Fesoterodine
Flavoxate
Hydroxyzine
Hyoscyamine
Imipramine
Meclozine

N02AA79
M04AC01
R06AX27
N05BA01
C01AA05
B01AC07
C01BA03
N01AH01
N02AB03
N01AH51
C03CA01
C03EB01
N06AB08
C02DB02
C02LG02
H02AB09

Methocarbamol
Nortriptyline
Olanzapine
Orphenadrine
Oxybutynin
Paroxetine
Perphenazine

R06AE05
R06AE55
M03BA03
M03BA53
M03BA73
N06AA10
N05AH03
N04AB02
M03BC01
M03BC51
G04BD04
N06AB05
N05AB03
R06AD02
R06AD52
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Drugs with ACB score of 1
Generic Name
ATC code
Iloperidone
N05AX14
Isosorbide
C01DA08
C05AE02
C01DA58
C01DA14
Levocetirizine
R06AE09
Loperamide
A07DA03
A07DA05
A07DA53
Loratadine
R06AX13
Metoprolol
C07AB02
C07FX03
C07FB13
C07FB02
C07FX05
C07CB02
C07BB02
C07BB52
Morphine
N02AA01
N02AG01
A07DA52
N02AA51
Nifedipine
C07FB03
C08CA05
C08GA01
C08CA55
Paliperidone
N05AX13
Prednisone
A07EA03
H02AB07
Quinidine
C01BA01
C01BA51
C01BA71
Ranitidine
A02BA02
A02BA07
Risperidone
N05AX08
Theophylline
R03DA04
R03DB04
R03DA54
R03DA74
Trazodone
N06AX05
Triamterene
C03DB02
Venlafaxine
N06AX16
Warfarin
B01AA03

Drugs with ACB score of 3
Generic Name
ATC code
Propantheline
A03AB05
A03CA34
Propiverine
G04BD06
Quetiapine
N05AH04
Scopolamine
A04AD01
N05CM05
A04AD51
Solifenacin
G04BD08
G04CA53
Thioridazine
N05AC02
Tolterodine
G04BD07
Triﬂuoperazine
N05AB06
Trihexyphenidyl
N04AA01
Trimipramine
N06AA06
Trospium
G04BD09
A03DA06

4.2
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Appendix 4.2.3
Overview of model ﬁt criteria during class enumeration
# Classes
1
2
3
4
5

# Parameters a
19
26
33
40
47

BIC
15,378.33
15,079.73
14,903.57
14,816.53
14,748.01

Entropy
0.894
0.918
0.929
0.786

LMR p-value
0.000
0.219
0.024
0.002

Smallest class size (%)
23.4
4.4
3.5
1.4

a
the process of class enumeration was based on models with class-invariant random intercept. BIC = Bayesian
Information Criterion (lower values imply better model fit); LMR = Lo-Mendell-Rubin likelihood ratio test; Entropy:
higher values imply better classification quality.
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ABSTRACT
Objectives:
The predictive value of frailty and comorbidity, in addition to more readily available
information, is not widely studied. We determined the incremental predictive value of frailty
and comorbidity for mortality and institutionalisation across both short and long prediction
periods in persons with dementia.
Design:
Longitudinal clinical cohort study with a follow-up of institutionalisation and mortality
occurrence across seven years after baseline.
Setting and Participants:
331 newly diagnosed dementia patients, originating from three Alzheimer centers
(Amsterdam, Maastricht and Nijmegen) in the Netherlands, contributed to the Clinical Course
of Cognition and Comorbidity (4C) Study.
Measures:
We measured comorbidity burden using the Cumulative Illness Rating Scale for Geriatrics
(CIRS-G) and constructed a Frailty Index (FI) based on 35 items. Time-to-death and time-toinstitutionalisation from dementia diagnosis onwards were verified through linkage to the
Dutch population registry.
Results:
After seven years, 131 patients were institutionalised and 160 patients had died. As compared
to a previously developed prediction model for survival in dementia, our Cox regression
model showed a significant improvement in model concordance (U) after the addition of
baseline CIRS-G or FI when examining mortality across 3 years (FI: U=0.178, p=0.005, CIRS-G:
U=0.180, p=0.012), but not for mortality across 6 years (FI: U=0.068, p=0.176, CIRS-G:
U=0.084. p=0.119). In a competing risk regression model for time-to-institutionalisation,
baseline CIRS-G and FI did not improve the prediction across any of the periods.
Conclusions:
Characteristics such as frailty and comorbidity change over time and therefore their predictive
value is likely maximized on the short-term. These results call for a shift in our approach
to prognostic modelling for chronic diseases, focussing on yearly predictions rather than a
single prediction across multiple years. Our findings underline the importance of considering
possible ﬂuctuations in predictors over time by performing regular longitudinal assessments
in future studies as well as in clinical practice.
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INTRODUCTION
Dementia is accompanied by an increase in dependence in daily life activities1 and premature
mortality.2-6 Increased dependency puts patients at risk of nursing home placement;7
an outcome known to be associated with anxiety, depression, decreased quality of life,8,9
and increased rates of mortality.10 Reducing risk factors for institutionalisation and death
may delay these adverse outcomes.11,12 Potentially modifiable risk factors for disease
progression13,14 and mortality5,15-17 in individuals with dementia are frailty and comorbidity.
Frailty is characterised by decreased reserves and diminished resistance to stressors due to
the cumulative declines of multiple physiological systems.18 The Frailty Index (FI) is one of the
most commonly used operational definitions of frailty.19 The FI is a scale based on deficits
associated with health status covering multiple bodily systems, with higher scores indicating
more frailty. Several studies have shown an increased prevalence of frailty in patients with
versus without dementia.16,20 The presence of multiple chronic diseases is also common
among older people,21 indicating that dementia patients are likely to suffer from concurrent
diseases, i.e. comorbidity.
Given these associations, frailty and comorbidity indexes may be able to improve predictions
of institutionalisation and mortality and thereby aid individualised prognosis and advance
care planning for dementia patients. However, the use of frailty and comorbidity indexes in
clinical practice requires time for data collection. It is preferable to use prognostic factors that
are commonly available in the setting of a memory clinic, such as age, cognitive function and
the type of dementia, if these could provide us with a prediction of similar accuracy. However,
if comorbidity and/or frailty contribute to the prediction in addition to these established
predictors, their use may be recommended. A critical assessment of the incremental
predictive value of frailty and comorbidity, in addition to more readily available factors, is
therefore necessary to determine whether clinical implementation of these indexes is useful
for the prediction of adverse events.

5.1

Thus, the primary aim of the present study was to examine the incremental predictive value
of frailty and comorbidity for institutionalisation and survival in dementia. Since comorbidity
burden and frailty status may change during the follow-up period, the values of these variables
collected at baseline may not be representative for the patient’s state across the entire study.
We therefore hypothesize that the predictive ability of baseline frailty and comorbidity will
decrease with longer prediction periods. Hence, the secondary aim of this study was to
compare the predictive power of these factors across prediction periods of increasing length.
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METHODS
Participants
We used data from the Clinical Course of Cognition and Comorbidity (4C) Study. This cohort
study comprises a sample of 331 dementia patients in the Netherlands, who were recruited
by three memory clinics at their time of dementia diagnosis between 2010 and 2011. An
elaborate description of the study protocol and characteristics of the 4C dementia cohort can
be found elsewhere.22 Local ethical committees approved the study and written consent was
obtained from participants. The diagnosis of dementia was based on the DSM-IV-TR criteria.23
At baseline and during each yearly follow-up, participants underwent a comprehensive
assessment of their cognitive and functional abilities, neuropsychiatric symptoms and general
health status. After 3 years the active follow-ups ended, after which patients were followed
passively by means of registry data for mortality and institutionalisation outcomes.

Outcomes
The main outcomes of this study are time-to-institutionalisation and time-to-death, measured
from date of inclusion in the study, which corresponds to the moment of dementia diagnosis.
Dates of death and institutionalisation were verified and updated up to February 2017 using
the Dutch population registry. This resulted in a maximum follow-up period of seven years.
Being institutionalised was defined as living in a nursing home or a senior home.

Independent variables of interest
We used the baseline Cumulative Illness Rating Scale for Geriatrics (CIRS-G) total score (range:
0-56) to measure comorbidity.24 When stratifying patients into groups with and without
significant comorbidities, a CIRS-G score ≥2 in two or more domains (excluding the psychiatric
domain) was used as a cut-off. In addition, we constructed a FI (range: 0-1) based on the
accumulation of deficits approach, using a total of 35 items collected at diagnosis, as listed
in Appendix 5.1.1, Table A1. The FI is calculated by dividing the sum of all deficits present by
total amount of deficits counted.25 The FI was calculated if a patient had answered at least 23
deficits. Patients with a FI≥0.25 were considered to be frail.26

Initial prognostic model
As a reference model, on top of which we wanted to evaluate the prognostic value of frailty
and comorbidity, we included demographics and disease characteristics readily available
in the memory clinic setting. These variables were shown to be predictive for mortality in
a previously published model, based on registry data from 15,209 dementia patients from
memory clinics in Sweden.27 These were age, gender, Mini-Mental State Examination (MMSE)
score,28 institutionalisation status (yes or no), co-resident (yes or no) and dementia type.
This information was collected at the moment of diagnosis. Due to low numbers of subjects
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with less prevalent dementia types, we operationalised ‘dementia type’ as a variable with
three categories: Alzheimer’s disease (without a vascular component), any dementia with
a vascular component (vascular and mixed type dementia), and other dementia type. Since
nearly all subjects who were institutionalised at baseline reported to be living alone (19 out
of 21) these risk factors were combined into a ‘residency’ variable, which dichotomised the
population into ‘living alone or institutionalised’ versus ‘living at home with a co-resident’
in the prognostic model for mortality. The large majority (99%) of co-residents consisted of
family members.

Statistical Analyses
Differences in survival time between groups were assessed using the log-rank test. Cox
proportional hazards models were used to calculate hazard ratios (HRs) with 95%-confidence
intervals (95%-CIs) for mortality. Competing risk regression models were used to calculate
subdistribution hazard ratios (SHRs) with 95%-CIs for institutionalisation. These models take
into account the fact that individuals who have died are no longer at risk for institutionalisation
(i.e. these models correct for the competing risk of death).29 We verified the assumption of
proportionality by examining log minus log plots and Schoenfeld residuals of the variables
included in the models. The added predictive value of frailty and comorbidity was assessed
for 1-, 3- and 6-year prediction periods by calculating the improvement in concordance using
the function rcorrp.cens from R package ‘Hmisc’.30 The resulting U-statistic, from here on
referred to as ‘model fit improvement index’ (U), represents the fraction of all possible pairs
of observations for which the extended model (i.e. including comorbidity or frailty) provided
more concordant predictions as compared to the original model (i.e. without comorbidity or
frailty). This statistic can range from -1 (concordance decreased for all pairs) to 1 (concordance
improved for all pairs). Overall model performance was assessed by the concordance index
(c-index), obtained through bootstrap cross-validation (500). We performed complete case
analyses, so subjects with missing values for explanatory variables were excluded from
the models (N=8 and N=9 for institutionalisation and mortality, respectively). Moreover,
participants who were already institutionalised at baseline were excluded from the model
predicting institutionalisation (N=21). As institutionalisation rates appeared to differ across
the study centers in our multicenter study, the analyses for institutionalisation were corrected
for study center. Statistical analyses were conducted using SAS, version 9.4 (SAS Institute, Inc.,
Cary, NC) and R version 3.3.2.

5.1
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RESULTS
The main characteristics of the cohort (N=331) at the baseline assessment are presented
in Table 5.1.1. The FI in our sample ranged from 0.03 to 0.76, and more than half of the
sample (N=218, 65.9%) was considered to be frail (FI≥0.25). The CIRS-G in our sample ranged
from 1 to 27, and 60.4% (N=200) of the sample suffered from significant comorbidity (CIRS-G
score ≥2 in two or more domains). An overview of the affected CIRS-G domains is depicted
in Appendix 5.1.2, Table A2. Among the 331 participants, 131 were institutionalised and
160 had died during the seven years of follow-up. The log minus log plots and Schoenfeld
residuals showed no evidence of violation of the proportional hazard assumption.
Table 5.1.1 Baseline characteristics of the study sample (N=331)
Characteristics

Median (IQR),
unless otherwise stated

Age, years

76.2 (67.4-83.0)

Gender – Male (N[%])

150 [45.3]

Institutionalised – Yes (N[%])

21 [6.4]

Co-resident – None (N[%])

120 [36.5]

Type of Dementia: Alzheimer’s Disease (N[%])

216 [65.3]

Type of Dementia: Vascular and mixed type dementia (N[%])

71 [21.4]

Type of Dementia: Other (N[%])

44 [13.3]

MMSE score

22.0 (20.0-24.0)

CIRS-G total score

9.0 (5.0-13.0)

Frailty Index

0.29 (0.20-0.41)

Note: MMSE = Mini Mental State Examination (range: 0-30); CIRS-G = Cumulative Illness Rating Scale for Geriatrics
(range: 0-56); Frailty Index (range 0-1); being institutionalised was defined as living in a nursing home or a senior
home.

Mortality
The median time-to-death among the 331 persons with dementia was 5.3 years. Survival
times stratified by age and gender are reported in Appendix 5.1.3, Table A3. Univariable
analyses showed that patients who suffered from significant comorbidity at baseline had
a shorter survival time as compared to patients without significant comorbidity (∆ median
survival time = -1.1 years, p log rank = 0.001). Similarly, patients who were frail at baseline
survived significantly shorter as compared to those who were non-frail (∆ median survival
time = -1.3 years, p log rank = 0.010). The survival curves for frailty and comorbidity status
are shown in Figure 5.1.1 and 5.1.2, respectively.
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Figure 5.1.1 Survival stratified by frailty status, based on the dichotomized frailty index (FI).
Frail (red line) = FI≥0.25; Non-Frail (blue line) = FI<0.25.

5.1

Figure 5.1.2 Survival stratified by comorbidity status, based on the dichotomized CIRS-G score. Comorbidity (red
line) = two or more domains of the CIRS-G have a score ≥2; No comorbidity (blue line) = less than two domains of
the CIRS-G have a score of ≥2.

Table 5.1.2 depicts the added value of CIRS-G and FI for the prediction of survival time during
1-, 3- and 6-year follow-up periods, in addition to the variables from our reference model.27
The HRs indicate that having a 10% higher CIRS-G is associated with a twofold increase in
mortality risk, while having a 0.1 higher FI increased mortality risk by 24 to 79% across the
first 1 to 3 year of follow-up. The addition of either CIRS-G or FI to the model including age,
gender, MMSE score, residency and dementia type, significantly improved the predictions
of survival time during 1- and 3-year follow-up periods, as indicated by the index of model
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fit improvement. The fraction of subject pairs for which the model including the FI provided
more concordant predictions as compared to the model without frailty is 0.478 (p<0.001) for
1-year mortality, as indicated by the model fit improvement index. For CIRS-G this fraction
was somewhat smaller and borderline non-significant (U=0.314, p=0.052). Both the HR and
the index of model fit improvement for the FI decreased with longer prediction periods and
became non-significant at 6-year follow-up (HR: 1.01, 95%-CI: 0.90−1.13). A similar pattern
was observed for CIRS-G (Table 5.1.2). The models including either CIRS-G or FI showed
similar performance across the entire follow-up period, with a c-index of 0.72.
When stratifying the effect of CIRS-G on 3-year mortality by organ system, (Appendix 5.1.2,
Table A2) it became apparent that the effect of CIRS-G is not the result of disease in a single
organ system, but rather the result of accumulation of comorbidity in multiple organ systems.
Adding the FI to a model that already included CIRS-G did not result in significant model fit
improvement for any of the prediction periods (results not shown). When adding CIRS-G to
the model including FI, only a slight model fit improvement was observed at a prediction
period of 3 years (U=0.148, p=0.038).

Table 5.1.2 Predictive value of baseline frailty and comorbidity for mortality across different prediction periods
(N=322)
Covariate of interest
Cumulative Illness Rating Scale

Frailty Index

Follow-up
(years)
1

# deaths

HR (95%-CI)

19

2.68 (1.11-6.49)

Index of model ﬁt
improvement (U)
0.314

p-value
for U
0.052

3

78

2.09 (1.26-3.46)

0.180

0.012

6

153

1.30 (0.89-1.90)

0.084

0.119

1

19

1.79 (1.24-2.59)

0.478

<0.001

3

78

1.24 (1.06-1.47)

0.178

0.005

6

153

1.01 (0.90-1.13)

0.068

0.176

Note: HR = hazard ratio. Models were adjusted for age, gender, MMSE, residency and dementia type. The CIRS-G
(range: 0-56) was divided by 10 and the frailty index (range: 0-1) was multiplied by 10 in order to enhance
interpretability of the estimates. Hazard ratios thus represent the effects of a 0.1 higher frailty index, or a 5.6 point
higher CIRS-G on the original scales.

164

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 164

Predicting institutionalisation and mortality

Table 5.1.3 Predictive value of frailty and comorbidity for institutionalisation across different prediction periods
(N=302)
Covariate of interest

Cumulative Illness Rating Scale

Frailty Index

Follow-up # institutionalisations
(years) (# competing events)

SHR Index of model p-value
(95%-CI) ﬁt improvement
for U
(U)

1

29 (15) 1.19 (0.56-2.52)

0.050

0.634

3

86 (31) 0.93 (0.57-1.51)

-0.038

0.558

6

130 (55) 0.68 (0.45-1.04)

0.020

0.722

1

29 (15) 1.16 (0.85-1.60)

0.062

0.615

3

86 (31) 1.06 (0.89-1.27)

0.030

0.664

6

130 (55) 1.04 (0.89-1.21)

0.016

0.792

Note: SHR = Subdistribution Hazard Ratio. Models were adjusted for age, gender, MMSE, co-resident, dementia type
and study center. The CIRS-G (range: 0-56) was divided by 10 and the frailty index (range: 0-1) was multiplied by 10
in order to enhance interpretability of the estimates. Hazard ratios thus represent the effects of a 0.1 higher frailty
index, or a 5.6 point higher CIRS-G on the original scales.

Institutionalisation
The median time-to-institutionalisation among the 331 persons with dementia was 5.1 years.
Observed time-to-institutionalization stratified by age and gender is reported in Appendix
5.1.3, Table A4. Participants who were institutionalised (N=131) were more often female,
but their baseline age, MMSE score, CIRS-G score and FI did not differ significantly from those
who were not institutionalised during the time they were followed.
Table 5.1.3 depicts the added value of CIRS-G and FI for the prediction of 1-, 3- and 6-year
institutionalisation, in addition to the variables from our reference model.27 The predictions
of institutionalisation within 1, 3 and 6 years did not improve significantly by the addition of
either CIRS-G or FI to the model, as indicated by the index of model fit improvement. Similar
to the results for mortality, the HR and model fit improvement index for both CIRS-G and FI
showed a decreasing pattern across increasing prediction periods (Table 5.1.3). The models
including either CIRS-G or FI showed similar performance across the entire follow-up period,
with a c-index of 0.61.

5.1
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DISCUSSION
This study showed that the CIRS-G and FI provide incremental value for the prediction of
short-term (1- to 3-year) survival in dementia, in addition to more readily available predictors
of mortality from the memory clinic. Baseline CIRS-G and FI showed a higher predictive value
for short-term mortality, as compared to long-term mortality. In contrast, time-invariant
factors such as gender and dementia type remained significant on the long term, suggesting
the observed discrepancy between long- and short-term results for CIRS-G and FI may be
caused by changing frailty and comorbidity status over time. When comparing the predictive
value of the two indexes, the FI showed a higher model fit improvement for 1-year mortality
as compared to the CIRS-G, but for 3- and 6-year mortality the model fit improvement was
similar for both measures. For the prediction of time-to-institutionalisation, neither the
CIRS-G nor the FI provided significant model fit improvement across any of the prediction
periods. The prediction models for mortality showed a higher predictive performance than
the models for institutionalisation, as shown by the c-index.
This study has multiple strengths. It includes a representative sample of dementia patients
from a clinical setting, as subjects were not excluded based on comorbid conditions.22 The long
follow-up time allowed us to compare predictions across multiple prediction periods, offering
valuable insight in the short- and long-term benefit of measuring frailty and comorbidity for
the prediction of institutionalisation and mortality in dementia. In contrast to many other
studies examining institutionalisation, we have reduced survivorship bias by taking into
account the competing risk of mortality. To enhance applicability we used the FI, as opposed
to alternative frailty operationalisations. Besides its favourable discriminative ability,26 the FI
is also preferred because it may be derived from various sets of variables.25 This means the
FI does not depend on the measurement of specific characteristics and, although it is not a
routinely used measure, it can be calculated based on routinely available electronic health
record data, e.g. from primary care.31 One of the limitations of this study is its inability to
distinguish nursing homes from sheltered housing facilities based on registry data. Possible
misclassification of the outcome may therefore, in part, explain the lack of incremental
predictive value of the FI and CIRS-G for institutionalisation. It should also be noted that the
1-year models in this study might suffer from overfitting due to the small amount of events.
However, we expect the amount of overfitting to be minimal, since our relatively small set of
covariates was selected a priori.
The observed median time-to-death in our sample is comparable to that reported previously
by a study from the UK.32 The results of the present study are also in line with previous findings
from the ICTUS study; a large European cohort including 1,191 patients with Alzheimer’s
disease. In this cohort the FI was predictive of survival time and time-to-hospitalization, but
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not for time-to-institutionalisation, after correction for age and gender.15 Unfortunately, the
follow-up of the ICTUS study was limited to two years, which precludes comparison to our
long-term results. Moreover, they did not take into account competing risks. An Italian study
based on a small sample of dementia patients (N=75) also showed decreasing HRs of frailty, as
defined by the Cardiovascular Health Study criteria, with longer prediction periods. However,
the study did not examine the incremental predictive value of frailty in addition to MMSE
scores.33 Our results showed that, like frailty, comorbidity status also appears to be more
predictive of short-term as compared to long-term mortality. As with frailty, comorbidity
status may ﬂuctuate over time, rendering baseline CIRS-G unrepresentative of long-term
comorbidity status. This notion is supported by the findings of our recent systematic review,
suggesting a time-dependent association between comorbidity and dementia progression.34
The lack of incremental value of both FI and CIRS-G for the prediction of institutionalisation,
suggests that other factors might play a more important role in the prediction of this
outcome. This is supported by the low performance of the models for institutionalisation
(c-index=0.61). Given the initial prognostic model used in this study was developed to predict
mortality, it is perhaps unsurprising that our models perform better when predicting timeto-death (c-index=0.72). This low model performance for institutionalization is likely due to
the fact that a wide range of factors beyond the examined predictors, such as a patient’s
family, social and financial situation, as well as the sudden onset of concurrent diseases or
symptoms, are inﬂuencing an individual’s ability to live independently.35 However, this type of
information is often lacking in research data, as is the case in the present study. Additionally,
there may be complex interactions between the factors inﬂuencing institutionalisation, of
which we are currently unaware. A previous study suggested that longitudinal assessment of
the clinical symptoms of dementia may provide the best way to predict institutionalisation.36
Piccinin et al. describe analytical approaches to make more time-sensitive use of health
information, including the use of time-varying covariates, which could guide future research
on this topic.37

5.1

CONCLUSIONS
Shared-decision making for the planning of care and end-of-life decisions with caregivers
and persons with dementia is becoming increasingly important in today’s care systems.
Therefore, it is more important than ever for clinicians to be able to provide accurate
information on estimated time-to-institutionalisation and -death. To our knowledge, this is
the first study addressing the incremental value of comorbidity or frailty for the prediction of
adverse outcomes in dementia across different prediction periods. The fact that significant
improvement of mortality prediction was only observed for shorter prediction periods, suggests
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that the added predictive value of frailty and comorbidity is dependent on the timeframe for
which the prediction is made. These findings stress the importance of taking into account
the length of the prediction period, as well as the stability of predictors over time, when
building prognostic models. These implications are not limited to the field of dementia, since
all chronic diseases inherently involve a changing disease, context, and patient status, as they
evolve across multiple years. In order to accurately predict mortality, it is important to take
these changing characteristics into account and discriminate between stable predictors (such
as gender) and possibly changing predictors (such as frailty, comorbidity and cognition).37
Stable predictors are likely to have an enduring prognostic value, whereas changing factors
may merely have prognostic value across shorter time periods. Many prognostic models
focus on predictions across several years, but for understanding the full impact of stable and
changing predictors, short-term predictions are probably more accurate and therefore more
valuable in clinical practice. The option to provide multiple short-term predictions across
several years is often ignored, even though patients with chronic diseases tend to regularly
consult their physician. These results call for a shift in our approach to prognostic modelling
for the course of chronic diseases and underline the importance of considering possible
ﬂuctuations in predictors over time by performing regular longitudinal assessments in future
studies as well as in clinical practice.
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Appendix 5.1.1
Table A1. List of 35 variables included in the Frailty Index
Health variable
Diseases
Cardiovascular disease
Cerebrovascular disease
Psychiatric disorder
Endocrine disease
Somatic disorder
Disabilities
Help Bathing
Help Dressing
Help Brushing Teeth
Use Walking Aid
Help Eating
Help Correspondence
Help Using Toilet
Help Going Out
Help Shopping
Help with Housework
Help with meal Preparations
Help taking Medication
Help with Finances
Lost more than 10 lbs in last year
Self Rating of Health by EuroQol 5D VAS
How Health has changed in last year
Bedridden
Symptoms
Cut down on Activity/Interests
Feel Everything is an Effort
Feel Depressed
Feel Happy
Feel Lonely
Have Trouble getting going
High blood pressure
Extrapyramidal symptoms
Non-ﬂuent speech
Physical performance
Disrupted physical activity
BMI
Grip Strength
Usual Walking Speed

Cut point
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
<70 = 1, >70 = 0
Worse = 1, Better/Same = 0
Yes = 1, No = 0

5.1

Yes = 1, No = 0
Most of time = 1, Some time = 0.5, Rarely = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
Most of time = 1, Some time = 0.5, Rarely = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
Yes = 1, No = 0
<18.5, ≥30 = 1, 25-30 = 0.5, 18.5-25 = 0
Gender and BMI dependent cut-offs38
<2.5 ft/sec = 1, ≥2.5 ft/sec = 0
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Appendix 5.1.2
Table A2. Organ systems affected by significant comorbidity (CIRS-G score ≥ 2) and their effects on 3-year
institutionalisation and mortality
Organ system
Cardiovascular system

Mortality (N=322)

Institutionalisation (N=302)

N (%)

HR (95%-CI)*

SHR (95%-CI)**

189 (57)

1.25 (0.75-2.10)

1.01 (0.61-1.68)

0.94 (0.59-1.49)

1.11 (0.37-3.31)

1.43 (0.89-2.31)

0.60 (0.26-1.41)

1.24 (0.76-2.03)

0.53 (0.24-1.18)

1.55 (0.98-2.47)

0.90 (0.47-1.73)

Heart

90 (27)

Vascular

170 (52)

Hematopeitic
Respiratory system
Respiratory
Eye, ear, nose larynx, pharynx
Gastrointestinal system

25 (8)
111 (34)
54 (16)
72 (22)
85 (26)

Upper digestive tract

43 (13)

Lower digestive tract

35 (11)

Liver

21 (6)

Genitourinary system
Kidney
Urogenital
Other systems

89 (27)
19 (6)
75 (23)
137 (41)

Neuromuscular system

70 (21)

Neurological

48 (15)

Endocrine / metabolic system

59 (18)

Note: HR = hazard ratio. *Adjusted for age, gender, MMSE, residency, dementia type and study center. **Adjusted
for age, gender, MMSE, co-resident, dementia type and study center.
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Appendix 5.1.3
Table A3. Median (IQR) time-to-death by age category and gender based on Kaplan-Meier estimates
Men

Women

Age

deaths/N

Median (IQR)

deaths/N

Median (IQR)

<75

26/79

6.0 (5.0-NA)

24/72

NA (4.9-NA)

75-84

38/53

4.1 (2.5-5.5)

32/66

4.6 (2.9-NA)

≥85

15/18

2.0 (0.9-3.0)

25/43

4.2 (2.0-6.0)

Note: IQR=interquartile range; NA = not assessable due to insuﬃcient events in this group

Table A4. Median (IQR) time-to-institutionalisation by age category and gender based on cumulative incidence rates,
corrected for competing risk of death
Men

Women

Age

events*/N

Median (IQR)

events*/N

Median (IQR)

<75

26/79

NA (4.2-NA)

30/72

NA (3.0-NA)

75-84

19/53

NA (2.0-NA)

29/66

3.1 (1.6-NA)

≥85

4/18

NA (1.7-NA)

23/43

2.4 (0.8 -NA)

Note: IQR=interquartile range; NA = not assessable due to insuﬃcient events in this group; *events represent the
number of institutionalisations
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ABSTRACT
Objective:
To develop survival prediction tables to inform physicians and patients about survival
probabilities after diagnosis of dementia, and to determine whether survival after dementia
diagnosis can be predicted with good accuracy.
Methods:
We conducted a nationwide registry-linkage study including 829 health centres, i.e. all
memory clinics and approximately 75% of primary care facilities, across Sweden. Data
including cognitive function from 50,076 people with incident dementia diagnosis aged ≥65
and registered with the Swedish Dementia Register in 2007-2015 was used, with a maximum
follow-up of 9.7 years for survival until 2016. Sociodemographic factors, comorbidity
burden, medication use and dates of death were obtained from nationwide registries. Cox’s
proportional hazards regression models were used to create tables depicting 3-year survival
probabilities for different risk factor profiles.
Results:
By August 2016, 20,828 (41.6%) patients in our cohort had died. Median survival time from
diagnosis of dementia was 5.1 years (interquartile range: 2.9 to 8.0) for women and 4.3 years
(interquartile range: 2.3 to 7.0) for men. Predictors of mortality were higher age, male sex,
increased comorbidity burden and lower cognitive function at diagnosis, a diagnosis of nonAlzheimer dementia, living alone and using more medications. The developed prediction
tables yielded c-indexes of 0.70 (95%-CI: 0.69 to 0.71) to 0.72 (95%-CI: 0.71 to 0.73) and
showed good calibration.
Conclusions:
Three-year survival after dementia diagnosis can be predicted with good accuracy. The
survival prediction tables developed in this study may aid clinicians and patients in shared
decision making and advance care planning.
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INTRODUCTION
Dementia is a neurodegenerative syndrome, accompanied by increased morbidity and
mortality.1-3 As the prevalence of dementia is expected to increase because of longer life
expectancies around the globe, the proportion of people dying with or due to dementia will
grow as well.4
The Lancet Commission on Dementia Prevention, Intervention and Care has emphasized the
importance of discussing the future with patients and their families, and considering the
needs and wishes of patients towards the end of life.4 Clinical guidelines also recommend
to incorporate information on patients’ life expectancy in clinical decisions.5 However,
clinicians appear to encounter several barriers in this process.6,7 One of the barriers for the
incorporation of patient’s life expectancy in clinical decisions is the uncertainty in predicting
the actual survival probabilities. Another barrier is the diﬃculty of discussing prognosis with
the patient.6 The uncertainty in predicting survival probabilities is partly caused by the lack
of a proper prediction model. Discussing a patient’s prognosis can be facilitated by a clear
tool which visualizes patients’ prognosis based on their personal and clinical characteristics.
Timely communication about patients’ survival prognosis may enhance advance care
planning and shared-decision making in dementia. In the present study, we focus on patients
with a diagnosis of dementia from the Swedish Dementia Registry (Svenska Demensregistret;
SveDem). We aim to (1) predict their survival using routinely collected patient characteristics,
and (2) develop risk tables that can be used to improve the communication of patients’
prognosis in clinical practice.

METHODS

5.2

Data sources
This cohort study is based on patients registered with SveDem from May 2007 to December
2015. SveDem (www.svedem.se) is a national quality registry for monitoring the diagnosis,
treatment and care of people with dementia in Sweden.8 In December 2015, SveDem included a
total of 58,154 individuals meeting the International Classification of Diseases, Tenth Revision
(ICD-10) criteria for dementia.9 All patients in our cohort are people with incident dementia
diagnoses from either primary care or specialist memory clinics. The Swedish Death Registry
was used to obtain dates of death for patients up until the 28th of August 2016. This registry
is maintained by Statistics Sweden and covers 100% of all deaths in Sweden.10 The Swedish
Prescribed Drug Register was used to obtain information regarding drug use. All prescribed
drugs provided through the pharmacy were recorded in this register. The Swedish National
Patient Register was used to obtain medical diagnoses of patients in the cohort. This register
contained medical diagnoses from inpatient and specialized outpatient visits in Sweden from
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2000 to 2014, classified according to the ICD-10 criteria. Both the National Patient Register
and the Prescribed Drug register are maintained by the National Board of Health and Welfare,
which together cover over 99% of all inpatient medical diagnoses and expedited drugs.11,12

Assessment of demographic, medical and medication data
Demographic data at the moment of diagnosis were obtained from SveDem and included
age, sex, living situation (living at home alone, or living at home with a co-resident, or
institutionalized), Mini-Mental State Examination score (MMSE, range: 0-30),13 and dementia
type. Dementia diagnoses were coded as Alzheimer’s disease (AD), vascular dementia (VaD),
mixed dementia (AD and VaD), dementia with Lewy bodies (LBD), frontotemporal dementia
(FTD), Parkinson’s disease dementia (PDD), unspecified dementia and other dementia types.
A detailed description of the diagnostic criteria can be found elsewhere.8 The number of
expedited drugs during the three months prior to dementia diagnosis was extracted from the
Swedish Prescribed Drug Register. The medical diagnoses up until the moment of dementia
diagnosis were selected from the Swedish National Patient Register and used to calculate the
Charlson Comorbidity Index (CCI, range: 0-16).14

Study population
We selected people with late-onset dementia, i.e. persons who were aged 65 years or older at
the time of dementia diagnosis (N=55,578). Patients who lacked information on explanatory
variables (N=5,487; 9.9%) or follow-up time (N=15) were excluded, yielding a total of 50,076
patients. A ﬂowchart of the sample selection process can be found in Figure 5.2.1. Missing
explanatory variables were MMSE (N=2,618), living situation (N=668) and/or dementia type
in the memory clinic setting (N=2,525). As compared to included patients, the patients who
were excluded due to missing values scored lower on the MMSE (Δ=-0.93 point, p<0.001),
and used more drugs (Δ=0.38, p<0.001). Although the median survival was somewhat shorter
among the excluded patients (median survival time: 4.3 [IQR: 2.3-6.9] years as compared to
4.8 [IQR: 2.6-7.6] years in the included cohort, p Log-Rank<0.001), they did not differ from
the included patients in terms of age, CCI and sex.

Statistical analysis
In order to predict survival we used routinely collected characteristics, measured at the
moment of diagnosis. These included age, sex, dementia type, living situation, MMSE score,
CCI and number of drugs used in the three months prior to diagnosis. Survival time was
measured from the date of diagnosis onwards. The last recorded date of death (28th of August
2016) was used as a censoring date for survivors. Kaplan Meier estimates were used to assess
the median and interquartile range (IQR) of survival times in different population strata. Cox
proportional hazards models were used to calculate hazard ratios (HRs) with 95%-confidence
intervals (95%-CIs) for mortality.15 The assumption of proportionality was verified by
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Figure 5.2.1. Flowchart of sample selection

examining log minus log plots and Schoenfeld residuals. The different dementia diagnoses
were grouped according to their HR: types that did not differ significantly from each other
(i.e. with similar HRs) were combined. Dementia subtype was often unspecified for patients
diagnosed in primary care settings; hence we built separate prediction models for patients
from primary care and memory clinics. In the models for patients diagnosed in memory
clinics, dementia subtype was included as a predictor of survival, whereas this covariate
was excluded in the models for primary care patients. A forward selection procedure was
used to select significant predictors of survival (p<0.05). To derive a practical tool from the
prediction models, we created risk tables showing the 3-year survival probabilities for several
combinations of predictor values (i.e. risk factor profiles). In order to provide a concise, yet
discriminatory and accurate tool, we used the order of entering from the forward selection
procedure to select the five strongest predictors for inclusion in our risk tables.
We assessed the performance of our models by examining the discrimination and calibration.16
To assess the model’s discriminative ability, Harrell’s c-index (i.e. a concordance statistic) was
calculated. This index ranges from 0 to 1, with higher values denoting a higher ability of the
model to discriminate between patients who survived and those who died. To determine
the prognostic accuracy of the model, the agreement between predicted and observed
survival curves was visually assessed using calibration plots. To assess the internal validity
of our developed models, we calculated shrinkage factors and the optimism in the Harrell’s
c-indexes through bootstrap cross-validation (150). To compare included patients with those
who were excluded due to missing values, we used one-sample t-tests and the chi-square
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tests. Statistical analyses were conducted using SAS, version 9.4 (SAS Institute Inc, Cary, NC),
supplemented by the macros survcstd,17 calibrationplots and OptimismShrinkageCox.

Standard Protocol Approvals, Registrations, and Patient Consents
Ethical permission for this study was obtained from the regional human ethics committee
of Stockholm (#2009/209–31). Quality registries, such as SveDem, are considered as an
important part of the development and improvement of health and social care in Sweden.
Each patient has to be informed about the registration and has a right to decline participation.
A written consent is not required, however each patient has the right to obtain a copy of the
information that is registered if requested and withdraw consent.

RESULTS
Sample characteristics
A total of 50,076 patients from 829 Swedish health centres were included in the analysis,
with a maximum follow-up time of 9.7 years. Median (IQR) age at diagnosis was 81.6 (76.586.0) and the median (IQR) time to death was 4.8 (IQR: 2.6-7.6) years. The most common
dementia type was AD (N=15,945, 31.8%), followed by mixed dementia (N=10,226, 20.4%)
and vascular dementia (N=10,040, 20.0%). There were 10,298 patients with an unspecified
dementia type (20.6%). The majority of the sample was female (59.4%) and living at home
(90.4%). People diagnosed in primary care were older (Δ=3.0, p<0.001), more often female
(χ2=111.4, p<0.001), and had a lower MMSE score (Δ=-0.8, p<0.001) compared to people
diagnosed in memory clinics. The sample characteristics at the moment of diagnosis are
summarised in Table 5.2.1

Predictors of survival
After 9.7 years of follow-up, 20,828 patients (41,6%) had died (10,863 patients from primary
care and 9,965 patients from the memory clinic setting). The estimated median survival
time from diagnosis of dementia was 4.8 (IQR: 2.6-7.6) years. Survival times stratified by risk
factors for mortality are shown in Table 5.2.2. .
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Table 5.2.1. Characteristics of people with dementia registered in the Swedish Dementia Registry

Median (IQR) age at diagnosis

Primary care
(N=27,930)
82.9 (78.2-86.9)

Memory clinic
(N=22,146)
79.6 (74.5-84.3)

Total sample
(N=50,076)
81.6 (76.5-86.0)

Median (IQR) age at deatha

87.2 (83.0-90.8)

84.6 (79.7-88.8)

86.0 (81.4-90.0)

Median (IQR) Mini-Mental State Examination score

21.0 (17.0-24.0)

22.0 (18.0-25.0)

21.0 (17.0-27.0)

Median (IQR) Charlson Comorbidity Index

2.0 (1.0-3.0)

2.0 (1.0-3.0)

2.0 (1.0-3.0)

Median (IQR) Number of drugs

5.0 (2.0-7.0)

4.0 (2.0-7.0)

5.0 (2.0-7.0)

17,162 (61.5)

12,575 (56.8)

29,737 (59.4)

Sex
Female
Dementia type
Alzheimer’s Disease

7,045 (25.3)

8,891 (40.2)

15,945 (31.8)

Mixed dementia (AD & vascular)

3,940 (14.1)

6,286 (28.4)

10,226 (20.4)

Vascular dementia

5,460 (19.6)

4,580 (20.7)

10,040 (20.0)

Lewy body dementia

177 (0.6)

902 (4.1)

1,079 (2.2)

Parkinson’s disease with dementia

191 (0.7)

550 (2.5)

741 (1.5)

Frontotemporal dementia

122 (0.4)

479 (2.2)

601 (1.2)

Other dementia type

688 (2.5)

458 (2.1)

1,146 (2.3)

Unspecified type

10,298 (36.9)

10,298 (20.6)

Living situation
At home with co-resident

12,110 (43.4)

11,739 (53.0)

23,849 (47.6)

At home without co-resident

12,740 (45.6)

8,679 (39.2)

21,419 (42.8)

Institutionalized

3,080 (11.0)

1,728 (7.8)

4,808 (9.6)

Note: Figures are presented as N (percentage) unless stated otherwise; IQR=interquartile range
a
N=10,863 in primary care, N=9,965 in memory clinics, N=20,828 in total sample
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Table 5.2.2. Median (IQR) survival time in years stratified by risk factors
Men (N=20,339)

Women (N=29,737)

deaths/N

Median (IQR)

deaths/N

Median (IQR)

Sex

9,241/20,339

4.3 (2.3-7.0)

11,587/29,737

5.1 (2.9-8.0)

Median age at diagnosis
65-75

1,507/4,649

6.1 (3.7-9.0)

1,261/5,092

7.5 (4.6-NA)

75-85

4,770/10,657

4.4 (2.5-7.0)

5,231/14,659

5.6 (3.3-8.2)

≥85

2,964/5,033

2.8 (1.4-4.7)

5,095/9,986

3.6 (1.9-5.7)

Living situation
At home together

5,680/13,406

4.7 (2.6-7.4)

3,409/10,443

6.0 (3.5-9.2)

At home alone

2,423/5,158

4.0 (2.2-6.4)

6,329/16,261

5.1 (2.9-7.8)

Nursing home

1,138/1,775

2.6 (1.3-4.5)

1,849/3,033

3.1 (1.6-5.5)

Mini-Mental State Examination score
26-30

1314/3916

6.0 (3.5-9.3)

1360/4730

7.0 (4.3-NA)

22-25

2628/6424

4.9 (2.8-7.3)

3222/9368

5.7 (3.4-8.4)

18-21

2391/5039

3.8 (2.2-6.1)

3057/7910

4.9 (2.8-7.4)

0-17

2908/4960

3.0 (1.5-5.1)

3948/7729

3.7 (1.9-6.2)

1

2,850/7,214

5.1 (3.0-8.0)

4,719/13,902

5.9 (3.6-8.9)

2

1,941/4,351

4.4 (2.5-7.1)

2,794/6,864

4.9 (2.7-7.5)

≥3

4,450/8,774

3.6 (1.9-6.1)

4,074/8,971

4.1 (2.1-6.9)

0-2

2,362/5,644

4.8 (2.7-7.7)

2,721/8,086

5.9 (3.5-8.9)

3-5

3,055/6,864

4.5 (2.5-7.1)

3,609/9,490

5.3 (3.1-7.7)

6-8

2,279/4,821

4.0 (2.2-6.4)

2,930/7,168

4.8 (2.6-7.6)

≥9

1,545/3,010

3.5 (1.7-5.9)

2,327/4,993

4.0 (2.1-6.9)

Alzheimer’s Disease
Vascular dementia

2,197/5,615

5.2 (3.0-7.9)

3,413/10,330

5.1 (3.6-9.0)

2,372/4,734

3.9 (1.9-6.3)

2,304/5,306

4.4 (2.3-7.1)

Mixed dementia

4.8 (2.6-7.3)

Charlson Comorbidity Index

Number of medications

Dementia type

2,009/4,147

4.0 (2.1-6.4)

2,607/6,079

Frontotemporal dementia

124/277

4.2 (2.4-NA)

129/324

5.1 (3.1-NA)

Lewy Body dementia

357/648

3.4 (2.1-5.3)

203/431

4.3 (2.5-6.1)

Parkinson’s disease with dementia

235/465

3.8 (2.2-5.6)

146/276

4.0 (2.2-6.3)

Other dementia type

219/531

4.5 (2.5-NA)

229/615

5.3 (2.9-NA)

1,728/3,922

4.3 (2.3-7.0)

2,556/6,376

4.9 (2.7-7.4)

Unspecified type

Note: IQR=interquartile range; NA = not available because of censored information on survival
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All included covariates depicted in Table 5.2.2 were significant predictors of survival in
univariable analyses as well as in the multivariable models. Moreover, patients diagnosed
at memory clinics generally showed higher mortality risk as compared to those diagnosed in
primary care (HR: 1.15, 95%-CI: 1.11-1.19), after correction for all included covariates. The
results of the multivariable Cox regression models for survival across the entire follow-up
period are depicted in Table 5.2.3. Log-minus-log plots and Schoenfeld residuals showed no
deviation from the proportional hazards assumption.

Table 5.2.3. Multivariable Cox regression models for the prediction of survival in people with dementia diagnosed in
primary care and memory clinics
Primary care (N=27,930)

Memory clinic (N=22,146)

HR (95%-CI)

p-value

HR (95%-CI)

p-value

Age

1.080 (1.076-1.084)

<0.001

1.064 (1.060-1.067)

<0.001

Sex: male

1.441 (1.383-1.502)

<0.001

1.458 (1.397-1.521)

<0.001

MMSE score

0.964 (0.962-0.967)

<0.001

0.952 (0.949-0.955)

<0.001

CCI

1.143 (1.132-1.155)

<0.001

1.113 (1.101-1.125)

<0.001

Number of drugs

1.029 (1.024-1.035)

<0.001

1.018 (1.012-1.023)

<0.001

at home alone

1.049 (1.003-1.097)

0.0377

1.049 (1.002-1.098)

0.041

Institutionalized

1.231 (1.159-1.308)

<0.001

1.550 (1.447-1.661)

<0.001

Living situationa

Dementia subtypeb
FTD/LBD/PDD

-

-

1.749 (1.625-1.882)

<0.001

VaD/mixed/other

-

-

1.238 (1.184-1.295)

<0.001

Note: HR = hazard ratio, 95%-CI = 95% confidence interval, MMSE = Mini-Mental State Examination (range: 0-30;
higher scores indicate better cognitive performance), CCI = Charlson Comorbidity Index (range: 0-16; higher scores
indicate more comorbidity).

5.2

Reference category for living situation is ‘living at home with coresident’.
Reference category for dementia subtype is Alzheimer’s Disease. FTD = Frontotemporal Dementia, LBD = Lewy
Body Dementia, PDD = Parkinson’s disease dementia, VaD = vascular dementia. Dementia subtype was excluded
from the model for primary care, as it was often unspecified in this setting.
a

b

In the model for memory clinic patients, predictors were included in the following order
by the forward selection procedure: age, global cognition, comorbidity, dementia subtype,
sex, living situation, and number of drugs. The order of inclusion was the same for the
model based on primary care patients, except for the fact that comorbidity was included
before global cognition, and dementia subtype was not included in this model. There was
a significant interaction between living situation and sex in our model for primary care
patients. While living alone was a significant risk factor for mortality in men, this was not so
for women. Forward selection of predictors showed that age, sex, comorbidity and global
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cognition were the strongest predictors of survival in both diagnostic settings, in addition
to dementia subtype for patients diagnosed at a memory clinic. To visualize the impact of
these predictors on survival, risk tables were created for males and females from primary
care and memory clinic. These tables show the 3-year survival probabilities for several risk
factor profiles (memory clinic: Figure 5.2.2, primary care: Figure 5.2.3). For example, a 75year old memory clinic patient with AD, who scores 25 on the MMSE and 3 on the CCI, has
a 3-year survival probability of 0.85 (95%-CI: 0.83-0.86). Standard errors of our estimated
3-year survival probabilities were all <0.04. Although significant in the multivariable model,
the last two predictors included by the forward selection procedure, i.e. living situation and
number of drugs, added little discriminatory value to our prediction model. This is shown in
Appendix 5.2.1, which lists the c-indexes of models with increasing numbers of variables.
The increase in c-index after the last two selection steps was very small. In order to provide
a concise, yet discriminatory and accurate tool, the variables living situation and number of
drugs were not included in the figures. The HRs of our final models are shown in Table 5.2.4.

Table 5.2.4. Multivariable Cox regression models including the five strongest predictors of survival in people with
dementia diagnosed in primary care and memory clinics (as visualized in Figures 5.2.2 and 5.2.3)
Primary care (N=28,314)

Memory clinic (N=22,197)

HR (95%-CI)

p-value

HR (95%-CI)

p-value

Age (years)

1.082 (1.079-1.086)

<0.001

1.067 (1.063-1.070)

<0.001

Sex: male

1.393 (1.340-1.448)

<0.001

1.409 (1.353-1.467)

<0.001

MMSE score

0.962 (0.959-0.964)

<0.001

0.949 (0.946-0.952)

<0.001

CCI

1.164 (1.153-1.175)

<0.001

1.128 (1.117-1.140)

<0.001

FTD/LBD/PDD

-

-

1.854 (1.726-1.997)

<0.001

VaD/mixed/other

-

-

1.276 (1.221-1.334)

<0.001

Dementia subtype

a

Note: HR = hazard ratio, 95%-CI = 95% confidence interval, MMSE = Mini-Mental State Examination (range: 0-30;
higher scores indicate better cognitive performance), CCI = Charlson Comorbidity Index (range: 0-16; higher scores
indicate more comorbidity).
Reference category for dementia subtype is Alzheimer’s Disease. FTD = Frontotemporal Dementia, LBD = Lewy Body
Dementia, PDD = Parkinson’s disease dementia, VaD = vascular dementia. Dementia subtype was excluded from the
model for primary care, as it was often unspecified in this setting.
a
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Figure 5.2.2. Three-year survival probabilities for (A) men and (B) women with dementia diagnosed in a memory
clinic
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Figure 5.2.3. Three-year survival probabilities for (A) men and (B) women with dementia diagnosed in primary care

Model performance
To evaluate the ability of our risk tables to discriminate between those who survived the first
three years after diagnosis and those who did not, we calculated the c-index based on the
predictors included in Figures 5.2.2 and 5.2.3 (five predictors for memory clinic patients; four
predictors for primary care patients). The c-index of the model for memory clinic patients was
0.71 (95%-CI: 0.70-0.72) for males and 0.72 (95%-CI: 0.71-0.73) for females. The c-index of
the model for primary care patients was 0.70 (95%-CI: 0.69-0.71) for males and 0.71 (95%-CI:
0.70-0.71) for females. This is substantially higher than the c-index based on age and sex only,
which was 0.65 (95%-CI: 0.64-0.65). The calibration plots of the models on which our tables
were based showed strong agreement between predicted and observed survival curves,
indicating a good accuracy of our prediction (Appendix 5.2.2). Bootstrapped cross-validation
procedures revealed shrinkage factors between 0.994 and 0.996 and optimism in Harrell’s
c-index <0.001 for all of the four models on which the risk tables were based. Standard errors
of the estimated survival probabilities were <0.01.
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DISCUSSION
This study shows that it is possible to provide accurate 3-year survival probabilities for
patients with dementia in this nationwide Swedish patient registry, based on five (four for
primary care setting) characteristics obtained at diagnosis, i.e. age, sex, comorbidity status,
cognitive performance and dementia type. Mortality risk increased with increasing age,
morbidity and cognitive impairment. In accordance with the general population, in our study
men had a lower life expectancy as compared to women. Moreover, patients with AD had a
higher life expectancy as compared to patients with non-AD dementia types. After correction
for covariates, patients diagnosed at the memory clinic generally showed higher mortality
risk as compared to those diagnosed in primary care. This is probably due to the fact that
patients with more complex disease patterns (e.g. non-AD dementia with faster disease
progression, or more severe comorbidity) are more likely to be referred to a memory clinic.
For this reason we stratified our results by diagnosis setting. This stratification reﬂects actual
clinical practice, as dementia subtype is often unspecified in patients diagnosed in primary
care. The observed mean survival time was 5.1 years (SE: 0.02) in our cohort with a mean
age of 81.1 years at diagnosis of dementia. By comparison, the average 80-year old person
in Sweden has a life expectancy of 9 years.18 This average is based on the general Swedish
population, which includes a significant proportion of persons with dementia, so it should be
noted that average survival for persons who do not develop dementia is expected to be even
longer. These results are very similar to previously reported numbers from a UK population
study19 and fit with our current knowledge regarding the detrimental effect of dementia on
life expectancy.
SveDem comprises the world’s largest cohort of people with dementia, including all memory
clinics and approximately 75% of primary care facilities across Sweden. Therefore, this is
one of the largest studies to date examining survival in dementia. Strengths as compared
to the previous SveDem study on survival,20 are the inclusion of patients diagnosed in
primary care , as well as comprehensive information on comorbidity burden, and more exact
information on the number of medications. Moreover, by converting hazard ratios into risk
tables with 3-year survival probabilities, we have created one of the first tools to estimate
survival of people with incident dementia diagnoses and inform decision-making in clinical
practice. Another strength of this study is the wide spectrum of dementia subtypes that have
been distinguished in SveDem. Such detailed information is rarely encountered in studies
assessing survival in dementia, and when available, groups of patients with less common
dementia types are often too small for meaningful subgroup analyses. Although our study
population accurately reﬂects the Swedish population with a clinical diagnosis of dementia,
it should be noted that dementia is generally known to be severely underdiagnosed.21 Based
on population-based studies, SveDem is therefore estimated to cover around 38% of the
entire population suffering from dementia in Sweden.22 The ascertainment of dates of death,
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medical diagnoses and medications through national registers allowed for complete followup and eliminated the risk of attrition and recall bias. The individuals excluded due to missing
values for MMSE, dementia type or living situation differed slightly from the study population
in terms of survival, cognition and medication use, which may have introduced selection bias.
However, sensitivity analyses with worst-case and best-case scenarios indicated the potential
impact of this selection bias is limited, as the number of excluded individuals was less than
10% of our population. Although the Swedish National Patient Registry has an over 99%
coverage of inpatient medical diagnoses, the primary care diagnoses are lacking, causing
the prevalence of diseases such as diabetes (which is often diagnosed in primary care) to
be underestimated. The effect of the CCI observed in the present study may therefore also
be underestimated. Unfortunately, more detailed information regarding a patient’s physical
health, such as the severity of comorbidity, the number of hospitalizations or a patient’s
frailty status was unavailable in SveDem. Also, information regarding genetic factors and
educational attainment were unavailable in this registry-based cohort. The medication data
from the Swedish Prescribed Drug Register provides 100% coverage for all medications taken
out of the pharmacy, but does not include over-the-counter medication and medications
given during hospital admission. As the types of medication available over-the-counter are
limited in Sweden, we do not expect this to have caused substantial bias.
Previous studies have predominantly emphasized the inﬂuence of single characteristics on
survival. For example, lower cognitive performance at the time of diagnosis appears to be
related to an increased mortality risk in dementia in several studies.23,24 A Swedish population
study showed living alone shortened survival with 0.6 years among older people.25 A 15-year
follow-up study of people with dementia treated with cholinesterase inhibitors showed that
impaired daily functioning and greater number of medications are associated with shorter
survival after AD diagnosis.26 Other previously reported risk factors for mortality in both older
people with and without dementia are increased frailty27,28 and multimorbidity.29 Previous
studies based on SveDem data also showed an association between dementia subtypes
other than AD and mortality20 as well as an association between mortality and low BMI.30
Despite these extensive examinations of risk factors for mortality in dementia, the prognostic
performance of multivariable prediction models for survival in dementia is rarely studied. In
the present study, we used SveDem data to evaluate the performance (i.e. prognostic value)
of a prediction model for survival based on routinely collected data. Our models showed
good predictive accuracy as shown by the calibration plots and the models’ discriminative
ability appeared to be modest, yet comparable to that of other clinical prediction models,
such as the Framingham Coronary Heart Disease score.31,32 The high shrinkage factors and
low optimism in the bootstrapped Harrell’s c-index also indicated that our developed models
perform well in SveDem data. We expect our findings to be fairly generalisable to people with
dementia in other Western-European countries, especially countries with similar population
structures and health care systems. However, variations in population age, education levels
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and ethnic composition across countries may decrease the performance of our model.
Therefore, we do recommend recalibrating the prediction model before applying it in other
settings, as our model has not been externally validated yet. Moreover, in order to provide
a concise tool, we decided to include in our risk tables only those predictors which were
found to be most important in our sample. The predictors which were not included in our risk
tables, i.e. living situation and number of drugs, may have considerably more predictive value
in other populations. Hence external validation is important and future studies may benefit
from including all variables listed in Table 5.2.3, as all were found to be significant predictors
of survival.
In today’s care system, shared-decision making for the planning of care and end-of-life
decisions for persons with dementia and their caregivers is becoming increasingly important.
With the rising prevalence of dementia, the need to provide personalised prognosis for
dementia is growing as well. For these reasons, it is more important than ever for clinicians to
be able to provide accurate information on estimated survival. This study provides a practical
tool to predict survival of people with dementia and thereby aid shared-decision making
and advance care planning for this rapidly growing patient group. Moreover, this study
provides estimates of median life expectancy for patients with dementia, stratified by patient
characteristics. This type of detailed reference data is scarce is literature. We acknowledge
there are substantial barriers to providing numerical estimates of life expectancy to patients,33
as both under- and overestimation of survival time may have a negative impact on patients
and their families. For this reason, we presented our results in the form of a colour scheme
representing 3-year survival probabilities, opposed to an estimate of remaining survival
time used in a previously developed tool.34 The risk tables presented in this study may help
physicians incorporate patients’ life expectancy in clinical decision making. Rather than
raising the (false) belief that an accurate estimate of remaining survival time can be given,
the colours are intended to communicate an increasing urgency to consider advance care
planning. As such, the visual representation of 3-year survival probabilities may aid physicians
in addressing the sensitive topic of end-of-life in conversations with patients and caregivers.
This may be particularly important for patients at high risk of mortality who experience acute
events that require possibly harmful interventions, as these patients may decide to refuse
treatment in favour of quality of life.35 Informing patients and their families in a timely manner
about their prognosis, will also allow them to make the arrangements needed to anticipate
events associated with end-of-life, such as nursing home placement.
In conclusion, this study showed it is possible to stratify individuals with dementia into groups
with distinct survival probabilities based on five easily obtainable variables. By providing
more insight in patients’ life expectancy, the developed risk tables may aid shared-decision
making and advance care planning in dementia. Future studies should focus on determining
the model’s predictive performance in other settings (i.e. external validity) and evaluating the
impact of its implementation in clinical practice.36
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Appendix 5.2.1
Concordance statistics of models with increasing numbers of variables
Forward
selection
step*

Included variables

c-index †

95%-CI

1

Age

0.6355

0.6313-0.6398

2

Age + MMSE

0.6642

0.6601-0.6684

3

Age + MMSE + CCI

0.6889

0.6850-0.6929

4

Age + MMSE + CCI + dementia type

0.6979

0.6936-0.7023

5

Age + MMSE + CCI + dementia type + sex

0.7025

0.6982-0.7068

6

Age + MMSE + CCI + dementia type + sex + living situation

0.7048

0.7005-0.7093

7

Age + MMSE + CCI + dementia type + sex + living situation + drugs

0.7059

0.7016-0.7101

Note:* order of variable selection as observed in our model for memory clinic patients; the order of variable selection
by the forward selection procedure in our primary care sample was comparable (living situation and number of
drugs were also included last).
† c-indexes are based on our entire sample consisting of both memory clinic and primary care patients and therefore
the c-indexes in this table are slightly lower than the stratified indexes reported in the text.
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Appendix 5.2.2

Figure 5.2.4. Calibration plot for the model for memory clinic patients. Based on predictors included in the survival
prediction tables (Figure 5.2.2 in the manuscript). Five pairs of predicted (blue) and observed (red) survival curves
were plotted; i.e. the sample was divided in quintiles of survival probabilities (<P20 = lowest quintile, >P80 = highest
quintile); PH = Proportional Hazards predicted survival; KM = Kaplan-Meier observed survival
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Appendix 5.2.2 (continued)

Figure 5.2.5. Calibration plot for the model for primary care patients. Based on predictors included in the survival
prediction tables (Figure 5.2.3 in the manuscript). Five pairs of predicted (blue) and observed (red) survival curves
were plotted; i.e. the sample was divided in quintiles of survival probabilities (<P20 = lowest quintile, >P80 = highest
quintile); PH = Proportional Hazards predicted survival; KM = Kaplan-Meier observed survival

194

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 194

Survival time tool

REFERENCES
1.

Dewey ME, Saz P. Dementia, cognitive impairment and mortality in persons aged 65 and over living in the
community: a systematic review of the literature. Int J of Geriatr Psychiatry 2001; 16: 751-61.

2.

van de Vorst IE, Vaartjes I, Geerlings MI, Bots ML, Koek HL. Prognosis of patients with dementia: results from a
prospective nationwide registry linkage study in the Netherlands. BMJ Open 2015; 5(10): e008897.

3.

Rizzuto D, Bellocco R, Kivipelto M, Clerici F, Wimo A, Fratiglioni L. Dementia after age 75: survival in different
severity stages and years of life lost. Curr Alzheimer Res 2012; 9(7): 795-800.

4.

Livingston G, Sommerlad A, Orgeta V, Costafreda SG, Huntley J, Ames D, et al. Dementia prevention, intervention,
and care. Lancet 2017; 390(10113): 2673-734.

5.

American Geriatrics Society Expert Panel on the Care of Older Adults with Multimorbidity. Guiding principles
for the care of older adults with multimorbidity: an approach for clinicians. J Am Geriatr Soc 2012; 60(10): E1e25.

6.

Schoenborn NL, Bowman TL, Ii, Cayea D, Pollack C, Feeser S, et al. Primary care practitioners’ views on

7.

Tilburgs B, Vernooij-Dassen M, Koopmans R, van Gennip H, Engels Y, Perry M. Barriers and facilitators for GPs in

incorporating long-term prognosis in the care of older adults. JAMA Internal Medicine 2016; 176(5): 671-8.
dementia advance care planning: A systematic integrative review. PLoS One 2018; 13(6): e0198535.
8.

Religa D, Fereshtehnejad SM, Cermakova P, Edlund AK, Garcia-Ptacek S, Granqvist N, et al. SveDem, the Swedish
Dementia Registry - a tool for improving the quality of diagnostics, treatment and care of dementia patients in
clinical practice. PLoS One 2015; 10(2): e0116538.

9.

World Health Organization. The ICD-10 classification of mental and behavioural disorders: diagnostic criteria for
research, 1993.

10. Ludvigsson JF, Almqvist C, Bonamy A-KE, Ljung R, Michaëlsson K, Neovius M, et al. Registers of the Swedish total
population and their use in medical research. European Journal of Epidemiology 2016; 31(2): 125-36.
11. Ludvigsson JF, Andersson E, Ekbom A, Feychting M, Kim J-L, Reuterwall C, et al. External review and validation

5.2

of the Swedish national inpatient register. BMC Public Health 2011; 11(1): 450.
12. Wettermark B, Hammar N, MichaelFored C, Leimanis A, Otterblad Olausson P, Bergman U, et al. The new
Swedish Prescribed Drug Register—Opportunities for pharmacoepidemiological research and experience from
the first six months. Pharmacoepidemiology and Drug Safety 2006; 16(7): 726-35.
13. Folstein MF, Folstein SE, McHugh PR. “Mini-mental state”. A practical method for grading the cognitive state of
patients for the clinician. J Psychiatr Res 1975; 12(3): 189-98.
14. Charlson ME, Pompei P, Ales KL, MacKenzie CR. A new method of classifying prognostic comorbidity in
longitudinal studies: Development and validation. Journal of Chronic Diseases 1987; 40(5): 373-83.
15. Bradburn MJ, Clark TG, Love SB, Altman DG. Survival analysis part II: multivariate data analysis--an introduction
to concepts and methods. Br J Cancer 2003; 89(3): 431-6.
16. Vergouwe Y, Steyerberg EW, Eijkemans MJ, Habbema JD. Validity of prognostic models: when is a model
clinically useful? Semin Urol Oncol 2002; 20(2): 96-107.

195

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 195

Chapter 5.2

17. Kremers
data

with

WK.
time

Calculates

the

dependant

c-statistic

covariates

(concordance,

and

corresponding

discrimination
SE

and

index)

for

100(1-alpha)%

survived
CI.

2008.

http://www.mayo.edu/research/documents/survcstdsas/doc-10027180)
18. Statistiska centralbyrån Sverige (Statistics Sweden). Population by age and sex. Year 2017 - 2110.
http://www.statistikdatabasen.scb.se/pxweb/en/ssd/START__BE__BE0401__BE0401A/BefolkprognRev2017/
(accessed March 22, 2018)
19. Xie J, Brayne C, Matthews FE. Survival times in people with dementia: analysis from population based cohort
study with 14 year follow-up. BMJ 2008; 336(7638): 258-62.
20. Garcia-Ptacek S, Farahmand B, Kareholt I, Religa D, Cuadrado ML, Eriksdotter M. Mortality risk after dementia
diagnosis by dementia type and underlying factors: a cohort of 15,209 patients based on the Swedish Dementia
Registry. J Alzheimers Dis 2014; 41(2): 467-77.
21. Connolly A, Gaehl E, Martin H, Morris J, Purandare N. Underdiagnosis of dementia in primary care: variations in
the observed prevalence and comparisons to the expected prevalence. Aging Ment Health 2011; 15(8): 978-84.
22. Svenska Demensregistret. Årsrapport [Annual report], 2015.
23. Carcaillon L, Peres K, Pere JJ, Helmer C, Orgogozo JM, Dartigues JF. Fast cognitive decline at the time of dementia
diagnosis: a major prognostic factor for survival in the community. Dement Geriatr Cogn Disord 2007; 23(6):
439-45.
24. Ruitenberg A, Kalmijn S, de Ridder MAJ, Redekop WK, van Harskamp F, Hofman A, et al. Prognosis of Alzheimer’s
Disease: The Rotterdam Study. Neuroepidemiology 2001; 20(3): 188-95.
25. Pimouguet C, Rizzuto D, Schon P, Shakersain B, Angleman S, Lagergren M, et al. Impact of living alone on
institutionalization and mortality: a population-based longitudinal study. Eur J Public Health 2016; 26(1): 182-7.
26. Wattmo C, Londos E, Minthon L. Risk factors that affect life expectancy in Alzheimer’s disease: a 15-year followup. Dement Geriatr Cogn Disord 2014; 38(5-6): 286-99.
27. Solfrizzi V, Scafato E, Frisardi V, Sancarlo D, Seripa D, Logroscino G, et al. Frailty syndrome and all-cause mortality
in demented patients: the Italian Longitudinal Study on Aging. Age (Dordr) 2012; 34(2): 507-17.
28. Kelaiditi E, Andrieu S, Cantet C, Vellas B, Cesari M. Frailty Index and Incident Mortality, Hospitalization, and
Institutionalization in Alzheimer’s Disease: Data From the ICTUS Study. J Gerontol A Biol Sci Med Sci 2016; 71(4):
543-8.
29. Rizzuto D, Melis RJF, Angleman S, Qiu C, Marengoni A. Effect of Chronic Diseases and Multimorbidity on Survival
and Functioning in Elderly Adults. J Am Geriatr Soc 2017; 65(5): 1056-60.
30. Garcia-Ptacek S, Kareholt I, Farahmand B, Cuadrado ML, Religa D, Eriksdotter M. Body-mass index and mortality
in incident dementia: a cohort study on 11,398 patients from SveDem, the Swedish Dementia Registry. J Am
Med Dir Assoc 2014; 15(6): 447.e1-7.
31. D’Agostino RB, Pencina MJ, Massaro JM, Coady S. Cardiovascular Disease Risk Assessment: Insights from
Framingham. Global heart 2013; 8(1): 11-23.
32. van de Vorst IE, Vaartjes I, Bots ML, Koek HL. A prediction model for one and three year mortality in dementia;
results from a nationwide hospital-based cohort of 50,993 patients in the Netherlands. Prognosis of dementia:
Utrecht University; 2016: 175-88.

196

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 196

Survival time tool

33. van der Steen JT, Albers G, Licht-Strunk E, Muller MT, Ribbe MW. A validated risk score to estimate mortality
risk in patients with dementia and pneumonia: barriers to clinical impact. International Psychogeriatrics 2010;
23(1): 31-43.
34. Stern Y, Tang MX, Albert M, Brandt J, Jacobs DM, Bell K, et al. Calculator for predicted time to nursing home
care and death in individuals with Alzheimer disease. February 20, 2015. http://www.cumc.columbia.edu/
dept/sergievsky/predictor.html (accessed 30/08 2018))
35. van der Steen JT, Lane P, Kowall NW, Knol DL, Volicer L. Antibiotics and mortality in patients with lower
respiratory infection and advanced dementia. J Am Med Dir Assoc 2012; 13(2): 156-61.
36. Kappen TH, van Klei WA, van Wolfswinkel L, Kalkman CJ, Vergouwe Y, Moons KGM. Evaluating the impact of
prediction models: lessons learned, challenges, and recommendations. Diagnostic and Prognostic Research
2018; 2(1): 11.

5.2

197

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 197

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 198

CHAPTER 6
Discussion

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 199

Chapter 6

200

535937-L-bw-Haaksma
Processed on: 24-9-2019

PDF page: 200

Discussion

This thesis contains eight studies on the progression of dementia and the prediction thereof.
Chapter 2 describes the course, interrelation and clustering of dementia-related symptoms,
i.e. trajectories of cognition, daily functioning and neuropsychiatric symptoms (NPS).1,2
In chapter 3 the effect of comorbidity and frailty on dementia progression is evaluated
through a systematic review3 as well as empirical research.4 Chapter 4 consists of two
studies examining predictors of decline in cognition and daily functioning in dementia, based
American and Swedish data.5,6 Finally, the fifth chapter of this thesis consist of studies on
predictors of institutionalization and mortality in dementia, based on Dutch and Swedish
data.7,8 The current chapter will summarise the key findings, methodological considerations,
and implications of the studies described in this thesis.

KEY FINDINGS
1. Comorbidity and frailty are associated with (more rapid) worsening of cognitive, functional
and neuropsychiatric outcomes, and shorter survival in dementia.
2. Characteristics such as comorbidity and frailty can change over time. Therefore, when
building prognostic models based on such predictors, it is important to take into account
the length of the prediction period.
3. Although people with dementia experience cognitive impairments, as well as impairments
in their daily functioning and behavioural changes, dementia progression studies reporting
outcomes from all three of these categories are scarce.
4. While cognitive and functional trajectories exhibit correlated decline over the course of
dementia, trajectories of neuropsychiatric symptoms (such as delusions and anxiety) show
more complex patterns of increasing and decreasing severity over time.
5. To move towards a better understanding of dementia progression, a broad research
perspective that embraces multidimensionality is needed, focusing not only on neurological,
but also on physical, biological, psychological, and social factors.
6. The majority of people with dementia in our studies showed relatively stable and slow
disease progression; considerably more optimistic as compared to the sample mean
trajectory.
7. Factors which appeared to be protective of rapid cognitive and functional decline were
lower age, Alzheimer dementia type (compared to other types), fewer comorbidities, less
frailty, and a more extensive social network.
8. Predictors of mortality in dementia are unable to predict institutionalization with the same
accuracy. Factors inﬂuencing institutionalization are likely more diverse and complex.
9. Survival time after dementia diagnosis varies widely. The median survival times observed
in our studies ranged from 4.8 (95%-CI: 4.76-4.86) years in the Swedish Dementia Registry
to 5.3 (95%-CI: 4.9-5.6) years in the Dutch 4C study.
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10. It is possible to stratify individuals with dementia into groups with distinct survival
probabilities, based on five characteristics obtained at diagnosis, i.e. age, gender,
comorbidity status, cognitive performance and dementia type.

METHODOLOGICAL CONSIDERATIONS
Study designs
This thesis contains studies based on a variety of cohorts, i.e. clinical, population-based,
and nationwide registry studies. Each study type has advantages and disadvantages. Clinical
studies often possess detailed information about people’s characteristics, medical history
and medication use, but have the drawback of including only those people who visit the
clinic. The latter means that results from clinical studies often cannot be generalized to the
population level. Given that dementia is known to be underdiagnosed,9 results from clinical
studies are particularly at risk of being biased. In contrast, population-based studies include
a wider range of patients, thereby increasing generalisability to the population level, with the
drawback of being more expensive and time consuming due to their large sample size. To limit
the costs, these studies often have longer time periods in between follow-up visits. When
studying dementia progression, these longer time periods in between study visits lead to loss
of information regarding the exact trajectory of decline. Nationwide registries are a relatively
large and inexpensive source of data, but are generally limited to a set of routinely collected
variables. Therefore, registries often lack information beyond clinical characteristics, such as
a patient’s education level or social context.

Strengths
The seven empirical studies described in this thesis are based on cohorts with extensive
follow-up of relatively large samples of people with incident dementia. This is scarce in
literature, as it is not easy to follow-up people who are diagnosed with dementia, due to their
older age and prevalent functional impairments. By using follow-up data of people who were
diagnosed with dementia, this thesis provides unique insights into the course of dementia
and factors inﬂuencing this disease course. This focus on the period after diagnosis is rather
neglected, as most studies in the field of dementia tend to focus on prevention or treatment
prior to the onset of clinical symptoms. The studies in this thesis assume dementia is a
multicausal syndrome10 and therefore both dementia-related characteristics and personal
characteristics were used to predict the course of dementia, contrary to previous studies which
often limited their focus to dementia-related characteristics. Moreover, previous studies on
dementia progression have mostly focussed on a single cognitive outcome measure, thereby
ignoring the multidimensional impact of dementia on patients’ daily life.3 In contrast, the
studies in this thesis have addressed multiple outcome measures of different types. Not
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only dichotomous outcomes such as mortality and institutionalization, but also continuous
outcomes which affect a patient’s daily life more gradually, such as cognitive and functional
changes, were studied over time. This enabled us to study the natural history of dementia.
To obtain a more comprehensive view of dementia progression, we also examined multiple
outcomes simultaneously using advanced statistical methods, i.g. growth mixture models
(GMMs). Given the large heterogeneity of decline in dementia it is important to note that the
mean trajectory is often not at all representative for the majority of the people; i.e. one size
does not fit all.11,12 Hence, individual growth models13 (such as those presented in Figure 2.1)
tend to be oversimplified, as they do not adequately capture the heterogeneity of decline. A
model is always a simplification of the reality; it aims to encapsulate the quantifiable essence
of a complex situation in a simple framework which can then be used to make estimates.
Although simplification cannot be avoided, it is important to limit the reductionism of the
model and to maximize individual applicability.14 We took this into account by using GMMs,
which allow for the identification of subgroups.15 These models enabled us to look beyond
the mean trajectory of decline and identify associations which may otherwise have been
missed. Recognising that more complex models do not necessarily lead to more valuable
results, we made sure to involve a multidisciplinary team of clinicians, epidemiologists and
biostatisticians in the interpretation of our findings, as was previously recommended for
these types of models.16 This enabled us to identify subgroups, which are not only statistically
distinct, but also clinically meaningful.

Limitations
The studies presented in this thesis focus on predictors relating to a patients’ health status,
dementia subtype, and social environment, in addition to demographics. There are many
more types of predictors which can potentially contribute to the prediction of dementia
disease course, such as genetic factors, biomarkers, and imaging data.17,18 Unfortunately, only
few studies possess information on such a wide range of factors and the cohorts used in this
thesis did not. Another limitation is the lack of external validation of the prediction models in
chapters 4.2 and 5.2. These models were based on Swedish samples and extrapolating results
to the population-level, or other populations, should be done with caution. Preferably, one
would recalibrate the prediction models based on local data before applying them in other
settings. In addition, two general limitations are worth noting, which pertain to all research in
this field, rather than to any specific study.

6

Firstly, the timing of the onset of dementia is almost always unknown, both in clinical and
population-based studies. In clinical studies, people are generally included at the time when
they first visit the clinic and receive a diagnosis. This is not necessarily at the start of their
disease. In fact, it may be impossible to unravel the moment of dementia onset, due to its
gradually developing nature. In population-based studies, the large gaps in between study
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visits make it even harder to pinpoint the onset of dementia. Even when variables reporting
time since first symptoms are collected in a study, these are likely inﬂuenced by recall bias
and therefore of limited use. The resulting variability in timing of diagnosis among individuals
within the same study, means we observe different fragments of the disease trajectory for
each individual when we look from diagnosis onwards (i.e. the model’s time zero is not
uniform). Increased symptom length at diagnosis is known to be associated with poorer
cognitive and functional outcomes.19 So people who are diagnosed at a later stage of their
disease, likely decline faster as compared to those who are diagnosed at an earlier stage.
This is known as the horse-racing eﬀect, because just as in a race between fast and slow
horses, you would expect to find the faster horses out in front halfway through the race.20
This raises the question whether observed differences in rates of decline between individuals
in a study are real differences, or merely an artefact of the study design. The horse-racing
effect is illustrated by our results from chapter 4.1, in which a 1-point higher MMSE score
(reﬂecting better cognitive functioning) at diagnosis was associated with a 15% reduced risk
of membership in the rapidly declining class, relative to the slowly declining class (OR = 0.85,
95%-CI: 0.79-0.92, P< .001). In short, the definition of a uniform time zero presents a great
challenge for longitudinal modelling of dementia progression. A study attempting to address
this challenge using temporal clustering was unsuccessful.21 Some studies of biomarker
trajectories have tried to cope with this heterogeneity of dementia onset by assuming the
cognitive decline trajectory is similar for all individuals, and synchronizing trajectories of
biomarkers according to cognitive status.22,23 However, this still is an assumption which is
diﬃcult to reconcile with observations from clinical practice.
Secondly, it should be noted that GMMs of dementia progression appear to be diﬃcult to
replicate across cohorts. Chapter 4.1 describes the replication study of a previously published
model based on American cohorts. Several key findings regarding the correlation between
cognitive and functional decline, as well as the predictors and the speed of decline, were
replicated. However, the amount and shape of the identified classes of dementia progression
was quite different from the original model. While the original study identified four
classes of dementia progression, our replication study identified three classes. In chapter
4.2 we built a GMM based on a Swedish cohort, which resulted in the identification of
only two classes of dementia progression. In summary, the latent classes of cognitive and
functional decline in dementia identified across cohorts differ considerably.5,6,24 Given these
differences in (numbers of) classes identified across our cohorts, one might wonder what
the identified subgroups actually represent. In this respect, it should be noted that latent
classes do not represent actual subtypes of dementia, but rather constitute data-driven
clusters of trajectories meant to improve our understanding of the heterogeneity in disease
progression.25-28 The discrepancies in the amount and shape of the identified classes between
studies are likely due to differences in follow-up time, assessment frequency and study
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population. Moreover, differences in study design inﬂuence our ability to estimate dementia
onset (i.e. the model’s time zero), which in turn inﬂuences the GMM. Discrepancies in the
(number of) classes identified in different studies may also be the result of the general lack
of scientific consensus regarding the best criterion for class enumeration, i.e. the method of
deciding the optimal number of classes.29 Ultimately, the number of classes is determined by
a combination of factors in addition to fit indices, such as parsimony, theoretical justification,
and interpretability.15 This means the process of class enumeration is, in part, a subjective
process. Both in chapters 4.1 and 4.2 contradicting fit statistics were observed when trying
to decide the optimal number of classes, and despite superior performance in a simulation
study29, the bootstrapped likelihood ratio test performed poorly in these studies. To enhance
the objectiveness of our class enumeration process, we used an agreement between at least
two fit indices for class enumeration in the studies presented in this thesis. The diﬃculty
of replicating models is not an inherent problem of GMMs. Although the selection of the
optimal model may be more straightforward in more parsimonious model types (such as
individual growth models) these also show very heterogeneous results across cohorts.30,31

RECOMMENDATIONS
Clinical implications
The studies in this thesis strive to increase the knowledge on dementia progression, ultimately
aiming to inform patients, as well as clinicians and caregivers, about the patient’s expected
disease course. The recent Lancet Commission on Dementia prevention, intervention, and care
indicated that there is little evidence to suggest that knowing prognosis changes management,
improves outcomes, or is helpful to the person with dementia and their carers.32 Although
quantitative evidence is indeed lacking, several qualitative studies do suggests that knowing
prognosis might be helpful. For example, the “uncertainty regarding the disease trajectory”
was found to be an important barrier for advance care planning (ACP).33,34 ACP is likely to
benefit patients through delivery of care congruent with their wishes and may also benefit
caregivers in terms of greater acceptance of the patients’ illness.35 Therefore, the Lancet
Commission would do well noting that the absence of quantitative evidence is not evidence
of absence.36 The fact that there is little quantitative evidence pointing towards a benefit of
knowing prognosis is not surprising, given quantification of the impact of a prognostic model
requires an expensive and time-consuming - ideally randomized - study.37 Few prognostic
models in the medical literature are validated in new patients, let alone evaluated for their
impact on decision making and patients outcomes.38 Nevertheless, the studies described in
chapters 4.1, 4.2, and 5.2 show that it is possible to identify certain patients who are at risk
of particularly rapid decline. Those patients may benefit from increased monitoring of their
health status. In addition, the risk tables presented in chapter 5.2 may aid shared-decision
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making and advance care planning in dementia, by facilitating a discussion regarding the
sensitive topic that is mortality risk. Facilitating such a discussion among caregivers, patients
and their families in a timely manner, will enable them to make the arrangements needed
to anticipate events associated with end-of-life, such as nursing home placement. Hence, it
seems conceivable that the information derived from the prognostic models in this thesis
could positively affect a patient’s quality of life. Yet the benefit likely depends on individual
coping strategies (as some people may prefer not to discuss the future) and more research is
needed to determine the exact effects of knowing prognosis.
Although improving secondary prevention was not the aim of this thesis, the identification of
patient who are at risk of particularly rapid decline may also enable more targeted inclusion
of patients in clinical trials intended to slow dementia progression. Moreover, our findings
suggest potential opportunities for diminishing decline in dementia through modifiable risk
factors, such as social support and comorbidities. However, prognostic studies should not be
interpreted as etiologic evidence and more research is needed to confirm whether improving
social support and the treatment of comorbidities indeed improve the prognosis of dementia.

Scientiﬁc implications
The findings presented in this thesis have several implications for future research. Firstly, as
it is unambiguous that patients also experience impairment in their activities of daily living
and behavioural changes, dementia progression cannot be captured by examining cognitive
impairment alone. In order to provide a comprehensive overview of the impact of dementia
on a patient’s daily life, one should for example also consider the functional impairments and
neuropsychiatric symptoms that accompany a diagnosis of dementia. Although clinicians are
generally aware of the multidimensionality of dementia, this is not always reﬂected in clinical
studies, which predominantly use cognitive measures, as became clear in our systematic
review (chapter 3.1). Hence, the results described in this thesis clearly stress the need to
look beyond cognition by incorporating multiple outcomes from different domains in future
study designs.
Secondly, the variety of identified prognostic factors suggest the need to incorporate a
set of multidomain predictors, when aiming to predict the progression of dementia with
maximum accuracy. Several studies have shown the predictive potential of biomarkers, e.g.
cerebrospinal ﬂuid (p-)tau levels, imaging data (e.g. hippocampal volume), and genetic data
(e.g. APOE4 status) in the progression of dementia.17,18 As such, we could conclude that
future studies should strive to combine those variables with the prognostic factors identified
in this thesis, to achieve maximum accuracy of the predicted prognosis. On the other hand,
it may be wiser to first to consider the purpose for which the model is built, and related to
this, the point at which we will be satisfied with the model’s discriminative ability (AUC).
Although AUCs > 0.7 are required for allocating people to different treatments groups with
potentially harmful side-effects, a very high AUC is not a necessity for every purpose.39
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For example, the prediction tables in chapter 5.2 with an AUC of 0.7 can provide a useful
perspective in individual counselling (provided that some notion of uncertainty is conveyed),
which would be in line with the purpose of these tables. Higher discrimination would indicate
greater separation between patients with a good and bad prognosis and hence better model
performance. However, the discriminatory information that is needed to achieve an AUC of
0.8 is 2.6 times that needed to achieve an AUC of 0.7. To achieve an AUC of 0.9 or 0.95
requires, respectively, 6.0 and 9.8 times the information required to achieve an AUC of 0.7.39
Thus, only predictors dramatically more informative than those currently included in our
model can push the AUC to 0.8 or higher. Hence, it seems unlikely that a model including
more covariates will greatly improve the performance of the prediction tables presented in
this thesis. Given that more parsimonious models, including routinely collected data, are
more likely to be implemented in clinical practice, future studies should carefully consider
the purpose of their prediction model before blindly striving for the highest AUC through
inclusion of many variables.
Thirdly, both our systematic review (chapter 3.1) and the studies in chapters 3.2 and 5.1
stress the importance of the distinction between short- and long-term prediction.3,4,8 Long
follow-up periods are often considered a strength in epidemiological studies. However, it
should be noted that a long follow-up is not necessarily advantageous for the performance
of prediction models. While a certain amount of time is required for a suﬃcient number of
events to occur, a very long follow-up could be detrimental for the predictive value of baseline
characteristics. Over the course of time, a patient’s status may ﬂuctuate and therefore the
baseline measurement may become less representative (and thus less predictive) of the
patient’s health. This means it may be more feasible to provide accurate short-term predictions
as compared to accurate long-term predictions, especially in cases where only baseline
information on predictors is available. As patients with chronic diseases tend to regularly
consult their physician, researchers could report multiple short-term predictions, instead
of one long-term prediction. Another way to consider possible ﬂuctuations in predictors
over time would be to incorporate time-varying predictor variables (as presented in chapter
3.2), which requires regular longitudinal assessments of those variables. In short, careful
consideration of the available analytical approaches is needed when trying to understand
change in the context of dementia.40
In the fourth place, the results from this thesis suggest that caution is warranted when
synthesizing evidence across dementia progression studies. The latent classes of dementia
progression identified in this thesis differed considerably across cohorts. This is likely due
to differences in sample characteristics and differences in study design and methodologies.
Therefore, the field may benefit from studies with a coordinated analysis approach.41 A
coordinated analysis approach comprises the independent analysis of multiple cohorts
using the same statistical methods. Results of such a multi-cohort comparison are hence
not biased by differences in adopted methodologies and can provide valuable insights into
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the characteristics underlying disease heterogeneity. The first coordinated analysis in the
field of dementia progression showed strikingly similar patterns of decline when comparing
trajectories of MMSE and IADL across two cohorts from the Netherlands and the U.S. (chapter
2.2).2 We subsequently conducted a larger coordinated analysis of dementia progression
based on 12 cohorts from 4 different countries, which is currently still work in progress.42
Lastly, it should be noted that the studies in this thesis mainly focussed on epidemiological
performance statistics to judge our models’ usefulness. This actually goes for the entire
body of literature in the field of prognostic models: there is a general lack of focus on the
impact of model implementation in clinical practice.43 Some prerequisites for a model to
have clinical impact are the following. First of all, the importance of the question addressed
by any prediction model should be recognised by both patients and clinicians. In addition,
the difference between the clinician’s ability to predict prognosis and the performance of
an epidemiological model needs to be suﬃciently large. Moreover, clinicians need to be
prepared to change their position. Furthermore, the prediction provided by the model
needs to be accurate. Ideally, the impact of predictions on clinical decisions and subsequent
patient outcomes would be considered thoroughly before embarking on a quest to build a
new prediction model. After model development, the impact of model predictions on clinical
practice can be quantified in cluster-randomized ‘impact studies’.37 However, those studies
often require a lot of time and resources, so not all prediction models can be subjected to
such an elaborate evaluation. Nevertheless, the ever-increasing amount of unused prediction
models in medical literature calls for a change. More qualitative research may help us to align
our prediction models with the interests of patients and clinicians. After all, our research
should not merely be about epidemiological performance statistics. Our research should be
about people.
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SUMMARY
Dementia is a neurodegenerative syndrome affecting multiple aspects of life through cognitive
impairment as well as diminished daily functioning and changes in behaviour. It mainly occurs
in persons older than 65 years. Dementia is linked to a large number of underlying brain
pathologies, of which Alzheimer’s disease (AD), vascular dementia, dementia with Lewy
bodies and frontotemporal dementia are the most common.
Both the disease presentation (i.e. the type of symptoms) as well as the disease progression
(i.e. the speed of decline) vary among people with dementia. In other words, dementia
is a heterogeneous syndrome. Patients who appear to be similar, for example in terms of
age, can have markedly different courses of disease. This heterogeneity in disease course
between individuals raises many questions for people who are diagnosed with dementia and
greatly limits the prognostic capacity of clinicians. Which factors predict the disease course
of dementia? Answering this question will not only reduce uncertainty regarding future care
needs, but can also enhance shared-decision making and personalised care planning for
people with dementia.
Progression of dementia can be operationalised in multiple ways. In this thesis we have
examined both dichotomous outcomes, such as institutionalisation or mortality, and
continuous outcomes, such as cognitive function measured through test scores. Data from
the Netherlands, Sweden and the U.S. were used to analyse the course of dementia in clinical
and population-based cohort studies, combined with registry data.
The overarching goal of this thesis is to provide a better understanding and prediction
of disease progression for people with dementia. To be able to provide a comprehensive
overview of the heterogeneous course of dementia, we examined dementia progression
stratified for distinct subgroups within the population, instead of merely reporting the sample
mean progression. Using advanced epidemiological techniques, we attempted to unravel
which factors are associated with the rate of dementia progression.
In chapter 2.1 we examine the three main domains of dementia progression, i.e. cognition,
daily functioning and neuropsychiatric symptoms (NPS), their interrelation and their
association with quality of life. This study is based on data from 331 people with dementia from
the Dutch 4C cohort, including three years of follow-up. We demonstrate the heterogeneity
of dementia progression between individuals and between the different dementia domains
within individuals. As such, this study presents the motivation for the identification of
subgroups in chapter 2.2 and chapter 4.
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In chapter 2.2 we present a coordinated analysis across two clinical cohorts: the U.S.
National Alzheimer’s Coordinating Center (NACC, N=1628) and the Dutch 4C study (N=331).
Trajectories of cognition and instrumental activities of daily living are modelled jointly in
a parallel-process growth mixture model. We identify three distinct subgroups (i.e. latent
classes) of disease progression with remarkably similar trajectories of decline across both
cohorts.
In chapter 3.1 a systematic review of the literature provides evidence of an association
between comorbid disease burden and the three main domains of late-onset Alzheimer’s
disease (LOAD), i.e. cognitive, functional and psychiatric symptoms. Studies reporting on
all three domains appear scarce. Given that we mainly observed associations between
comorbid disease burden and LOAD domains on the short term, while not in the long term,
we hypothesize that there is a dynamic relationship between comorbid disease burden and
LOAD.
In chapter 3.2 we provide empirical evidence of the dynamic association hypothesised
in chapter 3.1, by examining comorbidity and frailty both as baseline and as time-varying
covariates in individual growth models for cognition and daily functioning. This study is based
on data from 331 people with dementia from the Dutch 4C cohort, including three years of
follow-up. Unlike baseline frailty and comorbidity, time-varying frailty and comorbidity were
strongly associated with more rapid cognitive and functional decline.
In chapter 4.1 we attempt to replicate a previously published prediction model for AD
progression, developed in the Cache County Dementia Progression Study, using data from
1120 people with AD from the NACC. Using growth mixture modelling, we identify three
latent classes with distinct progression patterns of cognition and daily functioning and
confirm that it is possible to predict class membership with relatively good accuracy. We
observe a similar class distribution as compared with that of the original study, with most
individuals being members of a class with stable or slow progression.
In chapter 4.2 we explore the heterogeneity in dementia progression to detect disease,
patient, and social context factors related to slow progression, using data from 512 people
with dementia from two Swedish population-based cohorts with follow-up across 12 years.
Using growth mixture modelling, we identify two latent classes with distinct progression
patterns of cognition and daily functioning and once again confirm that it is possible to
predict class membership with relatively good accuracy. Lower age, AD dementia type, fewer
comorbidities and a good social network are shown to be associated with membership of the
more slowly declining class.
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In chapter 5.1 we investigate the incremental predictive value of frailty and comorbidity
for institutionalisation and survival in dementia, using Cox and competing risk regression
models across prediction periods of increasing length. This study is based on data from 331
people with dementia from the Dutch 4C cohort, with a follow-up of institutionalisation and
mortality occurrence across 7 years after diagnosis. The prediction models for mortality
across 1 through 3 years after diagnosis show significant improvement in model concordance
after the addition of either frailty or comorbidity. However, neither the prediction model
for mortality across 6 years nor any of the prediction models for institutionalisation show
improvement in model concordance after the addition of either frailty or comorbidity.
In chapter 5.2 we examine the predictive ability of routinely collected patient characteristics
for mortality in a sample of 50,076 patients with a diagnosis of dementia registered with the
Swedish Dementia Registry. The maximum follow-up is 9.7 years for survival. The strongest
predictors of mortality are an increased comorbidity burden and a lower cognitive function at
diagnosis, besides higher age and male sex. The prediction models yield c-indexes of 0.70 to
0.72 and show good calibration. We present colour-coded risk tables showing 3-year survival
probabilities.
The studies described in chapters 3.1, 3.2 and 5.1 stress the importance of the distinction
between short- and long-term prediction, by showing that long follow-up is not necessarily
advantageous for the performance of prediction models. When ﬂuctuating predictor
variables are measured only at baseline, it may not be feasible nor accurate to provide longterm predictions. The studies described in chapters 4.1, 4.2, and 5.2 show that it is possible
to identify certain patients who are at risk of particularly rapid decline. Those patients may
benefit from increased monitoring of their health status over time. Moreover, these findings
may enable more targeted inclusion in clinical trials intended to slow dementia progression.
Although it should be noted that the risk tables presented in chapter 5.2 have not been
externally validated, they may facilitate a discussion regarding the sensitive topic that is
mortality risk. Thereby, these tables may enable patients and caregivers to anticipate events
associated with end-of-life, such as the transition to a nursing home. In summary, the work
in this thesis gives novel insight into factors associated with the progression of dementia.
These insights have the potential to improve future studies in the fields of clinical prediction
modelling and dementia progression. On top of that, our findings may aid shared-decision
making and advance care planning in clinical practice.
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Dementie is een neurodegeneratieve ziekte waarbij cognitie, dagelijks functioneren en gedrag
worden aangetast. Het komt het meest voor bij personen boven de 65 jaar. Dementie is een
verzamelnaam voor een reeks hersenaandoeningen, waaronder de ziekte van Alzheimer,
vasculaire dementie, Lewy body dementie en frontotemporale dementie.
Zowel de presentatie van de ziekte (d.w.z. het type symptomen) als de progressie van de
ziekte (d.w.z. de snelheid van achteruitgang) varieert enorm tussen mensen met dementie.
Met andere woorden, dementie is een heterogeen syndroom. Patiënten met vergelijkbare
karakteristieken, bijvoorbeeld dezelfde leeftijd, kunnen een aanzienlijk verschillend
ziektebeloop hebben. Deze heterogeniteit roept veel vragen op bij mensen die net
gediagnostiseerd zijn met dementie en bovendien beperkt het clinici in hun capaciteit om
uitspraken te doen over het toekomstige beloop van de ziekte. Welke factoren voorspellen
het beloop van dementie? Het beantwoorden van deze vraag zal niet alleen onzekerheid over
de toekomstige zorgbehoefte wegnemen, maar kan ook de gezamenlijke besluitvorming en
het gepersonaliseerde zorgplan voor mensen met dementie verbeteren.
De progressie van dementie kan op verschillende manieren worden gemeten. In dit proefschrift
hebben we verschillende soorten uitkomstmaten gebruikt zoals institutionalisering (d.w.z.
opname in een verpleeg/verzorgingshuis), mortaliteit en cognitief functioneren op basis van
test scores. Data van klinische studies, populatiegebaseerde studies en registers afkomstig
uit Nederland, Zweden en de Verenigde Staten zijn gebruikt om het beloop van dementie te
analyseren.
Het overkoepelende doel van dit proefschrift is het ontwikkelen van een voorspelmodel
voor het ziektebeloop van mensen met dementie. Om een grondig beeld te schetsen van
de heterogeniteit van het ziektebeloop, hebben we niet alleen het gemiddelde ziektebeloop
bestudeerd, maar ook de progressie in verschillende subgroepen van de populatie. Met
behulp van geavanceerde epidemiologische technieken hebben we gepoogd te ontrafelen
welke factoren samenhangen met de progressie van dementie.
In hoofdstuk 2.1 hebben we de drie hoofddomeinen van dementieprogressie in kaart
gebracht, d.w.z. cognitie, dagelijks functioneren en psychiatrische symptomen, alsmede de
onderlinge samenhang van deze factoren en hun samenhang met kwaliteit van leven. Deze
studie is gebaseerd op data afkomstig uit de Clinical Course of Cognition and Comorbidity
(4C) studie uit Nederland. In deze studie zijn 331 mensen met dementie opgevolgd over
een periode van 3 jaar. De heterogeniteit van dementieprogressie tussen individuen, en
tussen de verschillende domeinen van dementie binnen individuen, wordt inzichtelijk
gemaakt. Zodoende vormt deze studie de motivatie voor de identificatie van subgroepen in
hoofdstukken 2.2 en 4.
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In hoofdstuk 2.2 presenteren we een analyse van twee klinische cohortstudies: het
Amerikaanse National Alzheimer’s Coordinating Center cohort (NACC, N=1628) en het
Nederlandse 4C cohort (N=331). Het beloop van cognitie en dagelijks functioneren zijn
gezamenlijk gemodelleerd met behulp van clusteranalyse. We identificeren verschillende
subgroepen met elk een uniek ziektebeloop. Hoewel we exact dezelfde statistische
methoden hebben gebruikt in beide studies, zijn de resultaten aanmerkelijk verschillend. Dit
onderstreept hoe lastig het is om gegevens over dementieprogressie te vergelijken tussen
studies.
In hoofdstuk 3.1 levert een systematisch literatuuronderzoek bewijs voor een associatie
tussen comorbiditeit (oftewel andere ziektes dan dementie) en de drie hoofddomeinen
van dementie (cognitie, dagelijks functioneren en psychiatrische symptomen). Studies die
resultaten rapporteren over alle drie de domeinen blijken schaars. Gezien het feit dat wij
met name associaties tussen comorbiditeit en dementiedomeinen op de korte termijn
zagen, en niet op de lange termijn, hypothetiseren we dat deze factoren elkaar over en weer
beïnvloeden.
In hoofdstuk 3.2 leveren we empirisch bewijs voor de hypothese uit hoofdstuk 3.1. Deze
studie is gebaseerd op data van 331 mensen met dementie afkomstig uit het Nederlandse 4C
cohort, opgevolgd over een periode van 3 jaar. We hebben geprobeerd om de achteruitgang
in cognitie en dagelijks functioneren te voorspellen met behulp van comorbiditeit en
kwetsbaarheid. Hieruit bleek dat het voor een accurate langetermijnvoorspellingen belangrijk
is om patiëntkarakteristieken (zoals comorbiditeit en kwetsbaarheid) herhaaldelijk te meten.
In hoofdstuk 4.1 beschrijven we een replicatiestudie van een eerder gepubliceerd
voorspelmodel voor het beloop van de ziekte van Alzheimer, ontwikkeld op basis van de
Cache County Dementia Progression Study. We gebruiken hiervoor data van 1120 NACCpatiënten. Met behulp van clusteranalyse identificeren we drie subgroepen met verschillende
progressiepatronen voor cognitie en dagelijks functioneren en laten we zien dat het mogelijk
is om deze patronen relatief nauwkeurig te voorspellen. De verdeling van individuen over
de subgroepen is vergelijkbaar met die uit de originele studie, waarbij de meeste patiënten
behoren tot de subgroep met stabiele of relatief langzame progressie.
In hoofdstuk 4.2 gaan we op zoek naar persoonlijke, medische en sociale factoren die
gerelateerd zijn aan een relatief langzaam ziektebeloop. We gebruiken hiervoor een groep van
512 patiënten met dementie uit twee Zweedse populatiegebaseerde cohortstudies, die zijn
gevolgd over een tijdspanne van 12 jaar. Met behulp van clusteranalyse identificeren we twee
subgroepen met verschillende progressiepatronen voor cognitie en dagelijks functioneren
en laten we wederom zien dat het mogelijk is om deze patronen relatief nauwkeurig te
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voorspellen. Lagere leeftijd, Alzheimer-type dementie, minder comorbiditeit en een sterk
sociaal netwerk bleken geassocieerd te zijn met een relatief langzaam ziektebeloop.
In hoofdstuk 5.1 onderzoeken we de meerwaarde van de variabelen kwetsbaarheid en
comorbiditeit voor de voorspelling van institutionalisering en overleving bij dementie. We
kijken naar predictie-intervallen van verschillende lengtes. Deze studie is gebaseerd op data
van 331 mensen met dementie afkomstig uit het Nederlandse 4C cohort, waarvoor we tot
7 jaar na diagnose informatie over institutionalisering en mortaliteit hebben verzameld. De
resultaten bevestigen onze hypothese uit hoofdstuk 3; we zien dat, op de korte termijn (1 tot
3 jaar na diagnose), de factoren kwetsbaarheid en comorbiditeit meerwaarde hebben voor
het voorspellen van mortaliteit, echter niet op de lange termijn (6 jaar na diagnose). Voor het
voorspellen van institutionalisering lijken kwetsbaarheid en comorbiditeit geen toegevoegde
waarde te hebben.
In hoofdstuk 5.2 kijken we naar het voorspellend vermogen van routinematig verzamelde
gegevens voor mortaliteit in een populatie van 50,076 patiënten met dementie, geregistreerd
in het Zweedse dementieregister. Deze groep is tot 9.7 jaar na diagnose opgevolgd voor
mortaliteit. De sterkste voorspellers voor mortaliteit zijn meer comorbiditeit en een lager
cognitief functioneren bij diagnose, naast een hogere leeftijd en mannelijk geslacht. De
voorspelmodellen waren in staat om mortaliteit redelijk nauwkeurig te voorspellen. Deze
resultaten zijn omgezet in kleurrijke risicotabellen waarin de kans op 3-jaarsoverleving wordt
weergegeven.
De studies beschreven in hoofdstukken 3.1, 3.2 en 5.1 benadrukken het belang van
onderscheid tussen korte- en langetermijnvoorspelling. Het is vaak lastig om accurate
langetermijnvoorspellingen te maken, zeker wanneer er sprake is van ﬂuctuerende
voorspellers die slechts eenmalig gemeten zijn (bijv. aan de start van een studie). De studies
beschreven in hoofdstukken 4.1, 4.2 en 5.2 laten zien dat het mogelijk is om patiënten te
identificeren die een groot risico lopen op een agressief ziektebeloop. Deze patiënten zouden
mogelijk baat hebben bij een intensievere controle van hun gezondheidsstatus. Daarnaast
zouden deze bevindingen kunnen helpen bij de gerichte inclusie van patiënten voor klinische
studies gericht op het vertragen van de progressie. Hoewel de risicotabellen uit hoofdstuk
5.2 nog niet extern zijn gevalideerd, kunnen ze mogelijk toch een faciliterende rol spelen
in de lastige discussie over mortaliteitsrisico bij dementie. De tabellen zouden patiënten
en zorgverleners kunnen helpen om beter te anticiperen op gebeurtenissen rondom het
levenseinde, zoals de verhuizing naar een zorginstelling.
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Samengevat biedt dit proefschrift nieuwe inzichten in factoren die geassocieerd zijn met
het ziektebeloop van dementie. Deze inzichten kunnen bijdragen aan de verbetering van
toekomstige studies naar dementieprogressie. Bovendien kunnen onze bevindingen helpen
bij gezamenlijke besluitvorming en zorgplanning in de klinische praktijk.
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