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A B S T R AC T

Survival analysis is a unique branch of statistical approaches tailored for analysing time-to-
event data, including censored observations, with the primary outcome being the time until
an event occurs. The Cox Proportional Hazards model is a popular regression technique
in survival analysis due to its semi-parametric nature, which describes the instantaneous
potential of observing the event. Whilst the model is suitable under certain conditions, there
lies an assumption within this model that researchers can mistakenly avoid. The results can
be misleading for time-to-event data that violate this assumption. This thesis aims to enrich
the Cox Proportional Hazards model fitting using the Partial Likelihood without dismissing
its popular semi-parametric aspect into the Cox model for time-varying covariates. We
continue to examine the theoretical foundations of this extended Cox model to allow for
random effects that lead towards fitting a mixed-effects Cox model using the Penalised
Partial Likelihood.

The International Resident Assessment Instrument (interRAI) dataset acts as our source
of time-to-event data, where the event corresponds to the death of an individual. This study
aims to determine, from interRAI data, the predictors that could increase dementia mortality.
The data include individuals with and without dementia, and we further split this data into
two age groups to delineate predictors of young-onset and late-onset dementia mortality. We
apply the mixed-effects Cox model to each age group based on aspects of their demographic,
disease diagnoses, physical health, psychosocial health, and lifestyle elements to create five
separate models for each age group. We control each model by gender and ethnicity.

Our significant findings mainly concentrate on young-onset dementia subjects. Those
who suffer from a history of strokes, a record of falls, and moderate to severely impaired
vision can lead to a higher risk of death than young-onset dementia patients who do not
suffer from these three previously mentioned illnesses of the same age. Our models also
suggest that young-onset dementia patients with a terminating assessment over the age of 65
have a higher potential of death over non-dementia of a similar age range due to unobserved
heterogeneity under select health aspects. This higher potential mainly comes from the
patients’ disease diagnoses, physical health and psychosocial health.

ii



AC K N OW L E D G E M E N T S

My sincerest gratitude goes to my primary supervisor Dr. Claudia Rivera-Rodrigeuz for her
insightful teachings on statistical modelling in an intuitive manner and for encouraging me
to push the boundaries of the analysis. You have inspired confidence within me that I would
never have nurtured on my own.

Similarly, I must express my most profound appreciation toward my co-supervisor, Dr.
Gary Cheung, for explaining the intricacies of the challenging data. This challenge has
inspired me to strive for precision in accomplishing all tasks.

As this research project comes to an end and I set the put in the last full stops, I’d like
to think an endeavour for further learning has only just begun from the influences of your
mentorship. Thank you both for this unforgettable learning experience, an experience I will
treasure hereafter.

iii



C O N T E N T S

Abstract ii

Acknowledgements iii

List of Figures vi

List of Tables viii

Initialisms and Abbreviations x

1 Introduction 1
1.1 Epidemiology and Effects of Dementia . . . . . . . . . . . . . . . . . . . . 2

1.1.1 Impacts in New Zealand . . . . . . . . . . . . . . . . . . . . . . . 4
1.2 Research Ambitions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.3 Thesis Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2 Survival Analysis 8
2.1 Censoring Schemes and Truncation . . . . . . . . . . . . . . . . . . . . . . 10
2.2 The Survival Function . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.3 The Hazard Function . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.4 Cox Proportional Hazards . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.4.1 Likelihood Estimation . . . . . . . . . . . . . . . . . . . . . . . . 17
2.4.2 Parameter Inference . . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.4.3 Model Diagnostics . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3 Extending the Cox Model 23
3.1 Time-dependent Cox Model . . . . . . . . . . . . . . . . . . . . . . . . . . 24
3.2 Concepts of Frailty . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.2.1 The Log-normal Frailty Distribution . . . . . . . . . . . . . . . . . 28
3.3 Inference under the Penalized Partial Likelihood . . . . . . . . . . . . . . . 29

3.3.1 The Newton-Raphson Algorithm . . . . . . . . . . . . . . . . . . . 31

4 Methods to interRAI Data 33
4.1 Data and Model structure . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4.1.1 Selected predictors of mortality . . . . . . . . . . . . . . . . . . . . 35
4.2 Big Data techniques . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
4.3 Statistical Software . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4.3.1 R Packages for Survival Analysis . . . . . . . . . . . . . . . . . . . 40
iv



Contents v

5 Results and Discussions 41
5.1 Exploratory Data Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 42

5.1.1 Fitting the Proportional Hazards Model . . . . . . . . . . . . . . . 46
5.2 The Mixed Effects Cox Model . . . . . . . . . . . . . . . . . . . . . . . . 48

5.2.1 Divide and Recombine . . . . . . . . . . . . . . . . . . . . . . . . 49
5.3 Evidence of Effects by Age Group . . . . . . . . . . . . . . . . . . . . . . 50

5.3.1 Significant predictors of increased dementia mortality . . . . . . . . 57

6 Concluding Remarks 58
6.1 Strengths and Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
6.2 Future research options . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

A Mathematical solutions 60
A.1 Laplace approximation of the log-normal distribution . . . . . . . . . . . . 60

B Data description 62
B.1 Contingency tables of dementia . . . . . . . . . . . . . . . . . . . . . . . . 62
B.2 Research ethics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

C Fitted Mixed Effects Cox Models 70
C.1 Table results for the cohort of middle-aged adults . . . . . . . . . . . . . . 70
C.2 Table results for the cohort of older adults . . . . . . . . . . . . . . . . . . 76

D Programming Codes in R 82
D.1 Custom imputation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
D.2 Divide & Recombine in R . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

Bibliography 85



L I S T O F F I G U R E S

2.1 Subject follow-up in a theoretical study with five subjects. (a) shows the follow-
up period on a calendar time duration, (b) shows the follow-up period using
the study time duration. A filled circle announces when the event occurs whilst
an unfilled circle expresses censoring. The dashed vertical line on each graph
denote the termination of the study period. . . . . . . . . . . . . . . . . . . . . 9

2.2 Censoring mechanisms for (a) left-censoring which shows the subject displays
COVID-19 symptoms before the screening, and (b) interval-censoring where
the subject experiences symptoms between the timeframe from a negative to a
positive result. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.3 A display of two scenarios of left-truncation. Subject 1 obtains the event
before the study begins where their truncation time overtakes their survival time.
Subject 2 is already in the risk set before the study origin and attains the event
later. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.4 A graphical comparison of the log of Λptq for a binary covariate Xij P t0, 1u
against time. (a) satisfies the proportionality assumption whilst (b) violates this
assumption. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

3.1 A division of time intervals for a single covariate. This division produces two
hazard ratios, thus two coefficients for a single fixed covariate. The dashed
vertical line denotes the time interval split at t0. . . . . . . . . . . . . . . . . . 25

3.2 Log-normal density functions for various values of the normal distribution
variance σ2. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.3 A flowchart of maximising the penalised partial likelihood for a semi-parametric
shared random effects model [52]. ϵ is a minuscule number for accepting the
convergence criterion. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

4.1 A timeline with the exact dates of the data gathering phases. The first portion
refers to a stage where the study allows new individuals for monitoring. The
second portion discontinues new admissions but continues to monitor surviving
subjects. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

4.2 A workflow of preparing the data for analysis and the number of individuals in
each group. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

4.3 A flowchart diagram of the three step divide and recombine technique for big
data. S denotes the total number of subsets. . . . . . . . . . . . . . . . . . . . 39

5.1 Kaplan-Meier curves of mortality stratified by dementia status for middle-aged
adults, along with a risk table evaluated at every 5 years and the number of
censored subjects. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

vi



List of Figures vii

5.2 Kaplan-Meier survival curves, stratified by dementia status, for the cohort of
older adults. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

5.3 Histogram of non-censored patients’ age at final assessment stratified by demen-
tia statuses for (a) the group of middle-aged adults and (b) the group of older
adults. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

5.4 Survival curves with censoring patterns by dementia statuses for (a) the group
of middle-aged adults and (b) the group of older adults. . . . . . . . . . . . . . 45

5.5 A series of subplots with Schoenfeld residuals against age at assessment for
dementia, gender, marital status and ethnicity. . . . . . . . . . . . . . . . . . . 48

5.6 The profile likelihood for variance values on the model of demographic variables
for middle-aged adults. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

5.7 The profile likelihood for variance values on the model of disease diagnosis
variables for middle-aged adults. . . . . . . . . . . . . . . . . . . . . . . . . . 52

5.8 A boxplot of predicted frailties by age at final assessment in 5-age intervals from
the model involving disease diagnosis variables for middle-aged adults. . . . . 52

5.9 The profile likelihood for variance values on the model of psychosocial variables
for middle-aged adults. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

5.10 The profile likelihood for variance values on the model of lifestyle variables for
middle-aged adults. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

5.11 Graphical representations of frailty with (a) density, stratified by dementia
status and (b) interval boxplots based on the model of lifestyle elements for
middle-aged adults. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

5.12 The profile likelihood for variance values on the model of physical health
variables for middle-aged adults. . . . . . . . . . . . . . . . . . . . . . . . . . 55

5.13 Graphical representations of frailty with (a) density, stratified by dementia status
and (b) interval boxplots based on the model of physical health aspects for
middle-aged adults. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

5.14 A plot of the density of predicted frailty values, stratified by dementia based on
a model of disease diagnosis for older adults. The minuscule horizontal axis
range suggests limited heterogeneity, averaged from all subsets. . . . . . . . . . 56



L I S T O F TA B L E S

1.1 Number of estimated dementia cases for people over 60 years old in 2001
and projected dementia cases at 2020 and 2040 by World Health Organisation
regions. The estimated and projected numbers pools together all dementia
subtypes and causes. Adapted from [46]. . . . . . . . . . . . . . . . . . . . . . 3

1.2 Relative risks and risk factor prevalence, given in percentages, for potentially
modifiable risk factors contributing to dementia at different age thresholds.
Retrieved from [100]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.3 A summary of selected previous studies of predictors believed to have con-
tributed to increased dementia/AD mortality. Adapted from [69]. . . . . . . . . 6

2.1 Different residuals types along with their compendium of summarised purposes.
Partly adapted from [36]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

3.1 Generic data layout for a single subject i. q � 1, . . . , ri denotes the intervals for
the ith subject. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

4.1 A crosstable of hypothetical data entries treatment and control groups against
statuses showcasing a case of an infinite coefficient. . . . . . . . . . . . . . . . 38

5.1 A exploratory crude Cox proportional hazards model fitted with demographic
variables interacting with dementia statuses for the group of middle-aged adults. 47

5.2 A check of the proportional hazards assumption for a Cox regression model
with demographic variables interacting with dementia. This check is a global
chi-square test. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

B.1 Characteristics by dementia onset of the middle-aged study cohort. . . . . . . . 65
B.2 Characteristics by dementia onset of the older adults study cohort. . . . . . . . 68

C.1 Output from a mixed effect Cox model with a by-patient frailty component for
middle-aged adults. This model contains demographic variables interacting with
dementia. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

C.2 Output from a mixed effect Cox model with a by-patient frailty component for
middle-aged adults. This reduced model contains disease diagnosis variables
interacting with dementia, adjusted by gender and ethnicity. . . . . . . . . . . . 72

C.3 Output from a mixed effect Cox model with a by-patient frailty component
for middle-aged adults. This reduced model contains psychosocial variables
interacting with dementia, adjusted by gender and ethnicity. . . . . . . . . . . . 73

viii



List of Tables ix

C.4 Output from a mixed effect Cox model with a by-patient frailty component for
middle-aged adults. This reduced model contains lifestyle variables interacting
with dementia, adjusted by gender and ethnicity. . . . . . . . . . . . . . . . . . 74

C.5 Output from a mixed effect Cox model with a by-patient frailty component
for middle-aged adults. This reduced model contains physical health variables
interacting with dementia, adjusted by gender and ethnicity. . . . . . . . . . . . 76

C.6 Output from a mixed effect Cox model with a by-patient frailty component for
older adults adults. This model contains demographic variables interacting with
dementia. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

C.7 Output from a mixed effect Cox model with a by-patient frailty component for
older adults. This reduced model contains disease diagnosis variables interacting
with dementia, adjusted by gender and ethnicity. . . . . . . . . . . . . . . . . . 78

C.8 Output from a mixed effect Cox model with a by-patient frailty component for
older adults. This reduced model contains psychosocial variables interacting
with dementia, adjusted by gender and ethnicity. . . . . . . . . . . . . . . . . . 79

C.9 Output from a mixed effect Cox model with a by-patient frailty component for
older adults. This reduced model contains lifestyle variables interacting with
dementia, adjusted by gender and ethnicity. . . . . . . . . . . . . . . . . . . . 80

C.10 Output from a mixed effect Cox model with a by-patient frailty component for
older adults. This reduced model contains physical health variables interacting
with dementia, adjusted by gender and ethnicity. . . . . . . . . . . . . . . . . . 81



I N I T I A L I S M S A N D A B B R E V I AT I O N S

AD Alzheimer’s Disease 1, 2, 33

ADL Activities of Daily Living 36, 37, 54, 64, 67, 75, 76,
81

BLUP Best Linear Unbiased Prediction 31, 32

c.d.f. Cumulative Distribution Function 12, 13

CHESS Changes in Health, End-stage disease, Signs, and
Symptoms

35, 36, 53, 56, 63, 66, 75,
81

CLT Central Limit Theorem 49, 56, 82

COPD Chronic Obstructive Pulmonary Disease 36, 51, 63, 66, 72, 78

CPS Cognitive Performance Scale 36, 64, 67, 75, 76

DRS Depression Rating Scale 36, 37, 64, 67, 73, 79

i.i.d. Independent and Identically Distributed 14, 15, 26, 27, 82

IADL Instrumental Activities of Daily Living 6, 37

interRAI International Resident Assessment Instrument 6, 7, 33, 34, 35, 36, 38, 41,
42, 44, 46, 48, 49, 55, 56,

58, 59, 62, 82

ML Maximum Likelihood 17, 18, 29, 40

p.d.f. Probability Density Function 13, 17, 26, 27, 28, 29, 60,
61

PH Proportional Hazards 6, 7, 15, 16, 17, 18, 20, 21,
23, 24, 26, 27, 34, 39, 40,

44, 46, 49, 57

REML Restricted Maximum Likelihood 31, 32, 40

x



I N T RO D U C T I O N 1
In a period rife with exemplary philosophers, perhaps one of the more conscious notions
during the ancient times was the idea of cognitive decline. Classical Greek culture was
captivated by inquiry and judgement to explore culture and society, such that their system of
reasoning is evident in the modern world. Naturally, ancient Greeks in the Hellenistic period
placed such high regard on reasoning. They would try to question the nature of declining
mental capabilities, which is commonly known as dementia in contemporary terms. Some
of the most eminent philosophers in history, including Plato and Pythagoras, postulated
that ageing is the principal cause of a set of conditions that describe degrading cognitive
functions [83]. By these accounts, both philosophers deducted that dementia is inevitable
with senility. In later periods, the well-known Roman philosopher Marcus Tullius Cicero
challenged this association between ageism and dementia. In his literary piece De Senectute,
approximately translated as On Old Age, Cicero disassociates the assumptions put forth by
the Greek philosophers [24]. More concisely, Cicero suggests that significant degrading
mental capabilities do not necessarily accompany ageing but rather establish that dementia
manifests conditionally throughout ageing.

Early accounts from the Hellenistic period were not entirely wrong in their presumptions
about the association between senility and the onset of dementia. However, the suspected
circumstances causing the onset of dementia have taken a turn in modern periods. Con-
temporary contributions in neurology have begun to favour the idea that dementia is not
a part of standard ageing [90, 94]. At the beginning of the twentieth century, psychiatrist
Alois Alzheimer introduced a report on the instance of progressive dementia in a 51-year-old
woman in defiance of her younger age [84]. Thus, the post-mortem discovery of the sub-
ject’s brain began the most common form of dementia known as Alzheimer’s Disease (AD).
Although widely unacknowledged, an equivalent discovery was the work of another psychia-
trist named Oskar Fischer, who was probing the brains of older people with dementia [53].
The two psychiatrists held congruent conclusions of plaques and tangles being present in the
brain. Little remains known about Oskar Fischer, but his contributions, along with Alois
Alzheimer, furthered the causes and understanding of dementia across all ages. Through
cross-sectional and longitudinal studies with the assistance of neuroimaging technology,
modern medical research has seen success in separating the effects of pathological ageing
against normal ageing [92].

Dementia presents itself as a group of debilitating symptoms acquired from brain dis-
ease. Memory impairment is most notable and is severe enough to impact daily activities.
Additionally, difficulties in conversation, judgment, and concentration fall under the list
of common symptoms [76]. The entire catalogue of symptoms is extensive; regardless of
which symptoms exist in any individual, dementia comes in stages and gradually worsens
with time. An affected individual will require continual assistance with most activities in the
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2 Chapter 1. Introduction

final stages. Early tailored treatment can alleviate the burdens of dementia. Well-planned
palliative care interventions in the early stages of dementia have shown positive effects, such
as the ease of negative neuropsychiatric consequences [99], and less evidence of compelling
results in later stages. Dementia, as a permanent condition, is more than simply losing one’s
mental state or independence over its duration. The most compelling byproduct of dementia
is the loss of one’s identity, which inescapably affects an individual’s entire social circle.
Without ways to cure dementia, the only way ahead is through further research. Although
modern medical researchers have constructed the foundations for the onset and possible
effects of dementia, a more profound understanding surrounding the mortality of dementia
would require a further epidemiological interpretation.

1.1 Epidemiology and Effects of Dementia
Dementia is a rather extensive umbrella term and encompasses a lineup of neurological
conditions separated by subtypes [87, 76]. The list below is only a select few subtypes of
many, each with subtle differences in causes and effects. It shows that dementia has been an
evermore complex syndrome to examine with many aetiologies and treatment options.

• The infamous AD being the most common cause, resulting in approximately two-
thirds of dementia cases and often considered the archetypical form of dementia [90].
There is a somewhat blurry delineation between Alzheimer’s disease and dementia,
given their near-identical crippling characteristics. AD is a type of disease whilst
dementia is an umbrella term that encompasses a range of infirmities, including the
ones listed below.1

• Vascular dementia is the second most common cause at 20% [87]. Arising as a
byproduct of disrupted blood flow, individuals with long-term high blood pressure
will experience thickening arteries and eventual formation of blood clots restricting
cerebral oxygen flow [93]. A physical stroke is also highly correlated with vascular
dementia, along with gait complications [76].

• Lewy body dementia comprises between 5% to 15% of all dementia cases [76];
however, the exact specific causes are still not well understood. For this reason, Lewy
body dementia is likely to be underdiagnosed as a consequence of its varied clinical
presentations [102]. Vital peculiarities include episodic cognitive impairment, visual
hallucinations, and short-term memory loss [87]. Affected persons may also reveal
struggles similar to that of Parkinson’s disease [76].

• Frontotemporal dementia, which registers for about 2.7% of all dementia cases [80].
Inheritance is a substantial component where a family history of frontotemporal
dementia puts a person at increased risk [71]. The concerning changes include disinhi-
bition and impulsiveness and are especially common in young-onset dementia [76].
More common than to have been previously thought, young-onset dementia has been
heavily underdiagnosed due to the lack of understanding surrounding frontotemporal
dementia [70].

1Any combination of the subtypes may also give rise to mixed dementia. Although not classed as a subtype
of dementia, AD also attributes to mixed dementia [67].
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The most widely accepted age for late-onset dementia onset is 65 and over [80, 83]. On the
other hand, young-onset dementia, describes those ages below 65 with similarly described
symptoms. For an ageing population, dementia will be a pressing issue to challenge. Just as
the age distribution shifts, so will the number of afflicted individuals and afflicted proportion
with dementia. As established by the World Health Organisation, prevalence across regions
shares similar trends. Table 1.1 implies that dementia will become increasingly prevalent for
a population age of over 60, causing a double in estimated prevalence every two decades.
Amongst the developing world (including the developing Western Pacific and South Asia,
etc.), the populous will be especially prone to exponentially increasing dementia prevalence
due to a lack of resources for dementia prevention. Additionally, areas with a high life
expectancy (including Western Europe, North America, etc.) hold no exception to increasing
dementia prevalence. Although the projected increase rate is slower than their developing
counterparts, these regions typically contain a high proportion of an ageing population which
will seek to increase dementia prevalence over the coming decades. Caring for dementia is
also an arduous appointment. It is often the responsibility of family or relatives of dementia
patients who must devote their livelihoods to caregiving. Whilst family caregiving for
dementia patients can have positive outcomes, such as harmonising relationship qualities,
more often than not, this devotion causes further health complications for the caregiver. Such
complications include psychological morbidity, social isolation and ailing physical health,
which resonates firmly with dementia patients. Previous researchers label these carers as
the "invisible second patients" as their involvement unveils the covert uncertainty when
estimating dementia numbers [56].

Table 1.1: Number of estimated dementia cases for people over 60 years old in 2001 and
projected dementia cases at 2020 and 2040 by World Health Organisation regions. The
estimated and projected numbers pools together all dementia subtypes and causes. Adapted
from [46].

Absolute number of people over 60 years
old with dementia (millions)

2001 2020 2040

Western Europe 4.9 6.9 9.9
Eastern Europe low adult mortality 1.0 1.6 2.8
Eastern Europe high adult mortality 1.8 2.3 3.2
North America 3.4 5.1 9.2
Latin America 1.8 4.1 9.1
North Africa and Middle Eastern Crescent 1.0 1.9 4.7
Developed Western Pacific 1.5 2.9 4.3
China and the developing Western Pacific 6.0 11.7 26.1
Indonesia, Thailand, and Sri Lanka 0.6 1.3 2.7
India and South Asia 1.8 3.6 7.5
Africa 0.5 0.9 1.6

Total 24.3 42.3a 81.1
a The current estimate is closer to 50 million dementia cases, for all ages, worldwide [100].

Advancing age is synonymous with increasing risk as other ailments or injuries may also
arise from a compromised health system which, in turn, affects the onset of dementia. Apart
from the most apparent risk, a thorough compendium collects some of the age-unrelated risk
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factors from previous studies [100]. Table 1.2 summarises their findings for the relative risks
and the risk factor prevalence for dementia. The risk factors are split into three age groups
to reflect potentially modifiable factors at each threshold. As conceivably expected, factors
that discourage cognitive stimulus boast high relative risks, such as hearing loss and social
isolation [100]. Factors that are known to contribute to stroke, and hence vascular dementia,
also appear on this list, such as hypertension, smoking, heavy alcohol consumption, physical
inactivity, and diabetes with varying degrees of relative risks [85].

Although these factors may be contributing to dementia incidence, they may not nec-
essarily support dementia mortality. When explaining the predictors of mortality, only a
few of the listed constituents contributing to dementia incidence would significantly affect
survival times in those who already have dementia. Assisting predictors in mortality in
Table 1.3 and other research shows scarce overlaps between predictors in mortality and
factors of incidence in Table 1.2. Upon comparing the two tables, certain risk factors such
as hypertension, depression, and diabetes appear to be potential incidence and mortality pre-
dictors. Arguably, these selected predictors may contribute to all-cause mortality rather than
mortality from dementia. Previous research isolating and identifying significant contributors
to dementia mortality tends to contradict one another than see agreeable conclusions. For
instance, studies including genetic predictors exhibited no association between mortality and
a specific allele status [54].2 Conversely, there have been studies deciding that this confirmed
allele status is associated with dementia mortality [48]. With such conflicting opinions, little
remains known on the specific impacts of the survival duration for those who have dementia.

1.1.1 Impacts in New Zealand
There is also some research into dementia in New Zealand that emphasises preventing
dementia. In 2020, an estimated number of people living with dementia was 70,000, a
figure that researchers expect to increase to 170,000 by 2050 [104]. New Zealand comprises
multiple ethnic groups, with research that focuses on identifying optimal dementia prevention
purposes based on the health experiences of various cultures. Minority ethnic groups and
vulnerable populations are prone to many risk factors for dementia due to their socio-
economic deprivation [100]. This disparity in socio-economic deprivation between ethnic
groups affects their access to appropriate health outcome requirements. Dementia research is
repeatedly borderless - seeking to generalise certain findings that can apply to the totality of
populations. Many researchers believe but can hardly confirm, quantitatively, that dementia
risks vary for differing ethnic groups within-country [89, 100]. Domestic research has sought
to analyse preventable risk factors of dementia by ethnic groups using localised data.

A research example of tailoring specific dementia risk reduction policies for different
ethnic groups illustrates such a purpose [104]. This study compares the lineup of preventable
risk factors that Livingston et al. had established [100] (from Table 1.2) to data in New
Zealand. The domestic prevalence of contributing dementia risk factors is higher than global
figures, with the most notable three being obesity, hypertension, and physical inactivity
[104]. A closer inspection of the prevalence between ethnicities offers an explanation. New
Zealand’s distribution of ethnic groups composes of European descent (70.2%), Maori
(16.5%), Pacific peoples (8.1%), and Asian (15.1%).3 For New Zealand Europeans, Māori,
and Pacific peoples, the contributing risk factors for these ethnic groups are mainly due to

2The allele as mentioned earlier status is the presence of the APOE-ε4 allele, which is known to provoke
young-onset dementia onset [54].

3People may also identify with multiple ethnic groups, raising the total percentage above 100%.
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Table 1.2: Relative risks and risk factor prevalence, given in percentages, for potentially
modifiable risk factors contributing to dementia at different age thresholds. Retrieved from
[100].

Relative Risk for dementia
(95% CI)

Risk factor prevalence

Early life (  45 years)

Less education 1.6 (1.3-2.0) 40.0%

Midlife (age 45-65 years)

Hearing loss 1.9 (1.4-2.7) 31.7%
Traumatic brain injury 1.8 (1.5-2.2) 12.1%
Hypertension 1.6 (1.2-2.2) 8.9%
Alcohol (¡ 21 units/week) 1.2 (1.3-1.9) 11.8%
Obesity (body-mass index
¥ 30)

1.6 (1.3-1.9) 3.4%

Later life (age ¡ 65 years)

Smoking 1.6 (1.2-2.2) 27.4%
Depression 1.9 (1.6-2.3) 13.2%
Social isolation 1.6 (1.3-1.9) 11.0%
Physical inactivity 1.4 (1.2-1.7) 17.7%
Diabetes 1.5 (1.3-1.8) 6.4%
Air pollution 1.1 (1.1-1.1) 75.0%

obesity [104]. Previous research links hypertension to obesity [59], reinforcing both risk
factors on the list. Physical inactivity also correlates with obesity but is more of a risk factor
for the Asian population. These findings may not lead to the complete expulsion of the
highlight risk factors; however, feasibly reducing these factors through policy changes can
delay or prevent dementia prevalence.

1.2 Research Ambitions
Whilst early period philosophers established the foundation for symptoms of dementia, they
lacked the means to acquire quality data to elevate their conclusions on dementia incidence
and mortality. As a discipline that specialises in analysing data, the use of statistics has
perenially been accountable for well-informed decision making. By its very nature and with
relevant data, research into dementia using statistics goes hand in hand. In the previous
section, we have seen that inquiries into dementia incidence are ample. On the other hand,
inquiries into dementia mortality are ample yet contrasting in their collective conclusions.
For this reason, we intend to further the perspectives on the predictors of dementia mortality
through the inquiry of clinical-focused data. Pre-existing research works using survival
analysis to scrutinise dementia mortality are numerous [28, 37, 39, 54], with many of these
studies concentrating on depicting the lifetimes of subjects with dementia. These studies
provide a good motivation for those interested in analysing the survival time where dementia
already manifests in patients. Given the superfluity of this type of data, survival analysis is
most fittingly appropriate to model the lifetimes of a population.
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Table 1.3: A summary of selected previous studies of predictors believed to have contributed
to increased dementia/AD mortality. Adapted from [69].

Study Significant predictors in de-
mentia/AD mortality

Non-significant predictors

Ganguli et al. [47] Yearly increase in age
Males (compared to fe-
males)
Increasing IADL scalea

Depressive symptoms
Prescriptive medications

Mini-Mental State Examina-
tion score

Helzner et al. [54] Hypertension
Diabetes

Gender
Ethnicity
Stroke
APOE genotype

Larsen et al. [45] Decreasing Mini-Mental
State Examination score
Increasing Dementia Rating
Scale
Frontal release signs
Gait disturbance
Wandering

Psychiatric symptoms
Behavioural change
Falls
Urinary incontinence
Depressive symptoms
Symptom duration

a Instrumental Activities of Daily Living (IADL)

The abundance of literature on survival analysis makes for an influential starting point
to transfer the previous knowledge into the workings of this thesis. Many previous and
related studies support the use of nonparametric estimation and recognisable regression
models for medical data [15, 22, 55]. In particular, these articles frequently advocate the
earlier developments in survival analysis in the form of (a) the Kaplan-Meier estimator
and (b) the Cox Proportional Hazards (PH) model. The techniques and models mentioned
earlier intuitively work in tandem to (a) estimate survival lifetimes and (b) examine affecting
predictors of survival. In their own right, these techniques and models are appropriate and
effective. Still, there is an incentive to build upon earlier developments due to inevitable
limitations on these techniques and models that we intend to inspect. We take heavy
inspiration, throughout this project, from these related works and expand on certain notions
to accommodate the complexities concerning dynamic and individualised data when model
fitting.

This thesis aspires to recognise the value of survival analysis in the context of pertinent
survival data. Our objective is to give an overview of the application of survival analysis
techniques under contemporary developments. Additionally, we strive to apply modern
developed knowledge to model, with prudent judgments, the supposed predictors that
hasten mortality in dementia patients with New Zealand International Resident Assessment
Instrument (interRAI) data. Resulting of this thesis, we contemplate how future survival
analysis could apply to similar data types. The following section establishes how this thesis
will address the research objective.
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1.3 Thesis Structure
The remaining arrangement of this thesis is as follows:

• Chapter 2 describes the rigorous mathematical formulations of survival analysis. These
basics establish the requirements that the data must follow for this analysis technique.
In particular, we review a "checklist" of the common terminology that is present
in survival data sets throughout section 2.1. Sections 2.2 and 2.3 showcase the use
of estimators that represent the survival experiences in different viewpoints. The
much-coveted Cox PH model shown in section 2.4 provides a basis for all further
developments to come.

• Chapter 3 continues the findings from the previous chapter and discusses ways to
circumvent the underlying PH assumption when we are faced with data that cannot
match this assumption. Section 3.1 introduces time-dependent covariates into the Cox
model, thus contradicting the PH assumption. We introduce shared frailty models to
model heterogeneity by groups in section 3.2. Owing to the more complex parameteri-
sation, section 3.3 outlines the process behind the model fitting procedure with the
penalised partial likelihood.

• Chapter 4 details how we may apply some of the routines we reviewed from the
previous chapters to New Zealand-based interRAI data. Section 4.1 gives a review of
interRAI data and its importance to our recommended model specification. Section
4.1.1 provides a deeper review of the initial predictor variables we have chosen in the
study. Due to the computational burden of modelling, section 4.2 announces ways to
alleviate this burden when working with big data. Section 4.3 is a brief comment on
computational software and packages tasked with model fitting.

• Chapter 5 applies many of the principal discoveries from the previous chapters into
practice using interRAI data. Section 5.1 initiates our applications by exploring
potential uses for the interRAI data. Following this exploratory data analysis, Section
5.2 amends the faults we had previously detected using crude methods. To amend
these faults, we discuss the approach moving forwards to produce our final regression
models. Ultimately, Section 5.3 presents these final models and gives evidence of
significant dementia-related mortality predictors.

• Chapter 6 summarises the findings from this thesis. We provide brief details on the
strengths and limitations of this research project. In closing this thesis, we recommend
further directions that may produce improved results.
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This chapter serves to establish the fundamentals of survival analysis. The origins of
survival analysis began during the seventeenth century when the widely regarded patron
of demography John Graunt sought to produce the first life table that describes casualties
at distinct ages [23]. The life table has been favoured in epidemiology and medicine to
compare the survival time between groups exposed to a potentially fatal disease under
different treatments. Although primarily used to represent mortality over time, this data
analysis technique has matured to become widely flexible to model predicaments of a less
melancholy kind. These applications include any event of interest other than death, such as
disease incidence, recurrence of a medical condition, or to generate a failure time distribution
for electronic equipment. Survival analysis may also take the bynames Failure Time Analysis
or Event History Analysis, to name a few, thus reflecting its broad applicable extensions to a
manifold of disciplines which involves modelling things with limited lifetimes.

To understand the process designs we intend to explore in this thesis, we explore the
required tools for the upcoming data analysis methods. Unlike the usual statistical procedures
such as linear or logistic regression analysis, survival analysis distinguishes itself for two
specific reasons. Firstly, the response or outcome variable is survival time. Secondly, the
survival analysis methodology handles data where some experimental subjects are not needed
to observe the main event of interest, leading to censoring. Standard statistical procedures
are incapable of handling censored observations in their models. In describing the exposure
outcome, survival analysis uses a measure of effect relatable to logistic regression. The
measure of effect in logistic regression is in terms of an odds ratio, exponentiated by one or
more regression coefficients. Survival analysis works the same way with hazard ratios as
the measure of effect, expressed as the exponential of one or more regression coefficients.
Censoring leads to incomplete information, but this information is not considered entirely
missing. In principle, we possess limited information about the survival time, although we
do not know the exact survival time. Censored data has three leading causes: (1) a subject
does not encounter the event before the study ends; (2) a subject is lost to follow-up during
the study period; (3) a subject is withdrawn from the study for reasons unrelated to the
main event [65]. With hypothetical, randomly generated survival data containing only five
subjects, Figure 2.1 exemplifies these situations of censoring.

With these data requirements in place, we define the following notations. Let

• Tsurv be a random variable which stands for a person’s survival time until the event
taking values such that Tsurv P R¥0.

• C denote the censoring time, also a random variable with C P R¥0.

• T characterise the observed "survival time" where T � mintTsurv, Cu.
8
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Notice that both Tsurv and C are both practically impossible to observe synchronously
[68]. We accept that if a subject abandons the study, we can only observe their censoring
time. However, if a subject exhibits the event first, their true censoring time is unknown.
Ultimately, we can only observe one of the two random variables. We express an indicator
random variable D to define the event of interest. Its meaning is

D �
#
0 if T � C;

1 if T � Tsurv.

In essence, the tuple pair pT,Dq encodes the survival status and forms a part of the dependent
variables in survival models. With n subjects in the data, we denote the observations as
pt1, d1q, . . . , ptn, dnq coming from pT,Dq.
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Figure 2.1: Subject follow-up in a theoretical study with five subjects. (a) shows the follow-
up period on a calendar time duration, (b) shows the follow-up period using the study time
duration. A filled circle announces when the event occurs whilst an unfilled circle expresses
censoring. The dashed vertical line on each graph denote the termination of the study period.

There are two approaches to portray the duration of the study; the choice should be
pragmatic, suitable for the relevant task, and will compose the risk set. The collection of
individual subjects who survive up to a given time, but are still at risk of attaining the event,
contributes to identifying the sample’s risk set. Rather than a specific numerical value, the
risk set may describe a natural ebb and flow of at-risk subjects at a given time. Figure 2.1a
illustrates this fluctuation where the number of subjects at risk increases or decreases over
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time due to the open cohort study structure. An open cohort is dynamic and allows us to
observe new subjects during the study period. Otherwise, the risk set may be restrictive,
where figure 2.1b presents a risk set that is only ever decreasing as a byproduct of the closed
cohort design. Closed cohort fixes the study membership from a time origin. We express the
risk set of remaining subjects just before time index t as Rptq � ti; Ti ¥ tu where i depicts
a unique subject within the data. The risk set has ramifications for the Cox model likelihood
and partial functions, which are concepts we intend to explore in the upcoming sections.

Finally, the time scale in survival analysis is also flexible when suiting the study purposes.
This preference affects the survival time outcome variable. For example, clinical data often
record patients either with time-on-study (in days, weeks, months, etc., since study entry)
or age at follow-up [65]. Again, this preference is pragmatic, based on the investigator’s
preferences, and will lead to similar models but different ways of interpreting the outcome.

2.1 Censoring Schemes and Truncation
We now consider the different censoring arrangements that is possible when handling survival
data. The most common is right-censoring, which is when the true survival time is greater
than the censoring time C. Figure 2.1 demonstrates this aspect with subjects 2 and 5 being
right-censored; their actual survival times until the event are essentially "cut off" on the right
side. There are two additional subtypes of right-censoring.

1. Type I Censoring: this subtype occurs when there is a pre-determined time to end
the study. Consequently, we can only be aware of the subject’s lifetime up to a
limited timeframe. Therefore, we only observe the event if ti ¤ ci. A type I censored
subject will survive until the end of the inquiry period but will provide no information
hereupon, as shown by subject 5 in Figure 2.1 delivering the notion of ti ¡ ci.

2. Type II Censoring: a researcher usually decides, before or during the study, a given
prearranged number of events to occur before terminating the inquiry. Type II cen-
soring arises when we can not observe the information on subjects after termination.
This type is uncommon but is beneficial in reliability analysis when testing items with
long lifetimes [97].

Ultimately, type I and type II censored data will regulate how we construct the likelihood
function [40]. For the purposes of this thesis, we will only consider type I censored data in
Section 4.1.

The two other censoring schemes are left-censoring and interval censoring. For left-
censored subjects, the (non-death) event occurs before the follow-up, thus exaggerating the
lifetime. A subject can exhibit interval-censoring through a confluence of left and right-
censoring, where a subject’s true but unobserved survival time belongs within an interval. In
brief, right-censoring t1 constitutes the lower bound of the interval whilst left-censoring t2
establishes the upper bound. A subject can exhibit an exposure well before the next screening
for clinical data involving regular symptom surveillance. Figures 2.2 lends credence to these
mechanisms, exemplifying possible COVID-19 screening procedures.

Truncation is also a noteworthy component of event time data present in survival analyses,
with left-truncation being most common in survival data. Left-truncation, like censoring,
shares similar means of handling incompleteness. Suppose that subjects initiate a time
duration before a study begins when they are already at risk for the event. This duration
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Figure 2.2: Censoring mechanisms for (a) left-censoring which shows the subject displays
COVID-19 symptoms before the screening, and (b) interval-censoring where the subject
experiences symptoms between the timeframe from a negative to a positive result.

is their truncation time t�, and typically, the investigator will only observe subjects with
T ¥ t� in their study. Figure 2.3 summarises the types of truncation, where we would only
include subject 2 in a study. By excluding subject 1, there could be a persistent survivorship
bias resulting in an underestimate of observing the event [65], and this bias is especially true
if the data is cross-sectional. Consequently, having left-truncated data suggests sampling
from a conditional distribution, although this mechanism poses no problem to our data of
interest that we identify in Section 4.1.
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Figure 2.3: A display of two scenarios of left-truncation. Subject 1 obtains the event before
the study begins where their truncation time overtakes their survival time. Subject 2 is
already in the risk set before the study origin and attains the event later.

Crucial assumptions to censoring ensure the correct inferences when comparing the
survival between treatment groups [65]. Random censoring requires that the event rate for
censored subjects be representative of the event rate for uncensored subjects who remain
in the risk set.1 Non-informative censoring must also be ideal if the distribution of survival
times Tsurv does not inform the prospects of the distribution of censorship times C and vice
versa. That is, a subject who displays the event would not impact other subjects to leave the
study, leading to a pattern of censorship.

2.2 The Survival Function
Edward Kaplan and Paul Meier formulated the Kaplan-Meier estimator, otherwise known as
the product-limit method, to characterise the empirical survival distribution of a homogenous
population [1]. As a non-parametric estimator, its usefulness is crucial in estimating the

1Various literature may use the term independent censoring, but this independence does not mean random
censorship, which is more restrictive [65].
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survival function requiring no assumptions on the data distribution. Consequently, non-
parametric methods may require more data to obtain accurate results. The Kaplan-Meier
estimator is a simple way to compute the survival probability over time despite difficult
circumstances with censoring.

We begin deriving this estimator by connecting the use of counting processes to event
history analysis [8]. In brief, observing the episodes of events results in counting the
incoming number of events as time passes, hence the terminology. For convenience, we
can replace the tuple pair of observational variables pti, diq with the pair of functions
pNiptq, Yiptqq, along with the definitions [34]:

Niptq � the number of event occurrences in the interval r0, ts for subject i,

Yiptq �
#
1 if subject i remains in the risk set at time t;
0 otherwise.

Formally, the notations are

Niptq � 1tti ¤ t, di � 1u, sNptq � ņ

i�1

Niptq;

Yiptq � 1tti ¥ tu, sY ptq � ņ

i�1

Yiptq.

The quantities of sY ptq and sNptq are the aggregated processes, denoting the number
at risk and the total number of events, respectively, up to and including t. Notice thatsY ptq also represents the cardinality of the risk set Rptq. In a study of event history, there
will typically be k pk ¤ nq events throughout its duration, with the ordered survival times
0 � t0   t1   � � �   tc   � � �   tk � t. The Kaplan-Meier estimator of the survival
function is then

Ŝptq �
¹
c:tc¤t

�
1� ∆ sNpcq

Ȳ pcq



(2.1)

where ∆ sNpcq is the number of events that occurred between the interval rtc�1, cjq, or more
precisely, ∆ sNpcq � sNpcq � sNpc�q. This estimator produces a plot which features an
assortment of monotonically decreasing step functions. It approximates the theoretical
survival function which is a smooth function and is stated as

Sptq � PrpT ¡ tq � 1� F ptq �
» 8

t

fpuqdu. (2.2)

The survival function predicts a probability that the random variable T exceeds the specified
value t. It has some noticeable properties. Akin to its estimated counterpart, Sptq is also
monotonically decreasing. Although the function begins at Sp0q � 1, analogous to how
Ŝp0q � 1, the theoretical survival function tends toward infinity time with Sp8q � 0. The
estimated counterpart terminates at tk since the study period is never infinite in length, with
possibilities of competing risks or subjects never attaining the event, which leaves Ŝptkq ¥ 0.
Equation (2.2) also provides a way to construct Sptq from F ptq, the Cumulative Distribution
Function (c.d.f.), which is the complement of the survival function and an additional way of
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representing the survival distribution. The c.d.f. is the complementary counterpart to the
survival function, which displays the cumulative probability of obtaining the event. Knowing
the Probability Density Function (p.d.f.) of the continuous random variable T given by

fptq � d

dt
F ptq (2.3)

is likewise adequate information to derive the theoretical survival function by finding the
area under fptq beyond t (Equation (2.2)). Events may also contain ties during the study,
meaning different subjects will have the same survival time or the exact date of occurrence
if the time scale was in study time or calendar time, respectively. Although the survival
function directly delivers the survival experience of a study cohort, there is a use for the
hazard function, which dictates the functional forms of survival models.

2.3 The Hazard Function
The force of mortality is a metaphor most suitable for the hazard function λptq. Its formal
definition, also in relation to the survival function, is

λptq � lim
dtÑ0

Prpt ¤ T   dt|T ¥ tq
dt

� fptq
Sptq . (2.4)

The hazard function describes the event’s intensity conditional on surviving up to time t as a
rate quantity. A closer inspection of Equation (2.4) shows the numerator as a probability
of the event occurring in the interval rt, t� dtq, given the condition mentioned earlier. The
denominator represents the width of the interval over a specified period - a unit of time
that can be in days, weeks, months, etc. Thus, the hazard function is a rate quantity that
describes the conditional probability of an event occurring at the particular time interval
rt, t � dts. Finally, the limit of the right-hand side of the expression in Equation (2.4) as
the time interval approaches zero gives the instantaneous potential for the event at time t to
occur. Acquiring the survival function through the hazard comes from the relation

Sptq � exp

�
�
» t

0

λpuqdu
�
. (2.5)

The theoretical hazard function is smooth, with no upper bound and is non-negative,
i.e. λptq ¥ 0. Some properties of the hazard function are unlike the properties of the
survival function. A noticeable divergence in their attributes is the shape of λptq which is
not restrictive and can take different forms: increasing, decreasing, constant, U-shaped, and
more [35]. In this sense, qualitative information about the hazard function may contribute to
determining a survival model. Take, for example, a constant hazard which may chronicle a
healthy person concerning the risk of death throughout time.2 A decreasing hazard function
could recount a person mending from surgery since their instantaneous potential of dying
decreases after the surgical process. A U-shaped hazard function has its uses in demographics
to illustrate the pattern of hazard and human ageing. The instantaneous probability of death
is highest upon birth and old age, therefore fitting for this shape. Ultimately, models with
increasing hazards, such as the increasing Weibull, are the most popular due to the appeal of
using survival analysis to model individuals’ lifetimes towards death. This assortment of

2The pre-described hazard function is constant, but the parametric survival model is exponential [26].
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functions is more appealing with parametric assumptions to model the data. However, the
scope of this thesis will not go in-depth about parametric survival models or their properties.

Obtaining λptq from Sptq is apparently straightforward, as Equation (2.4) specifies, but
we may only define the former function if the latter function is differentiable. There is,
however, another starting point through the cumulative hazard function. Similar to how
the Kaplan-Meier estimator produces a non-parametric estimate of the survival distribution,
the Nelson-Aalen estimator is also a non-parametric estimator [4, 8]. Its usefulness lies in
estimating the cumulative hazard function with the theoretical form of

Λptq �
» t

0

λpuqdu � � logSptq (2.6)

The Nelson-Aalen estimator is very reminiscent of the Kaplan-Meier estimator (Equation
(2.1)); we can work towards the former by starting with the relation

Λ̂ptq � � log Ŝptq

� � log
¹
c:tc¤t

�
1� ∆ sNpcqsY pcq



� �

¸
c:tc¤t

log

�
1� ∆ sNpcqsY pcq




From Equation (2.1), if ∆ sN " sY then we can use the approximation:

exp

�
�∆ sNpcqsY pcq



� 1� ∆ sNpcqsY pcq .

Therefore, the approximation supplies our exposition into the Nelson-Aalen estimator
with

Λ̂ptq � �
¸

j:tj¤t

log

�
exp

�
�∆ sNpcqsY pcq


�
�

¸
c:tc¤t

∆ sNpcqsY pcq .

There is a clear relationship between the survival function Sptq and the hazard function
λptq - we can derive one function if we know the other despite the difficulties in estimating
one. Moreover, we have uncovered the direct relationship between the two, with the hazard
function being a secondary way of representing survival, incurring additional benefits such
as specifying mathematical models. These two estimators especially are helpful for data that
are Independent and Identically Distributed (i.i.d.) random variables.

2.4 Cox Proportional Hazards
Estimators are simplistic methods for depicting survival, but these methods cannot accom-
modate covariates which hides our analyses of which factors might influence time until the
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event. In reality, time to event data are not usually i.i.d. and exhibit covariates that affect
the subject’s possible event frequency, some for better or worse.3 David Cox introduced
the semiparametric Cox PH model as the widely accepted method of modelling survival
data with the handling of covariates [3]. This regression model accommodates event time
as a dependent variable. Starting with the model definitions that are evocative of linear
regression, let X be a design matrix of size pn � pq holding the realised values of the
covariates. i � t1, . . . , nu pinpoints the ith subject and j � t1, . . . , pu identifies the jth
covariate. Similarly, β � tβ1, . . . , βpu is a column vector containing the coefficients that
the model would estimate. We can specify the form of the Cox model for the ith subject in
terms of the hazard as

λpt | Xiq � λ0ptq exppXiβq (2.7)

where λ0ptq is an unknown non-negative function of time. This function acts as the baseline
hazard. Notice that there is no constant term in the regression vector; instead, the baseline
hazard absorbs the constant [96]. This expression then provides the conditional cumulative
hazard function of the Cox PH model, with a baseline cumulative hazard of Λ0ptq, to be

Λpt | Xiq � exppXiβq
» t

0

λ0puqdu � Λ0ptq exppXiβq.

By further pushing this definition towards the conditional survival function using the
relation from Equation (2.6), we may obtain

Spt | Xiq � exp r�Λ0ptq exppXiβqs . (2.8)

Several features of the Cox PH model amount to its distinctiveness.

Semiparametric Model

One of the reasons why the Cox PH model is prevalent is its semiparametric nature [73].
A semiparametric model arises through a confluence of non-parametric and parametric
components. We can probe into Equation (2.7) to see that the unspecified function λ0ptq
constitutes the non-parametric aspect, as this function does not need to follow a specific
form. In context, it suggests that the instantaneous potential of observing the event at time
t, as Equation (2.4) describes, could take any form. Although not an overarching one, an
assumption is that the predictors act multiplicatively on the baseline hazard function, but
this function itself is not constant. We also assume that all subjects in the population share
this baseline hazard. However, this baseline hazard function is typically very complex, or
its true form is unknown [36]. There is a higher interest in determining the effects of the
predictor variables instead. Therefore, we do not need to estimate this function to achieve
a coherent model, and we may distance ourselves from the more complex matters of the
model. Essentially, the Cox PH model is robust and will closely approximate the anticipated
correct model [65]. For instance, if the correct model appropriate to the study is a Weibull
model, then the Cox PH will attempt to approximate a Weibull model. Preferably, we would
use a parametric model under cases of certainty. However, there is a pitfall when making
unjustified assumptions about the data distribution, which can arise with parametric models.
In doubtful situations, the Cox model is the safest choice.

3Covariates are also known as predictor, independent or explanatory variables.
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The other component consists of its regression portion exppXiβq. This component is
parametric since we have details on the estimated regression coefficients or parameters β after
fitting the model. Exponentiating the covariates-parameters product then outputs positive
hazard ratios - the measure of effect - based on the subject’s prognostic information. This
procedure assures the fitted model’s estimated hazard is non-negative. Interpreting hazard
ratios can be a challenge mainly for clinicians who wish to communicate simple statistics to
patients in health [91]. The full interpretation of a continuous covariate, Xij P R¥0, with
a hazard ratio of "3" implies each 1 point change in the covariate equates to a thrice-fold
increase in a subject’s risk to the hazard, holding all other covariates constant. If the covariate
is in discrete factors, i.e. Xij P Z¥0, then we compare the hazard ratio of each factor level
with the standard (baseline) effect. Throughout this thesis, we will focus on interpreting
models with covariates as discrete factors.

Proportionality Assumption

Seemingly aptly named, there are intuitive ways of seeing why the Cox PH model conforms
to its signature proportionality namesake. A hazard ratio, by definition, is one individual’s
hazard divided by a different individual’s hazard under the same model [65]. Take Xi and
Xi�1 as the sets of differing covariates from two different subjects. We form the estimated
hazard ratio as

xHR � λpt | Xiq
λpt | Xi�1q �

λ0ptq exppXiβq
λ0ptq exppXi�1βq � exprpXi �Xi�1qβs. (2.9)

A revelation we uncover here is that the final expression for the estimated hazard ratio
in Equation (2.9) does not involve time t and is instead constant [65]. Consequently, this
expression suggests that the hazard function for one subject is directly proportional to the
hazard function for another subject, shown as

λpt | Xiq � xHR � λpt | Xi�1q, @t ¥ 0 (2.10)

with xHR being the proportionality constant. Then we may beget the opinion that the
covariates must be time-independent to satisfy the Cox PH assumption; the covariate value
for a subject does not change over time. Certain predictor variables such as sex or ethnicity
for an individual do not change, thus fitting the assumption. Some variables such as age and
weight change over time, but we can consider them time-independent, so long as their values
change minimally or the study centres on one measurement per individual. Consequently,
by limiting the measurements to one value per individual, this impediment does not provide
meaning to specific time patterns that could be important to the study [57].

The following lineup details the impact of the hazard ratio under different values in the
scope of this thesis:

• xHR ¡ 1: The effect of interest experiences a higher hazard over the standard effect;
we prefer the standard effect.

• xHR � 1: No difference upon comparing with the standard level.

• xHR   1: The effect of interest experiences a lower hazard over the standard effect; we
prefer the current effect.
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2.4.1 Likelihood Estimation
We now look at the model fitting procedure for the Cox PH model as the primary way to
estimate the model’s parameters from the data. Gathering the data requirements that we have
established throughout Section 2.1, then subjects may contribute to the likelihood function
in a way dependent on their censoring status, di, under the right-censoring scheme. The
first contributor is for subjects who experience the event at time ti, meaning their individual
contributing p.d.f. is fptiq. The second contributor is for subjects censored at ti where they
contribute the survival function Sptiq. For now, we also assume there are no tied event times.
Taking the product of both functions over all subjects creates the full likelihood of

L �
n¹

i�1

fptiqdiSptiq1�di . (2.11)

By leveraging Expression (2.4), we can rewrite the likelihood from Equation (2.11) in
terms of the hazard function which gives us

L �
n¹

i�1

λptiqdiSptiq. (2.12)

Unlike linear and logistic regression, which uses the familiar Maximum Likelihood
(ML) estimation (or even least squares) for model fitting, the Cox PH model maximises
the partial likelihood to fit the model [6]. The premise behind the term partial is that
the estimation procedure does not utilise all available data, allowing us to quantify the
informative β parameters and, simultaneously, ignore the nuisance parameters of λ0ptq.
Subsequently, deriving the partial likelihood resonates with the profile likelihood function
[32]. To exemplify, if our interest stands upon assessing a parameter τ , we can "profile out"
the nuisance parameter η - a parameter possibly of infinite dimension. This profile likelihood
function is

plpτq � sup
η

Lpτ, ηq

where the notation supη refers to the supremum as the supposed nuisance parameter η varies.
We can develop Cox’s likelihood as a profile likelihood with the following steps. We

can assume there are no tied event times for this procedure, with the ordered event times
t1   � � �   tk. Substituting the Cox PH model from Equation (2.7) as the hazard function
and the survival function from Relation (2.8) into Equation (2.12) enables us to write the
survival likelihood as

Lpλ0p�q,βq �
n¹

i�1

λ0ptiq exp pXiβqdi exp r�Λ0ptiq exppXiβqs

�
�

k¹
i�1

λ0ptiq exppXiβq
�
exp

�
�

ņ

l�1

Λ0ptlq exppXlβq
�
. (2.13)

This expression includes Λ0ptiq which is purposeful - we take advantage of discretising
the cumulative baseline hazard as

Λ0ptlq �
¸
ti¤tl

λ0ptiq (2.14)
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and implies that λ0ptiq � 0 between event times and λ0ptiq ¡ 0 around event times, leading
to the largest contribution towards the likelihood [52]. We may apply this expression into
the survival likelihood in Equation (2.13). Reestablishing the risk set notation, we convey
Rptiq to include the number of l subjects at risk before time ti. The function we wish to
maximise is

Lpλ0p�q,βq �
�

k¹
i�1

λ0ptiq exppXiβq
�
exp

�
�

¸
ti¤tl

λ0ptiq
¸
ti¤tl

exppXlβq
�

�
�

k¹
i�1

λ0ptiq exppXiβq
�
exp

��� ¸
ti¤tl

λ0ptiq
¸

lPRptiq

exppXlβq
�� . (2.15)

To maximise this survival likelihood, we may take the partial derivative with respect to
λ0ptiq equal to zero.4 This operation grants us

BLpλ0pt1q, . . . , λ0ptkq,βq
Bλ0ptiq � 1

λ0ptiq �
¸

lPRptiq

exppXlβq � 0. (2.16)

Solving for λ0ptiq, and therefore the maximiser of λ0ptiq, gives

λ0ptiq � 1°
lPRptiq

exppXlβq (2.17)

consequently, we can also verify that

B2Lpλ0p�q,βq
Bλ0ptiq2 � �λ0ptiq�2

which is a negative quantity as λ0ptiq ¡ 0 when events occur, hence the solution gives
a ML. We can substitute the solution from Equation (2.17) into the likelihood expression
(Equation (2.13)) which results in

Lpβq �
�

k¹
i�1

exppXiβq°
lPRptiq

exppXlβq

�
expp�kq 9 plpβq.

Here, the factor expp�kq contains more information on the baseline hazard than the
parameters of interest. The first factor in this product has almost all the information on β.
Keeping this first factor, then the partial likelihood under the PH assumption that Cox had
originally defined is

Lpβq �
k¹

i�1

exppXiβq°
lPRptiq

exppXlβq . (2.18)

This partial likelihood is the product of conditional probabilities over all k event times.5

Censored subjects do not contribute to the numerator of the partial likelihood function,
although the denominator tracks their status through the risk set Rptiq before their censored
time. Additionally, we realise the purpose of ordered event times determines the cardinality

4It is more computationally efficient to log the likelihood, before finding the derivative.
5Although we can denote this expression in terms of counting processes from Section 2.2, we will align

more closely with the original definition by Cox [3].
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of the risk set at each event time. We interpret the individual conditional partial likelihood as
the probability that a subject i experiences the event at time ti given that one of the subjects
in the risk set Rptiq attains the event at this time. Its formal definition closely resembles
the partial likelihood expression from Equation (2.18) except it abandons the product of
all event times, which gives the individual likelihoods Lipβq. By way of explanation, its
meaning is [42]:

Lipβq �Prtsubject i displays event at ti | one event at tiu �
Prtsubject i displays event at ti | survival to tiu

Prtone event at ti | survival to tiu
� exppXiβq°

lPRptiq
exppXlβq (2.19)

A more typical derivation of the likelihood is the argument that the probabilities are
conditionally independent across different event times, and multiplying these probabilities
through all observed events grants the partial likelihood as in Equation (2.18) [36].

As previously mentioned, the partial likelihood is only suitable for data without tied event
times. When there is more than one event of interest at time ti, computing the proper partial
likelihood function becomes time-consuming due to the need to consider all permutations of
tied events [96]. If the number of tied events is not large, the Breslow approximation amends
the partial likelihood [5]. To construct this approximation, we retain the t1   � � �   tk
distinct and ordered event times, with Dptiq denoting the set of subjects who displays the
event at ti. We also let Si sum over the vectors of Xl for these di subjects. More precisely,
Si �

°
lPDptiq

Xl and di � |Dptiq|. A subtle adjustment of the original partial likelihood
allows handling of ties with

Lpβq �
k¹

i�1

exppSiβq�°
lPRptiq

exppXlβq
	di

. (2.20)

If only a few tied times exist, then the Breslow-modified partial likelihood for β estimates
is plausible. Yet another, more accurate and popular approximation, is the Efron method [7]:

Lpβq �
k¹

i�1

exppSiβq±di
l�1

�°
mPRptiq

exppXmβq � l�1
di

°
mPDptiq

exppXmβq
� . (2.21)

This modification produces a closer approximation to the correct partial likelihood.
When the number of ties is small, both Efron’s and Breslow’s likelihoods are very much
equivalent. If the number of tied events is numerous, relative to the cardinality of the risk
set, then the Breslow method performs poorly [10].

2.4.2 Parameter Inference
There are three popular likelihood tests to determine the hypotheses’ inference about the
estimated regression coefficients β, with the null hypothesis of H0 : β � β0 and the
alternative hypothesis of H0 : β � β0. β0 is an initial pre-specified value that is often
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zero. The first is the likelihood ratio test with the test statistic that is the twofold difference
between the log of the partial likelihood of the final estimates and the initial values of pβ.

TLR � 2
�
logLppβq � logLpβ0q

	
.

A second option is the Wald test which is

TWald � ppβ � β0qJIppβqppβ � β0q
where Ippβq is the observed information matrix, a square matrix of size pp � pq.6 We may
compute this information through the minus of the second derivative of the partial likelihood:

Ippβq � �B
2 logLpβq
Bβ2

����
β�pβ

.

Thirdly is the score test statistic that we can calculate from

TScore � Upβ0qJIpβq�1Upβ0q
where Uppβq is the score function that we acquire by taking the first derivative:

Uppβq � B logLpβq
Bβ

����
β�pβ

.

All three test statistics follow an approximate χ2 distribution with p degrees of freedom
under the null hypothesis and are asymptotically equivalent to each other [50]. These three
tests assess the same null hypothesis with differing approximations. However, the likelihood
ratio is the most reliable in finite samples [34], with many computing software giving
preference to the likelihood ratio test.

2.4.3 Model Diagnostics
When diagnosing a statistical model’s capabilities, we usually check for two conditions: the
goodness-of-fit for a model and its assumptions. The assortment of appraisal techniques is
numerous, and Table 2.1 displays this variety of four effectively proven residuals types for
inspection. For this section and thesis, we will limit our focus to reinforcing the notions
around the PH assumption rather than the goodness-of-fit surrounding model selection.
Hence, the Schoenfeld residuals are the most appropriate for us to discuss out of the four
types.

Computing a Schoenfeld residual for each subject i begins by, once again, taking the
partial derivative of the log-likelihood function from Equation (2.13) beginning with

logLpβq �
ķ

i�1

��Xiβ � log

�� ¸
lPRptiq

exppXlβq
���

and the consequential derivative with respect to β produces the score, or gradient function
being

Upβq �
ķ

i�1

�
Xi �

°
lPRptiq

Xl exppXlβq°
lPRptiq

exppXlβq

�
. (2.22)

6Alternatively, the inverse of the variance-covariance matrix.
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Table 2.1: Different residuals types along with their compendium of summarised purposes.
Partly adapted from [36].

Residual type Purposes

Martingale [14] Assess the best functional form of particular covariates in the model.
Deviance [34] Reveal individual outliers, similar to generalised linear model theory.
Score [13] Identify overly influential observations, with respect to covariates in

the model.
Schoenfeld [11] Test if a model conforms with the PH assumption.

Here, the items within the square bracket specify the elements of interest. These components
are the individual contributions to the overall score function. The first term Xi is a realisation
of a random variable corresponding to a distinct subject with an uncensored survival time.
The second fraction term is a weighted sum which we will denote as sXpβ, tiq. We may view
these weights as the probability of choosing a specific subject from the risk set at time ti.
These two terms form the definition of the Schoenfeld residuals for each ith event which is
then

r̂i � Xi � sXpβ, tiq (2.23)

Notice that we determine the Schoenfeld residuals from an unmodified partial likelihood
where we assume no tied events. In actuality, if there are multiple events in ti then each Xi

corresponds to a distinct subject with an uncensored survival time [38]. This correspondence
would return the respective di number of residuals, using Formula (2.23). r̂ is a vector of size
p holding separate residuals for each covariate. Accompanying this analytical description
is a graphical one. Schoenfeld residuals should portray a pattern of residual points against
time that centres around 0, which is the expected value of r̂i. Chapter 5 will exemplify these
portrayals.

Intuition into the Constant Hazard Ratio

An example into the less analytical and more graphical ways of determining if a model
adheres to the PH assumption is to visualise their hazard ratio over time. Suppose their
hazard ratio remains a proportionality constant, as we see in Relation (2.10), then by its very
meaning, the different classes of a covariate j differ by a constant when comparing their
ln cumulative hazard functions. Figure 2.4 demonstrates this application with theoretical
survival function curves.

lnp� lnpSptqq comes from the relation that Equation (2.6) describes. From Figure 2.4a,
where we assure the PH assumption, we can establish that the gap between the two "parallel"
lines is due to ln xHR. This gap appropriately implies that Λ1ptq � xHR � Λ2ptq and hence
ln xHR � ln Λ1ptq � ln Λ2ptq. We should consider the term "parallel" skeptically. The visual
acuity of determining if curves are parallel is subjective when considering an estimated
survival function pSptq, especially if the size of a data set is relatively small [65]. Slight non-
parallelism of the lnp� lnpSptqq curves may still fit the proportionality assumption. Strong
evidence of non-parallelism, such as Figure 2.4b indicates, would violate the assumption
convincingly.
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Figure 2.4: A graphical comparison of the log of Λptq for a binary covariate Xij P t0, 1u
against time. (a) satisfies the proportionality assumption whilst (b) violates this assumption.
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The proportionality assumption of the Cox PH regression model does have its limits de-
spite its prominence and can easily be subject to violation. As we have seen, the principal
premise behind the proportionality assumption is that covariates do not change over time.
This assumption is more than a dogmatic interest in favour of the model’s namesake or an
uncomfortable barrier to ensnare a researcher’s analysis from being too complicated. This
assumption aims to validate a careful methodology, otherwise ensuing in some misleading
measure of effect estimates [12]. The Cox model continues to gain traction, especially
amongst health researchers, since its genesis by Cox [3] but not without its pitfalls. Sys-
tematic reviews inspecting medical-related publications featuring Cox regression reveal
that many studies did not verify this ubiquitous proportionality assumption, nor did they
acknowledge it [77, 78]. Model-checking should be a paramount procedure that involves
mentioning the assumption, identifying the test method, carrying out this test method and
correcting the model if necessary. Neglecting this procedure causes the misuse of statistical
analysis and difficulties reproducing the results, leading researchers to circulate misinforma-
tion unintentionally. Improving awareness amongst scientist researchers about the Cox PH
assumption can lead to more effective reporting, should investigators wish to employ the Cox
PH model. At the same time, limitations on this model create incentives to extend this model
that allows for time-varying covariates. Resulting from this limitation, we may acquaint
would-be researchers to employ more sophisticated models when handling time-varying
covariates in survival data should the need arise.

By no means is there one distinctive way to allow for time-dependent covariates in the
Cox model. Many compromises to advanced modelling permit time-varying covariates,
including additive hazard models or accelerated failure time models. Note that some of
these compromises deviate from the need to assess the PH assumption, the semiparametric
aspect, and hence the Cox regression model. In the context of survival analysis, these
advanced models are appropriate. Still, our intent is not to consider these approaches in
droves but to develop the findings from the previous chapter. As such, this chapter devotes
its ideals to extending the Cox regression model. Now that we have disclosed the limits of
the Cox regression model, we intend to review the approaches that remedy these limitations
and thus propel the uses of this model for more sophisticated usage. Much of this chapter
recognises and provides examples of time-dependent variables and their model forms. We
also relate how the findings from the previous chapter can satisfy the needs of the extended
Cox model. Additionally, this chapter will establish joint modelling of survival and random
effects as a criterion for the upcoming methodology. Random effects are potent parameters
to a statistical model when finding latent variables that may contribute to a cohort’s survival
lifetime.

23
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3.1 Time-dependent Cox Model
To clarify the meaning of the PH assumption, when a subject initiates a study, the Cox
regression model specifies the subject’s covariates at t � 0 and must remain constant
afterwards. It is common for covariates in survival data to progress through time, causing
this assumption to become an impasse rather than a confirmation tool. An example of
a time-dependent covariate includes treatment interventions to improve a person’s well-
being after beginning a study. This covariate for an individual may start at 0; after some
intermediate intervention, this covariate value proceeds to 1, giving rise to a discrete time-
varying covariate. We recognise this covariate as

Xijptq �
#
0 if t   time when intervention occurs
1 if t ¥ time when intervention occurs

Environmental factors like air pollution can alter an individual’s estimated hazard ratio,
which exemplifies changes in continuous covariates. Indeed, one way to identify time-
dependent covariates without testing the assumption is to recognise longitudinal data with
historical developments leading to an event. We should not confuse time-dependent covari-
ates with time-dependent coefficients. Under the Cox PH model, we assume that the coeffi-
cients are βptq � β. In addition to time-dependent covariates, allowing for time-dependent
coefficients is also a way of extending the Cox model when we violate its assumption, but
tends to be less common. Equations (3.1) & (3.2) shows the subtle differences between a
Cox model with time-dependent covariates and time-dependent coefficients, respectively.

λpt | Xiptqqpred � λ0ptq exppXiptqβq (3.1)
λpt | Xiqcoef � λ0ptq exppXiβptqq (3.2)

For now, consider the purpose of time-dependent coefficients to avoid confusion, which
is to summarise multiple hazard ratio values as a function of time. Enabling time-dependent
coefficients is often tricky, requiring us to split the analysis time into specific epochs with
a step function, gptq � 1tt ¥ t0u where t0 defines the split choice, over different time
intervals. This splitting stratifies the Cox PH model by time intervals that feature a constant
hazard. Choosing the split is subject to the proportionality diagnostics - which usually
happens near the moment the hazard ratio does not uphold the assumption. Take Figure 2.4b
as an example where a split choice would be when the two curves intersect. Consequently, a
step function separates the formerly single estimated hazard ratio into multiple hazard ratios,
dictated by the epoch. Figure 3.1 illustrates the impact of this split on the hazard ratio. This
splitting approach is more accustomed to a closed cohort study design that we noted during
Section 2.1. Enabling time-dependent coefficients is also conceivable if we were to specify
a simple continuous function for β. These two approaches to allowing time-dependent
coefficients tend to require more precise diagnostics in choosing when to split the time axis
or deciding a specific time transform for βptq.

On the contrary, enabling time-dependent covariates holds the coefficients constant
without requiring distinctive strategies. We have prescribed the hazard function to have
fixed covariates throughout the previous chapter and sections. A simple adjustment of the
functional form for an extended Cox model with a time-varying structure is precisely that
Equation (3.1) describes. Upon reconstructing the hazard ratio in Equation (3.3), we detect
that the expression is a function of time and a violation of the constant hazard ratio property.
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Figure 3.1: A division of time intervals for a single covariate. This division produces two
hazard ratios, thus two coefficients for a single fixed covariate. The dashed vertical line
denotes the time interval split at t0.

As the coefficient itself is not time-dependent, the case of coefficients of time-varying
covariates pβ describes the overall effect of Xiptq throughout the entire study duration [65].

xHRptq � exprpXiptq �Xi�1ptqqβs (3.3)

The partial likelihood of the Cox model for time-varying covariates requires a minor
revision in which the entries within Xi may change throughout each risk set over ti. Specif-
ically, the covariates for a subject in the risk set may switch from one event to the next,
thus needing to recalculate the expression over each event occurrence. We revise the partial
likelihood formulation from Equation (2.18) with no ties present as

Lpβq �
k¹

i�1

exppXiptiqβq°
lPRptiq

exppXlptiqβq
Many developments relating to likelihood estimation apply to a Cox model with time-

varying covariates. We can make the appropriate adjustments from X to Xptq when we have
tied data to the procedures mentioned during the previous chapter [42, 68]. Where there is
contrast is the use of the counting process theory, which is a more noteworthy feature when
allowing for time-dependent covariates [19]. Data that utilises the counting process structure
requires each subject to have multiple "start-stop" risk intervals [34]. This structure ensures
that subjects remain in the risk set until their last interval is complete. Table 3.1 exemplifies
this data layout involving the usage of the start-stop mechanism. This mechanism with open
brackets at the beginning and closed brackets at the end of the interval is an intentional
choice. The intention is to resolve any dilemmas with overlapping time; computations
involving t1 will employ covariate data known before t � t1. This knowledge means that we
must perceive the values of the covariates and at-risk intervals infinitesimally before t1, if
not sooner - at which they are examples of predictable processes [34].

As a consequence of the predictability of process Xiptq, a widely agreeable property of
the extended Cox model with time-varying covariates is that we can not predict survival
status with covariates from the future [81, 27]. This property implies that whilst covariates
may change over time, the future covariate values are unknown until we observe them -
a dilemma where we "cannot look into the future." Additionally, this implication limits
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how we utilise the extended Cox model for time-varying covariates. Using such a model
to measure the risk of an event between the first and second intervals is inappropriate; this
model already contains the information from the second interval. However, it is appropriate
to model the risk of an event beyond the last recorded interval.

Table 3.1: Generic data layout for a single subject i. q � 1, . . . , ri denotes the intervals for
the ith subject.

Subject Interval Start-stop risk interval Predictor variables Status

i q ptiq�1, tiqs xiq1 . . . xiqp diq

i 1 pti0, ti1s xi11 . . . xi1p di1
i 2 pti1, ti2s xi21 . . . xi2p di2
...

...
...

... . . . ...
...

i ri ptiri�1, tiris xiri1 . . . xirip diri

3.2 Concepts of Frailty
In many study populations, the chronology of observable covariates often presents an incom-
plete contribution to each individual’s event status. The celebrated, overarching assumption
of having i.i.d. homogenous data is rarely the case. We can favour individualism between
subjects in survival analysis by using a frailty component to consider the unobservable
heterogeneity that transcends the measures of effects coming from the observable covariates.
Frailty is a more recognisable term with medical studies in gerontology to discern frail people
susceptible to morbidity and mortality. It should be fitting that statistical research carries this
term over into biostatistics and demography [9]. The statistical notion of frailty introduces
random effects to model survival data. Heterogeneity is an omnipresent constituent of life,
even essential randomness between the most identical individuals at risk. Traditionally, it is
typical that the residual variance absorbs this heterogeneity - a way of leaving unexplainable
variation from the observable covariates. Frailties may also be helpful in hopes of adjusting
for measurement errors and overdispersion [42].

A supplement of this frailty component to the Cox PH model is then known as a univariate
frailty model. These components work on the idea that just as individuals differ vastly, so
too must the unseen influences on one individual. With this frailty component in place, each
individual possesses different survival and hazard models governed by this component. This
supplementary aspect to the Cox PH model, generates the proportional frailty model which
is a simple case of a random effect between unique observations.1 We best describe this
formulation with the frailty component acting multiplicatively on the Cox PH as

λpt | Xi, uiq � uiλ0ptq exppXiβq (3.4)

where the frailty ui on each subject is an i.i.d. realisation coming from a non-negative
random variable U which follows a p.d.f. that we indicate as fpuq. This random variable
has a mean of 1 whilst the variance is an unknown quantity, whereby the model fitting
procedure intends to estimate this value from the data. By and large, any non-negative
distribution with a mean of 1 can theoretically act as the random variable for the frailty.

1A frailty model for time-varying covariates also exists by attributing Xiptq in the expression.



3.2. Concepts of Frailty 27

Some of the most popular distributions belong to the power variance function family, which,
under certain circumstances, includes the gamma, inverse gaussian, and the positive stable
distributions [31]. Values of u ¡ 1 see a subject having a higher rate of obtaining the event,
and contrastingly, u   1 coincides with lower instantaneous risk potential. A value of u � 1
likens to the Cox PH model. If there are groups within the data, such as subjects contained
within clusters, then Model (3.4) adapts into

λpt | Xiq � ujpiqλ0ptq exppXiβq

where the index jpiq now announces the individual i belonging to cluster j, hence ujpiq is
the frailty for cluster j. Additionally, this formulation suits a shared frailty model. The
frailty component in a shared and unshared frailty model are fundamentally the same: some
unaccountable variation or latent factor, but with a slightly different interpretation. Unshared
frailty describes frailty components as i.i.d. amongst each subject. Shared frailty models
allow each of the subjects i contained within each cluster j to share the same frailty value.
Some examples of shared frailty may include individuals from the same family concerning
unobservable genetic factors. It is also worth noting that repeated measurements also count
as shared frailty, as each measurement comes from the same individual. Composing the full
likelihood is a much more intricate endeavour that we will tailor for a shared frailty model.
There is a useful relationship between the survival function, conditional on frailty, and the
cumulative hazard function, which is

Spt | uq � exp p�uΛptqq . (3.5)

Until now, we express these models of hazard from Equation (3.4) and survival from
Equation (3.5) as conditional on individual subjects. The joint hazard and survival at the
population level can provide information on the noteworthy characteristics of the frailty dis-
tribution [52]. We can express the population survival function through a convenient Laplace
transform, denoted by L, of the frailty that acts as an operator to obtain the unconditional
models. Obtaining the unconditional survival function proceeds with integrating out the
frailty with respect to the frailty p.d.f.

Sptq �
» 8

0

Spt | uqfpuqdu

�
» 8

0

expp�uΛptqqfpuqdu
� LpΛptqq.

Through the final line of the above expression, the Laplace transform of U can link to
the population hazard rate and subsequently the variance of the frailty random variable for
each previously mentioned distributions. Consequently, the Laplace transform also paves the
way for expressing the likelihood function.2 Despite the usefulness of the Laplace transform,
there is an impasse when considering certain distributions. Under these considerations, the
Laplace transforms are theoretically intractable [31].

2See Duchateau and Janssen (2008) [52] for complete computations for these distributions.
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3.2.1 The Log-normal Frailty Distribution
The log-normal distribution takes the logarithm of a random variable following a normal
distribution. It is intuitive to conceptualise the frailty model from Equation (3.4) into a
model which takes the form of

λpt | Xiq � λ0ptq exppXiβ � biq
where bis are realisations coming from the random variable B � Np0, σ2q. For clarity,
the Gaussian distributed random effect B instigates the original log-normal frailty as U �
exppBq. The mean of 0 also implies the median and the geometric mean of the frailty to be
1. Under this implication, the parameters of the log-normal frailty is

EpUq � exp
�
σ2{2� and VarpUq � expp2σ2q � exppσ2q.

Parameterising the log-normal distribution from the Gaussian distribution alters the
previous claim that the mean frailty should be 1. As the choice of 0 mean normal distribution
for B affects this parameterisation, only the variance of B will dictate the frailty mean.
Consequently, the mean of U is typically not equal to 1. Equation (3.6) displays the log-
normal p.d.f. based on the zero-mean choice whilst Figure 3.2 displays the how the p.d.f.
reacts to diverse variances of B.
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Figure 3.2: Log-normal density functions for various values of the normal distribution
variance σ2.

This distribution is a popular choice for B, but it does not belong as a member of the
power variance function family. Consequently, the log-normal distribution understates the
issues surrounding the Laplace transform by which there is no explicit mathematical form
and the Laplace transform of the log-normal distribution does not have a known closed-form
expression for the integral [72]. Appendix A.1 outlines a general approximation procedure
for a log-normal distributed random variable.
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3.3 Inference under the Penalized Partial Likelihood
There are numerous strategies for estimating the frailty parameters for a semiparametric
model, including the expectation-maximisation algorithm [18], the penalised partial like-
lihood [43, 33], and the Markov Chain Monte Carlo algorithm which is more fitting for a
Bayesian framework [16]. Of the first two strategies, which are also the most popular, the
penalised partial likelihood has computational advantages allowing for faster optimisation.
As a disadvantage, this technique is less accurate amongst small sample sizes [42]. Nonethe-
less, previous developments in parameter estimation have linked the log-normal distributed
frailty to the Laplace approximation and the penalised partial likelihood; thus, this strategy
will be the focus of this section.

We best proceed into the specifics of the penalised partial likelihood with an alternative
form of the Cox frailty hazard model as

λpt | Xi,Ziq � λ0ptq exppXiβ � Zibq
b � ppb;Dpθqq

where Zi is the random effects design matrix used to indicate Zij � 1 if subject i belongs to
cluster j. b is a random effects vector which, in this case, follows a Gaussian distribution
with an expected value vector of zero and a variance-covariance matrix D � Dpθq, where θ
is a vector of unknown variance parameters. This variance-covariance matrix setting is useful
when describing an abundance of random effects models [43]. In a shared frailty model, it is
standard that D � Iθ which produces a vector of identical θ as entries. Ultimately, the ML
estimator for the fixed effects coefficients and the random effects variance depends on the
complete likelihood of [33]

Lpλ0ptq,β,θq �
» n¹

i�1

λipt | bqdiSipt | bqppb;Dpθqqdb

�
» n¹

i�1

�
λ0ptq exppXiβ � Zibq

�di
� exp

��Λ0ptq exppXiβ � Zibq
�� ppb;Dpθqqdb

with the intent of integrating out the random effects. The impasse of obtaining the uncon-
ditional likelihood appears again as there is no closed form expression when considering
a Gaussian p.d.f. within this integral. However, the Laplace approximation to the log of
this likelihood expression produces an approximate marginal log-likelihood that Ripatti and
Palmgren [33] describe is
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Although seemingly expansive, several parts in the approximated likelihood that we can
ignore, along with justifications from the authors. We ignore the first term, �1{2 log |Dpθq|,
with no impact since D is constant for fixed θ [43]. We may also ignore the following term
on the second line, which consequently leads to a slight influence on the estimates, but
minimal information loss as Ripatti and Palmgren [33] explored in their simulations. Further
adjustments to the now simplified version of the approximate marginal log-likelihood, which
now only involves the last two lines, involve factoring the expression into two parts to
generate

log
�
Lpλ0ptq,β,θq

� � ņ

i�1

di

�
Xiβ � Zib� log

¸
rPRptiq

exppXrβ � Zrbq
�
� 1

2
bJDpθq�1b

�
ņ
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di
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¸
rPRptiq

exppXrβ � Zrbq
�

� Λ0ptq exppXiβ � Ziβq
� ℓppl � hpλ0ptq,β, bq

whereby keeping only the first line produces a profile likelihood for the parameters pβ, bq
under auxiliary conditions as Ripatti and Palmgren [33] details to profile out the nuisance
function of hp�q. This first line is, therefore, the penalised partial likelihood which consists
of two parts; the ordinary partial log-likelihood and a penalty term, that is
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� 1

2
bJDpθq�1bloooooomoooooon

ℓpenpθ,bq

. (3.7)

Inclusion of this penalty term of ℓpen counteracts extreme random effect values by
shrinking b towards zero, should the random effect’s actual value be far from its zero mean
[33].

Inference for frailty components

We denote the variance of the frailty distribution as θ. Detecting whether or not there is a
significant random effect in the model involves testing the significance of this variance. A
standard likelihood ratio is most useful when carrying out such a hypothesis test of whether
H0 : θ � 0 or HA : θ ¡ 0. This test is twice the difference between the log-partial likelihood
(or the evaluated penalised partial likelihood) with frailties included and the log-likelihood
of a model without frailties to produce a test statistic. The test follows the same idea as the
likelihood ratio test for β as we discover in Section 2.4.2 [34].

Under the null hypothesis, the value of θ is at the boundary of the parameter space for a
variance parameter. Consequently, prior research shows that the asymptotic distribution of
the likelihood ratio statistic does not follow a χ2 distribution with degrees of freedom equal
to the number of parameters tested when this null hypothesis is true [61, 49]. Instead, a more
suitable asymptotic distribution for the likelihood ratio statistic follows an equal mixture of
χ2 distribution with zero and one degree of freedom denoted by 0.5χ2

0 � 0.5χ2 if we wish to
test a single variance component. This asymptotic distribution of the test statistic results in a
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decreased critical value [52], thus effectively lowering the required threshold to reject the
null hypothesis of zero variance.

Whilst other tests can produce similar test statistics, the simplicity of the likelihood ratio
is the most preferable for a formal assessment of θ̂ [34].

3.3.1 The Newton-Raphson Algorithm
The process of maximising the likelihood Formula (3.7) is an iterative solution that improves
upon each previous approximation. Consisting of an inner and outer loop that functions
symbiotically, the inner loop is the Newton-Raphson iteration which means to improve
estimates for β and predictions for b with each successive step by maximising ℓppl based
on a provisional value of the shared frailty variance of θ. Since frailties are analogous
to random effects in linear mixed models, a more proper way of gathering frailties is
through predictions rather than estimations. In this predictive fashion, b comes from a Best
Linear Unbiased Prediction (BLUP) [17]. The outer loop then uses a Restricted Maximum
Likelihood (REML) estimate for θ as a result of the BLUP [20]. This iterative procedure
occurs until the algorithm encounters a convergence criterion that disengages the outer loop.

A synopsis of this iterative scheme is as follows, with Figure 3.3 acting as an outline to
this iterative solution. Let l denote the index of the outer loop whilst k signifies the inner
loop index. Let θ̂plq denote an estimate (or a provisional value) of θ throughout the outer
loop. This quantity of θ̂plq complements the estimations and predictions of β̂

pl,kq
and b̂

pl,kq

for β and b on the kth step of the inner loop [52]. The formulation of the iterative update
procedure, starting from initial values of β̂

p1,0q
, b̂

p1,0q
and θ̂p1q appears as�

β̂
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b̂
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�
�
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with the variance information matrix being
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The estimated values of θ̂ for each iteration is given as a REML estimate, formed by [20]

θ̂pl�1q �
°g

j�1

�
b
pl,kq
j

�2
g � r

(3.8)

where r � tracerpV�1q22s{θ̂plq. A common convergence criterion is to compare if the current
value of θ̂plq and its predecessor θ̂pl�1q with a metric of |θ̂plq � θ̂pl�1q| that is sufficiently
small (as in Figure 3.3) [52]. The Newton-Raphson algorithm cannot always guarantee
convergence, along with other underlying issues such as an inability to initialise the iteration.
These issues may come from several causes, such as irregular likelihood curves where the
algorithm is stuck on a loop or flawed data [34].
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bp1,0q � 0

θp1q � 1, θp0q � 0
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Figure 3.3: A flowchart of maximising the penalised partial likelihood for a semi-parametric
shared random effects model [52]. ϵ is a minuscule number for accepting the convergence
criterion.
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Establishing a presence in over 35 territories, the interRAI is both a suite of clinical assess-
ment instruments and a not-for-profit organisation that incorporates a network of researchers
to improve treatment options from non-complex conditions to medically intricate illnesses.
With a dedicated approach towards improving universal wellbeing through international
collaboration, the interRAI utilise screening instruments to assess critical factors in a pop-
ulation’s functional livelihood. This data has flexibility, allowing for evidence-backed
decision-making that arises from various health-related research techniques [44, 75, 74, 60,
82, 101]. Additionally, the instruments contain a design philosophy to be compatible across
health sectors, should the health demands of a person shift from one facility to another.
Domestically, interRAI in New Zealand delivers the same purpose through interpretable and
accessible data.1 Throughout this thesis, we focus on analysing quantitative interRAI data
used in a previous study done in New Zealand [98]. This dataset links with the New Zealand
Ministry of Health Minimum dataset and the mortality collection.

Whilst this project focuses on measuring the effect of dementia, there are a few limits
to the interRAI data. Apart from AD, the interRAI data do not hold information on other
dementia subtypes such as vascular dementia, Lewy body dementia, and frontotemporal
dementia we previously explored in Section 1.1. Despite this lack of information, clinical
research has shown a slight and insignificant discrepancy in mortality rates or life expectancy
between dementia subtypes [102, 103, 39]. Mortality rates will vary unequivocally based
on the subject and underlying conditions. A more advantageous record of information is
to document each person’s clinical, functional, and psychosocial aspects. interRAI data
accomplishes this record with longitudinal data reporting their health statuses throughout
each assessment with a health professional. The assessment process, in brief, sees this health
professional, who is a trained assessor, launch a structured interview with the person and
their carers to synthesise a personal profile. Therefore, these assessments are the fulcrum for
improvement, which rests on creating a care plan to benefit a population’s health. A few of
the interRAI assessments also contain self-report versions, which may offer more subjective
revelations. These assessments are portions of qualitative material, where the assessor refers
to other clinical information to code these materials into numerical data.

Although the implementation of interRAI commenced as early as 2003, the interRAI
assessments started with the commencement of 2012 using the National Hospital Index,
a unique individual-level identifier. Every district health board in New Zealand utilised a
mandated interRAI-Home Care assessment for all older adults, purposed for publicly funded
home support services or long-term aged residential care [98]. During this implementation
phase, much of the purpose was to provide strategies for assisting the ageing population,

1https://www.interrai.co.nz/
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typically indicating the ages of 65 and above. This phase reflected the objectives of the
2002 Health of Older People Strategy. Presently, interRAI assessments include individuals
younger than 65. This inclusion has been beneficial in studying the unique experiences of
young-onset dementia, as much of the current research on dementia hinges upon older adults:
a criterion of the impacts of dementia on just one age group. As a result, interRAI data have
uncovered new avenues for analysis of people with young-onset dementia [105]. The entire
interRAI data repository is expansive, and we intend to review the noteworthy aspects of the
data. We will also summon the particulars from Chapters 2 and 3 that shape how we design
the methods.

4.1 Data and Model structure
The interRAI data see individuals enlisted from the beginning of 2012 until the end of
2016. This time-lapse only signifies the recruitment period and health professionals con-
tinue to follow-up on an individual’s mortality status after this period until the first day of
December 2019. Figure 4.1 presents this time-lapse narrative. Notice that the data are not
cross-sectional since we assembled the first assessments into the interRAI database as the re-
cruitment began. In this study, the status or event corresponds to an individual’s date of death,
should the individual have a record of one. When applying survival analysis, we should
scrutinise a critical choice when distinguishing an individual’s "true" origin of survival time.
Common origins may include from birth, entry into the study, or the onset/diagnosis of a
disease. Since the outcome variable is the time length until an event occurs, the choice of
the origin of survival time should reflect the researcher’s motive for honest reporting. A
choice of origin that is ill-representative of an individual’s survival time effectively truncates
their true survival time. The timeline in Figure 4.1 shows the study duration as both an
open and a closed cohort for the first and second portions, respectively. We can identify
that the first portion of the timeline, in Figure 4.1, aligns with a calendar follow-up time we
highlighted in Figure 2.1a. The study recruits new individuals, thereby expanding the risk
set just as individuals may disappear from the risk set. With this recruitment design, the risk
set Rptiq may drastically increase and simultaneously decrease throughout the first portion
but eventually becomes restrictive once this portion ends. Despite this segmentation in the
design, we use age as the time scale for the entirety of the study duration. The choice of
representing the cohort’s age rather than years is because years are typically more suited
for time-on-study. For instance, a person’s recorded year ambiguously represents the year
after their first assessment rather than their age at assessment. Arguably, this choice of time
scale is seemingly out of convenience in favour of an open cohort. However, there are more
practical reasons:

• Each admitted person is already at risk of dying before entry, primarily based on their
age, in contrast to only being at risk for the event some time after admission [65];

• Age is a non-parametric component of the Cox PH or the extended Cox model [25].

To bring forth an in-data example, a person may be at risk of death, where the risk is from
dementia or otherwise, before admitting to the study. It is unknown when this individual
is at risk of dying, and unsuitable to assume that the person is only at risk upon admission
into the study. The best assumption is to consider that the individual is at risk of dying from
birth, even if that risk could be minuscule. For these reasons, age as a time scale is the most
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suitable time scale when applying survival analysis in older adults, as inferences are simpler
to interpret. We may alter the previous extended Cox model for time-dependent covariates,
with shared frailties to be

λpa | Xipaq, uiq � uiλ0pa | a0q exppXipaqβq (4.1)

with a denoting the current age at the end of follow-up and a0 as the age of study entry.
As interRAI data capture repeated measurements for multiple individuals, then the frailty
component is shared amongst each observational screening of that individual until death, or
they become censored due to being lost to follow-up or survival beyond the final assessment
date. Model (4.1) is an applicable standard of the extended Cox model for the upcoming
results. The extra conditional aspect of the baseline hazard λ0pa | a0q indicates an open
cohort by adjusting for left truncation upon entry [65]. This condition also delineates between
middle-aged and older adults within interRAI data. Prior research utilising survival analysis
may include age as an explanatory variable [69]. Age as a non-parametric component would
prompt the same ramifications if time-on-study were in its stead: it is a measurement of
age when an event occurs rather than a parameter that the model would estimate. Previous
comparative research shows the time scale choice makes little difference if the model adjusts
carefully by age at entry [51]. Whether there exists any meaningful difference between the
choice of time scale on interRAI data are a contention that will not be of interest throughout
the rest of the thesis.

1 January 2012 31 December 2016 1 December 2019

Recruitment
begin

Recruitment
end

Follow-ups on
morality statuses end

Figure 4.1: A timeline with the exact dates of the data gathering phases. The first portion
refers to a stage where the study allows new individuals for monitoring. The second portion
discontinues new admissions but continues to monitor surviving subjects.

A refined version of the interRAI data includes 1176795 unique individuals admitted
and over 250000 observations throughout the study, specific to the timeframe that Figure
4.1 details. We decide to split the age groups into two folds: the middle-aged group, which
composes of potential subjects with young-onset dementia between the age of 45 to 65, and
the older adults group, which is characteristic of dementia onset after age 65. Figure 4.2
demonstrates this split by choosing their age of study entry as the splitting criteria. The
middle-aged data group permits a straightforward passage for analysis on statistical software.
The older adults group data dominate the volume of the two subsets, thus requiring further
preparations before model fitting. We will expand into these preparations in an upcoming
section.

4.1.1 Selected predictors of mortality
As expansive as the quantity of interRAI data variables (termed outcome measures) is, this
volume of data easily overwhelms the model formulations. The New Zealand specified
interRAI data covers over 250 items that surveys demographic profile, clinical characteristics,
functional and psychosocial status, and service utilisation [98]. Certain variables use
"summary scales" to express the outcome. Examples of such variables are Changes in
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116795 Unique individuals
from the entire cohort

5407 Individuals from
the middle-aged cohort
45 ¤ a0   65

111388 Individuals
from the older adults
cohort group a0 ¥ 65

Big data
techniques
(Section 4.2)

Figure 4.2: A workflow of preparing the data for analysis and the number of individuals in
each group.

Health, End-stage disease, Signs, and Symptoms (CHESS) [41], Activities of Daily Living
(ADL) hierarchy [29], Cognitive Performance Scale (CPS) [21] and Depression Rating
Scale (DRS) [30]. The resulting outcomes of these variables tend to merge multiple other
characteristics through an algorithm to consolidate a scale. The rationale behind these
unifications is to encourage a "common language" for health professionals to work with
when compared across time for an individual, thus becoming useful for longitudinal studies.
Previous research has shown these scales are of high reliability [63].

Accruing these numerous explanatory variables into a model is uncomplicated; however,
the principle of parsimony is a vital practice when building statistical models. We consider
an initial assortment of variables, we believe, that contribute to dementia-related mortality.
Additionally, we have decided to break certain explanatory variables into distinctive cate-
gories to circumvent such difficulties. These categories encompass different aspects of a
person’s livelihood. Some predictor variables are familiar entries in Tables 1.2 and 1.3 whilst
others are variables that prior dementia literature associates with prognosis and mortality.
The tables, shown in Appendix B, display the summaries of the variables. Here, we list the
categories as follows.

Demographic variables encompasses ethnicity as indicator variables for Asian, Maori,
Pacific peoples, Middle Eastern/Latin American/African/Others, with European as the refer-
ence group. The individual’s identified gender is categorised as female, the reference group,
and male. Finally, an individual’s record of marital status can be of never married/other,
married/civil union/defacto, widowed or separated/divorced.

The category of disease diagnostics variables comprises of coronary heart disease,
congestive heart failure, stroke/cerebrovascular accident, cancer(s), Chronic Obstructive
Pulmonary Disease (COPD), diabetes mellitus, hip fracture(s) and dementia. These variables
can either be non-present or present but may change with time. For example, stroke patients
may have a naturally time-dependent stroke indicator where their condition improves over
time, changing their indicator variable from 1Ñ 0. For our interRAI data, we will consider
an individual with an initial diagnosis to have a history of the disease, which locks the
indicator variable to 1, should the individual have such an encounter.

Physical health indicators are self-rated health ranging from excellent, good, fair, poor, or
undeterminable. CHESS is a summary scale to measure an individual’s health stability and
medical complexity increasingly, composing of (0-1) stable, (2-3) unstable, or (4-5) highly
unstable.2 Tracking falls consists of none in the past three months, none within the past

2Stable on the CHESS means either (0) no symptoms or (1) minimal changes to health instability, unstable
means (2) low to (3) moderate changes to health instability, and highly unstable means (4) high to (5) highest
changes to health instability.
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month, or more than one fall during the past month. Bladder and bowel incontinence can be
of continent, not continent and no bowel movement in the last three days. An individual’s
hearing and vision can both be adequate, minimally impaired, or moderately to severely
impaired. ADL is a measure of an individual’s independence. The definition of ADL
hierarchy is different from the IADL hierarchy in Table 1.3 (of section 1.1). The definition of
ADL embodies fundamental skills for independent care such as feeding, dressing, or bathing.
However, IADL features more complex skills such as managing finances, communications,
or housekeeping [64]. ADL can measure to be (0) independent, (1-2) mildly dependent, or
(3-6) moderately to severely dependent.3 udges general cognitive function ranging from (0)
intact, (1-2) borderline to mild impairment, or (3-6) moderate to severe impairment.

Psychosocial health indicators are frequent delusions and hallucinations, which manifest
as no or yes. DRS is another summary scale variable portraying the severity of depressive
symptoms rather than a disease history for depression. This summary scale may describe
(0-2) intact, (3-5) borderline to mild impairment, or (6-14) moderate to severe impairment.
However, this portrayal of a depressive scale does not usually indicate a diagnosis of
depression, based on a low correlation coefficient [98]. An individual that says or indicates
loneliness can answer no or yes, whilst a strong and supportive relationship with family can
take levels of yes or no.

Lifestyle elements include hours of exercise in the past three days with levels of none, less
than one hour, one to two hours, three to four hours, or longer than four hours. Assessments
of days went out during the past three days are did not go out, did not go out within the past
three days but usually goes out during this timespan, one or two days, or three days. Daily
tobacco consumption could be either yes or no. Alcohol consumption in one sitting can take
levels of none, one to four or five or more. Participation in social activities classifies into
never, more than a month ago, within a month, within a week or unable to determine.

Ultimately, to resolve the intricacies of variable selection under a single model, we create
different models for each category, as mentioned earlier.

Infinite coefficients

The very definition of a hazard ratio can impose restrictions on the model fitting procedure
in terms of which variables we can include. Recall by the end of Section 3.3.1 that ill-
conditioned data can not initialise the Newton-Raphson algorithm. This condition is the
case of infinite coefficients that begins upon estimating the initial value of β̂. Consider the
data crosstable of entries shown in Table 4.1. This crosstable of entries lacks any observable
statuses within the treatment group, and its hazard rate is 0 [34].4 Consequently, the limit
of the hazard ratio of control/treatment tends towards infinity, the value that the maximum
likelihood estimate of β attempts to converge on. Variables with insufficient information
tend to be a culprit behind forcing infinite coefficients, which occurs in many variables in
data.

3Independent means (0) total independence from requiring assistance. Mildly dependent ADL means (1)
minor supervision required or (2) limited assistance. Moderate to severely dependent stands for (3) extensive
to (4) maximal daily assistance required. Additionally, it could be (5) very dependent or (6) total dependence
on a caretaker.

4This issue can also occur if there are too few cases relative to the control group causing convergence to a
large finite value.
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Table 4.1: A crosstable of hypothetical data entries treatment and control groups against
statuses showcasing a case of an infinite coefficient.

Status

Explanatory variable di � 0 di � 1

Treatment 40 0
Control 30 10

4.2 Big Data techniques
Reducing, or subsetting, the number of variables reduces some computational burden but
with a voluminous number of interRAI-screened observations, difficulties arise when fitting
a model. Predictions with frailty models can suffer from performance issues, mainly if the
number of clusters in a model is numerous. Take, for example, the 5,407 individuals from
the workflow on Figure 4.2. With a shared frailty model and supposedly three predictor
variables, the entire information matrix would contain 54102 � 29268100 elements. This
overload in the number of elements causes overparameterisation. Sparse computation, such
as applying the Cholesky decomposition, helps reduce the number of matrix elements on
each Newton-Raphson iteration [34]. However, this reduction may still be insufficient to
prevent an indefinite stall when fitting the model, especially if there are over 100000 frailty
components to predict. The alternative is to focus on further subsetting the dataset by
the number of observational entries, which is well befitting if the amount of observations
outnumbers the number of variables [79]. A divide and recombine is a simple statistical
concept to manage big complex data and utilise all available data without compromising
statistical rigour. This concept’s premise is to randomly, or by other means, divide the
observations into smaller manageable subsets with the caveat of selecting all repeated
records under the same individual into a subset. This splitting conduct still divides data
in an embarrassingly parallel fashion [79], provided the division is persistently random,
albeit each subset size is slightly different due to the varying number of observations under
each cluster. The same analysis method applies independently to each subset, where there
must be no communication with other subsets. Finally, the technique recombines the output
material from each subset into statistically valid estimations representative of the whole
dataset before any division. Therefore, the divide and recombine technique follows three
simple steps of division, analysis and recombination, as the workflow in Figure 4.3 illustrates.
However proper the preparations into the divide & recombine were, the result will always be
an approximation of the estimates from the entire dataset [88].

Division

The division step impacts how unbiased the result turns out. One subset in the data should
represent the complete data for the recombination stage. Hence, it is generally acceptable for
the divided subsets to be embarrassingly parallel. The most obvious way to separate the data
is through replicate partitions, creating S independent and random subsets. This division is
akin to random sampling cases without replacement which is useful as it is computationally
fast. For particular datasets, random subsets are ill-representative of the whole data, whereby
some subsets may not contain critical, data-defining cases. Otherwise, similar to the parallel
aspect, the entire data can also be seemingly divisible, meaning there are natural ways
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Full Data

Subset 1

Subset 2

Subset S

Output 1: ϑ̂1

Output 2: ϑ̂2

Output S: ϑ̂S

...
...

Result

RecombineDivide Analytic method

Figure 4.3: A flowchart diagram of the three step divide and recombine technique for big
data. S denotes the total number of subsets.

to partition the data into smaller subsets based on the subject matter [79]. This way of
partitioning, called a conditioning-variable division, is more specialised for particular
datasets but deserves a brief worthy discussion. The partition strategy involves selecting a
variable within the data to partition by. For instance, a dataset with records of individual
heart rates across several years living in different areas would contain many partition points.
If we had an interest in how geography affects heart rate and make comparisons between
regions, then we may partition the complete data by area. Other candidates for partition may
include years or medication. This type of partitioning is already well-known with uses in
machine learning and graphical visualisation by trellis displays.

Recombination

The parallel outputs resulting from the analysis phase, as Figure 4.3 shows, give rise to
S parameter estimates. One approach to recombination, specific to replicate partitions, is
to average the model coefficient estimates yielding ϑ̃ � °S

s�1 ϑ̂s{S. As we mentioned
before, recombination produces an approximation of the estimate of an analysis applied
to the complete data. Consequently, this chain of production gives an estimate of an
estimand. However, the potentially slight loss of accurate results is a small trade-off for
faster computation. Another way to procure the desired result is to consider the parallel
parameter outputs as a discrete random variable of size S and take the median of this random
variable due to the case of infinite coefficients from one or more outputs. The divide &
recombine technique is not a singular technique but a framework that encompasses other
approaches to big data, including bag of little bootstraps, Bayesian consensus Markov Chain
Monte Carlo, and subset likelihood modelling [79]. Therefore, this technique is ripe for
further research.

4.3 Statistical Software
Existing software for the fitting of the Cox PH model and the extended Cox model with
time-dependent covariates include SPSS and SAS. However, the previously mentioned
software does not provide the tools for frailty modelling. Whilst these two listed computer
software are powerful in their ways, frailty models in survival analysis are computationally
demanding. Due to this exclusivity, we set our sights, and complete all data wrangling and
analysis on the statistical computing software R [106].5

5https://cran.r-project.org/

https://cran.r-project.org/
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4.3.1 R Packages for Survival Analysis
Numerous R packages cater towards multiple assumptions of survival models. The most
prominent is the survival package developed by Terry Therneau [107]. This package
permits the Kaplan-Meier estimator for the survival function and the Nelson-Aalen estimator
for the cumulative hazard function as non-parametric methods. Semi-parametric modelling
with this package encompasses the Cox PH model and its time-varying covariate counterpart.
Although not of particular interest to us, a highlight of this package allows parametric
modelling by specifying the form of a baseline hazard. This parameterisation can be
useful to supplement the baseline hazard with qualitative information on a cohort’s survival
experience. Additionally, this package allows for unshared and shared frailties.

Therneau also authored coxme, a package focusing on mixed-effects Cox models.
Whilst Therneau’s previous package allows for both frailty types, coxme comes with greater
sophistication in its optimisation procedures. The course of model fitting from this package
coincides with much of the content outlined in the previous chapter, including the log-normal
frailty distribution, which is the only frailty distribution available for estimation. The only
exception is a slight adjustment to the Newton-Raphson algorithm (from Subsection 3.3.1)
where the estimated frailty variance θ̂ (and also the estimated coefficients β) comes from
a ML estimate, rather than the usual REML estimate. For extra information on this ML
estimator, McGilchrist [20] covers the details.



R E S U LT S A N D D I S C U S S I O N S 5
As we have strengthened the developments to model fitting from Chapters 2 and 3, including
big data techniques from Section 4.2, this chapter showcases the applicability of survival
analysis in our interRAI data. Before initiating our analyses, we present the cohort’s
characteristics for the two data sets as a form of initial data analysis. If there are repeated
measurements for an individual, then we may concern ourselves with the information
of their final interRAI assessment to recount the most recent screening. Recall that we
are inquiring about two age groups with our analyses. The first group are middle-aged
individuals, constituting a smaller subdivision of the complete data. Table B.1 summarises
this study cohort of 5407 individuals from the middle-aged study group. This group intends
to inform the potential prospects contributing to young-onset dementia. The counterpart
group of 111388 individuals are older adults, constituting the larger subdivision for late-onset
dementia. Table B.2 displays the characteristics of this cohort.

Both pieces of the data emerge from an original copy of the interRAI data which included
over 340814 interRAI screening assessments for 157788 unique individuals. On top of this
amount, the initial number of variables is 294. The collapse of the 294 variables from the
raw data into our initial selection of 28 variables was also due to missing values and infinite
coefficients (from Section 4.1.1). However, much of the original data contains flaws in its
entries that become liabilities if we wish to fit models with covariates. Most entries in the
current data are complete cases, although some are incomplete cases. These incomplete
cases hold information on some covariates but provide missing data on other variables and
thus are reckless to discard.

Despite the remnants of a few missing values, comparing the two contingency tables
shows well-prepared data exhibiting the standards we may find within each age group. A
strong indicator upon first glance is that there is a more substantial percentage of late-onset
dementia, at 31% than their counterpart of young-onset dementia at 19% by their final
interRAI assessment. The variables indicative of older adults compared to middle-aged
adults confides in the quality of the data. For example, in middle-aged adults, adequate
hearing and vision are at 80% and 75%, respectively, by the end of the assessment phase.
These percentages are lower for older adults at 48% and 62% for adequate hearing and
vision, both indicative progressions of the ageing process.

The tables contained within Appendix B are glimpses into the possible variables in the
data but do not convey contributors to dementia-related mortality or all-cause mortality.
These tables give possible correlations between dementia onset relative to each factor of
every selected variable and confirm the validity of our analyses’ final interRAI data. For
the rest of this chapter, we will use survival analysis to scrutinise the data with exploratory
methods and give evidence of the variables contributing to dementia mortality.

41
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5.1 Exploratory Data Analysis

In the exploratory phase, we typically do not produce meaningful outputs to inform decision-
making but advise us of different approaches to further our analyses. We explore the data by
applying some techniques that Chapter 2 described as naïve approaches to survival analysis
that may work on other datasets. The Kaplan-Meier curve is a non-parametric estimator,
with its usefulness in estimating the survival experience in a cohort without considering any
covariates. Here, we apply the Kaplan-Meier estimator to the 5407 unique individuals from
the group of middle-aged adults. Figure 5.1 displays the output of this estimator as a form of
survival probability over the cohort’s age span. Note that survival past age 65 is possible
because we select this cohort based on the age of their first assessment, 45 ¤ a0   65, rather
than including survivors past this threshold in the older adults group.
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Figure 5.1: Kaplan-Meier curves of mortality stratified by dementia status for middle-aged
adults, along with a risk table evaluated at every 5 years and the number of censored subjects.

The plot above shows the output of the Kaplan-Meier estimator, contrasting possible
differences in survival probabilities by dementia status by each individual’s final interRAI
assessment. Notice that the curves are a series of small step functions giving the appearance
of smooth curves due to the amount of data present, as we have reviewed from Section 2.2
on the estimated survival function. The risk table shows that the cohort contains a minimum
of 19 individuals lost to follow-up by the end of the assessment phase, thus surviving beyond
age 70. Some individuals may already see censoring before this age; therefore, it is likely
that more than 19 individuals will live beyond 70. Consequently, the curves tend to be
misleading in suggesting that the survival probability for each stratum is 0, whereas the
actual probability at age 70 is asymptotic to 0.
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This graph declares that the cohort of middle-aged adults without dementia suffers from
an increased probability of death and thus reduced life expectancy compared to those with
dementia; possibly due to non-dementia related causes. The median life expectancy, where
survival probability is equal to 0.5, for those unafflicted with dementia is 64 years, whilst
the median life expectancy for individuals with dementia is 66 years. A formal test for
a significant difference between the two curves involves the log-rank test with the null
hypothesis of no difference in survival probability between the two strata [2]. Additionally,
the log-rank test is non-parametric, which matches well with the concept of the Kaplan-
Meier estimator of disregarding assumptions about the survival distributions. With this
log-rank test, the p-value of   0.0001 suggests that the two curves are not identical and,
contrary to popular opinions [69, 47], dementia-afflicted individuals tend to survive two
years longer than those without dementia. The two curves quickly match each other in
survival probability when approaching age 70, prompting a closer inspection of the older
adult age group. However, we may be critical of this method as the Kaplan-Meier estimator
only studies the effect of one variable at a time, negligent of other predictors that may hasten
non-dementia patients toward death.

We explore the group of older adults with the survival curves using the Kaplan-Meier
estimator as shown in Figure 5.2.
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Figure 5.2: Kaplan-Meier survival curves, stratified by dementia status, for the cohort of
older adults.

With this graph, the Kaplan-Meier estimator produces much smoother curves, owing to
the larger volume of this age group, and thus more accurate estimates of survival probability.
For older adults without dementia, the probability of surviving is lower than those with
dementia, similar to the depiction for middle-aged adults. This discrepancy in survival is
narrower, and dementia patients begin to overtake non-dementia patients in life expectancy at
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around age 85. Eventually, the median survival age for dementia patients at age 88 becomes
lower than that for non-dementia at age 89, with advancing survival ages continuing in this
downward direction. The highly significant p-value from the log-rank test also supports the
discrepancy between the two curves.

A comparison between Figures 5.1 and 5.2 shows the survival curves for both strata are
somewhat agreeable in that survivability in dementia patients is more significant than in those
without dementia until the age of 85 - an odd contradiction to our familiar ideas on dementia
mortality. Although the Kaplan-Meier estimation method makes no assumptions about the
data distributions, we should consider three additional assumptions to avoid misleading
results.

1. We assume that the event, in this case, death, happens at the specified age. This
assumption proves consistent as our processed interRAI data tracks each patient’s
death date.

2. Non-informative and random censoring, described in Ssection 2.1, should be valid
within the data. Although we lack a formal test for these validities, we have no
reason to believe that censored individuals could discontinue others from future
interRAI assessments. Individual interRAI assessments may occur in different regions
throughout New Zealand, absolving the notion of potential informative censoring. As
for random censoring, an initial glance at Figure 5.4 shows that both age groups see
censored patients across both strata to be a skewed distribution. However, compared
to Figure 5.3 shows that the distribution of censored ages adequately represents the
distribution of non-censored ages.

3. We cannot ignore implicit predictors affecting survival times or ages in our interRAI
data. Other predictor variables may correlate highly with survival age, more so than
dementia.

Therein the final assumption we make upon the limitation of the Kaplan-Meier estimator.
The Kaplan-Meier method is the one of the popular survival analysis method but allows only
unadjusted comparisons [58]. The imbalance of confounders between dementia statuses lies
within our interRAI data that we can question with covariate-adjusted survival estimates.
This questioning continues with the semi-parametric Cox PH model.
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Figure 5.3: Histogram of non-censored patients’ age at final assessment stratified by dementia
statuses for (a) the group of middle-aged adults and (b) the group of older adults.
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Figure 5.4: Survival curves with censoring patterns by dementia statuses for (a) the group of
middle-aged adults and (b) the group of older adults.
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5.1.1 Fitting the Proportional Hazards Model
The famed Cox PH hazards model can allow variables from the interRAI data to measure
its effect on the hazard. Its popularity exceeds that of the Kaplan-Meier estimator due to
the semi-parametric characteristic. However, we intend to use this Cox PH model further
to explore the data and discuss its shortcomings when we encounter the proportionality
assumption.

Since our data contain repeated measurements on each subject, we will continue this
demonstration of utilising the Cox PH model with the final assessment, ordered by age,
for each individual. This selection is because multiple observations under the same patient
are highly correlated and are especially troublesome as some patients may have had more
interRAI assessments than others. To begin our demonstration, we fit a Cox PH model on the
cohort of middle-aged adults considering a selection of demographic categorised variables
(listed in Section 4.1.1), with interactions by dementia. These interactions of demographic
variables with dementia assist in gauging whether there are significant differences in the
comparative hazard ratios between those with and without dementia. This model is also
conveniently small, and, for clarity, the resulting hazard for this age group at age a from this
Cox model is:

λpaq � λ0pa | 45 ¤ a0   65q exp�pGender * Dementiaq
� pEthnicity * Dementiaq � pMarital status * Dementiaq�

with Table 5.1 displaying the resulting model summary. The output of this model showcases
that patients with dementia are at a lower instantaneous potential of death, adjusted for
gender, ethnicity and marital status. Where the hazard ratio is over 1 for Pacific people with
dementia, however, this measure of effect is insignificant. There are interesting findings
from this table, such as all-cause mortality being the highest for Māori patients, which aligns
with previous literature on mortality by ethnicity in New Zealand [86]. Another alignment is
that males are ever so likely at increased risk of dying, although this measure of effect is
only significant at the 10% level. As this model is simply a naive attempt at utilising the
Cox PH model, we should not make final remarks on our middle-aged study cohort. Instead,
we use this model to check if the variables suit the proportionality assumption.

The Proportionality Assumption

Of the multiple residual types that remain from a fitted Cox PH model, recall (from Table
2.1) that Schoenfeld residuals are the most useful in testing the underlying proportionality
assumption. Figure 5.5 reveals the subplots of these residuals across assessment ages across
the four unique variables without the interaction terms. The idea behind these plots is to
compare the blue fitted curve to the red dashed horizontal line centred around zero, which is
the expected value. The variable with the blue curve that most obviously departs from this
horizontal line is marital status. By reasoning, an individual’s marital status can change over
time, in this case, age. With advancing age, an individual can naturally see the increasing
risk of dementia onset, as per Figure 5.3a. Despite the slight curvature suggesting this
change, ethnicity does not change throughout a person’s ageing process and therefore does
not affect the hazard. The only anomaly here is gender, which does not change by age but
does affect the hazard ratio by age. We confirm this anomaly with a formal test in Table 5.2
as a non-proportionality test. However, the interaction of gender and dementia contributes
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Table 5.1: A exploratory crude Cox proportional hazards model fitted with demographic
variables interacting with dementia statuses for the group of middle-aged adults.

Characteristic HR1 95% CI2 p-value

Dementia
Absent Reference - -
Present 0.67 0.52, 0.87 0.002

Gender
Female Reference - -
Male 1.08 0.99, 1.18 0.081

Ethnicity
European Reference - -
Asian 1.17 0.89, 1.54 0.25
Māori 1.35 1.22, 1.49 <0.001
Pacific peoples 1.03 0.88, 1.21 0.71
Middle Eastern/Latin American/African/Others 0.95 0.64, 1.41 0.79

Marital Status
Never married/other Reference - -
Married/Civil Union/Defacto 0.92 0.83, 1.02 0.12
Widowed 0.66 0.56, 0.77 <0.001
Separated/Divorced 0.77 0.69, 0.86 <0.001

Dementia * Gender
Dementia * Female Reference - -
Dementia * Male 1.06 0.86, 1.32 0.57

Dementia * Ethnicity
Dementia * European Reference - -
Dementia * Asian 0.53 0.25, 1.14 0.10
Dementia * Māori 0.65 0.48, 0.88 0.005
Dementia * Pacific peoples 1.09 0.71, 1.67 0.69
Dementia * Middle Eastern/Latin Ameri-

can/African/Others
0.36 0.11, 1.21 0.10

Dementia * Marital status
Dementia * Never married/other Reference - -
Dementia * Married/Civil Union/Defacto 0.84 0.64, 1.09 0.19
Dementia * Widowed 0.93 0.58, 1.48 0.75
Dementia * Separated/Divorced 0.93 0.69, 1.26 0.65

1 HR = Hazard Ratio, 2CI = Confidence Interval



48 Chapter 5. Results and Discussions

to this anomaly. At some point in age, the hazard of both genders may cross, similar to the
illustration behind Figure 2.4b.
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Figure 5.5: A series of subplots with Schoenfeld residuals against age at assessment for
dementia, gender, marital status and ethnicity.

Table 5.2: A check of the proportional hazards assumption for a Cox regression model with
demographic variables interacting with dementia. This check is a global chi-square test.

Term chisq df p-value

Dementia 36.40 1 1.6e-09
Gender 4.48 1 0.0342
Ethnicity 2.78 4 0.5953
Marital status 37.16 3 4.3e-08
Dementia * Gender 16.25 1 5.5e-05
Dementia * Ethnicity 17.03 4 0.0019
Dementia * Marital status 33.00 3 3.2e-07
Global 92.11 17 2.5e-12

5.2 The Mixed Effects Cox Model
Although we have only tested whether a handful of variables satisfy the proportionality
assumption, the nature of interRAI data is that all assessed variables are dynamic and are
due for an update with passing time, in this case, age. This update is especially true if there
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are multiple observations for an individual with assessment outcomes that will eventually
change. Thus, we will apply the extended Cox model for time-dependent covariates for
all future models. Motivated by the inadequacy of the PH assumption, we move towards
harmonising the changing quantities of variables with an extended Cox model that allows for
time-dependent covariates. Consequently, we no longer need to assess the proportionality
assumption when allowing time-dependent covariates.

We may also include a frailty component in our models and allow for time-dependent
covariates concurrently, creating a shared frailty model. Each patient shares this frailty
component across all their observations, even if they only had one assessment. However,
it is essential to remark that the individual’s frailties are not time-dependent and do not
change with age, even if an individual sees multiple interRAI assessments. This remark also
begs the question of when the model defines a patient’s frailty with numerous observations
regarding the patient’s time frame throughout each follow-up. It is standard that the frailty
model predicts the individual frailty component at time zero, in this case, the beginning
assessment age of a patient [61]. This personal frailty then follows the patient throughout
the rest of their livelihood, somewhat restricting the model.

To complete our model fitting procedure, we intend to fit different frailty extended Cox
models under various categories described in Section 4.1. Recall that these categories were
measures of (1) demographics, (2) disease diagnoses, (3) physical health indicators, (4)
psychosocial health indicators, and (5) lifestyle. Like the exploratory model in the previous
section, each variable under each category interacts with dementia status. This procedure
produces a total of 10 models, as we also consider the group of middle-aged and older adults
separately. We detail the important outputs in the next section with a few caveats:

• We present the models such that only variables with significant measures of effect,
either with or without interactions with dementia, remain in the model. That is, the
final models may still contain non-significant terms, but their interaction term with
dementia is significant, and vice versa. As previously mentioned, this interaction
serves to identify which predictor variables affect dementia-related mortality compared
to all-cause mortality.

• We discard variables that will produce infinite coefficients that cannot initialise the
Newton-Raphson algorithm or coefficients that will converge towards infinity, thus
creating an abnormally large estimate. A strong example of this issue is if we were
to add a term for bladder incontinence by dementia interaction (see Table B.1) when
modelling the group of middle-aged adults.

• Each model is adjusted for the two demographic variables being that of gender and
ethnicity.

5.2.1 Divide and Recombine
In dividing the more voluminous split of the data, being that of the group of older adults,
Section 4.2 discussed the idea of recombining outputs. These outputs become discrete
random variables of a size that relies on the number of subsets we wish to specify. In our
case, we create 30 subdivisions from the data to abide by the Central Limit Theorem (CLT).
With nearly 250000 total measurements in this group, each subset contains roughly 8000
observations to estimate and predict the parameters and the frailty variances that we can
average (or take the median, should the output produce an infinite coefficient) from these



50 Chapter 5. Results and Discussions

30 estimations and predictions. However, each subset is still slightly different in size, and
statistical tests may not hold the same power across each subdivision. Therefore, we entrust
the mean of the confidence intervals from each subset to determine if a parameter estimate is
significant at the 5% level.

5.3 Evidence of Effects by Age Group
This section will consider the outputs from each age group separately to delineate possible
predictors of mortality in young-onset dementia and late-onset dementia.

Model discussions: middle-aged adults

We first commentate over the final, reduced models with their significant variables for the
group of middle-aged adults to gauge possible young-onset dementia measures of mortality
against all-cause mortality. Appendix C.1 contains the table of outputs for each model
category. Note that whilst these reduced models include only the remaining significant
predictors, we wish to detect if there are any associations with any factors in the variables
with dementia. These associations hint at which variables affect dementia mortality, for
better or worse, which we are the aspects wish to primarily discuss. Note that the estimates
in each table present the exponentiated coefficients to produce an estimated hazard ratio. For
instance, a value lower or greater than 1 would mean the original coefficient to be either
negative or positive, respectively.

Beginning with Table C.1, we gather that the most significant association with dementia
is those who are married, in a civil union, or in a de facto relationship experience about a
26% lower risk of death compared to dementia-afflicted patients who were never married.
This reduced risk is a sensible explanation as dementia patients may see their partners as
caregivers to alleviate the potential risk of death from dementia. Interestingly, the cohort sees
married patients in a civil union or de facto relationship without dementia have a higher risk
of death than those who have never been married. However, we set aside the presumptions
behind this higher risk. Other secondary findings are similar to the exploratory model;
male patients without dementia have an increased risk of death than female patients without
dementia. However, male subjects with dementia do not resonate with this same effect
compared to female subjects with dementia. This opposition shows that male patients are at
greater risk for all-cause mortality than dementia-related mortality. Other notable variables
concerning significant factors concern Māori patients at higher risk than European patients.
Akin to the previously mentioned interaction, Māori patients with dementia do not see an
increased risk of dying compared to European patients with dementia.

The small random effects variance also suggests that the reduced model with demo-
graphic variables interacting with dementia describes minimal heterogeneity among the
cohort. We can confirm this lack of heterogeneity with Figure 5.6. Although variance values
can not be negative, extrapolating the profile likelihood curve beyond the vertical origin
suggests that this curve will eventually coincide with the dashed horizontal line, which is the
95% confidence interval of the estimated variance from a likelihood ratio test. This meeting
is the lower bound and contains 0 in its interval, thus prompting an insignificant random
effect.

Interacting variables of disease diagnosis and dementia, shown in Table C.2, declares that
patients suffering from a history of strokes are at 0.7930 � 1.7450 � 1.3838 times higher
the risk of instantaneous death than dementia patients that do not suffer from strokes. This
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Figure 5.6: The profile likelihood for variance values on the model of demographic variables
for middle-aged adults.

higher risk showcases the 75% increase in dementia-specific mortality of stroke patients.
This dangerous combination aligns with the association of dementia onset [76], but also with
long-term survival [62]. Another significant interaction with dementia is cancer which sees
patients having 6.6909 � 0.3561 � 2.3826 times the risk of dying compared to dementia
patients without cancer. However, this interaction contrasts with having cancer without
dementia which is a more substantial concern for all-cause mortality at a much higher hazard
of 6.6909 times the risk of death over non-cancer patients. All the other diseases, namely
congestive heart failure and COPD, elevates all-cause mortality rather than dementia-related
mortality.

A check on the random effects variance shows a much larger value at 0.5746. Figure
5.7 shows that the estimate is significant as the curve remains above the 95% confidence
interval without crossing into negative values. A closer inspection of the predictions from
the model in Figure 5.8 also shows the predicted frailties having more spread in its range
of values. As a reminder of utilising the log-normal distribution as the frailty distribution
where the mean is typically not 1, we compare the random effect by dementia status. For
most age intervals, non-dementia patients have higher frailties. There is a turn upon age 65
where dementia-related frailty overtakes non-dementia frailty. A Welch two sample t-test
of the predicted frailty means for patients ending their assessments over age 65 shows the
mean predicted frailty of patients with dementia is at 0.9577, which is significantly unequal
to the mean predicted frailty of 0.8713 for non-dementia patients (p-value = 6.114� 10�07).

The model in Table C.3 showcases that a passive lifestyle leads to reduced hazards
compared to a depressive lifestyle. Considering the associations with dementia on the hazard
ratio, this model yielded no significant dementia interactions with lifestyle information.
Therefore, we cannot draw any strong statements from this model about the potential
regarding their association with dementia. Additionally, this model with psychosocial
information contains little by-patient heterogeneity due to the negligible value of the random
effects variance, with Figure 5.9 supporting this inconsequence.

From the cohort’s lifestyle elements in Table C.4, we gather that dementia mortality can
associate with participating in social activities. Most notably, dementia patients living a
semi-sociable lifestyle by participating in social activities more than a month ago undergo
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Figure 5.7: The profile likelihood for variance values on the model of disease diagnosis
variables for middle-aged adults.

Figure 5.8: A boxplot of predicted frailties by age at final assessment in 5-age intervals from
the model involving disease diagnosis variables for middle-aged adults.
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Figure 5.9: The profile likelihood for variance values on the model of psychosocial variables
for middle-aged adults.

approximately 35% reduced risk of death than dementia patients who never participate in
social activities. There is also a significant association between dementia patients and those
unable to determine their social activities, also at 35% times reduced risk. However, this
category is rather ambiguous when deciphering its meaning; therefore, we set its meanings
aside. Overall, it is not unusual to see lower risks when comparing each category against the
baseline, as these factors generally lead to improvements in an individual’s sustenance.

With a random effects variance of 0.3996, the model with a sketch of the cohort’s lifestyle
traits shows considerable heterogeneity. Figure 5.10 confirms this estimated maximum
variance value, with its profile likelihood lower bound being above the horizontal 95%
confidence interval line. A graphical display of the density of predicted frailties in Figure
5.11a shows that dementia-afflicted patients tend to be more frail compared to non-dementia
patients, causing an increased potential of death considering their lifestyle traits. Figure
5.11b attributes these increased frailties to older patients with their final assessment ages
above 65. To confirm this increase, a Welch two sample t-test on this age category reveals
that the mean predicted frailty for dementia patients is 0.9646, significantly different from
the mean predicted frailty for non-dementia patients at 0.8973 (p-value = 3.426� 10�07).

Finally, the most expansive model involving physical health indicators shown in Table
C.5 hints that the presence of dementia as the main effect has a higher risk of death than
those without dementia. Multiple interactions with dementia exist. Dementia patients with
poor self-rated health exhibit are at lower risk than dementia patients with excellent health.
However, this hazard conflicts with self-rated health as the main effect, which is a concern
for all-cause mortality. We may claim the same belief for the interactions between dementia
and increasing scores on the CHESS scale. A notable significant interaction involves
dementia and experiencing more than one fall in the last 30 days, with a risk of death at
0.9754 � 1.7559 � 1.7127 times those who have not fallen in the previous 90 days. The
frequency of falls as the main effect is not significant in this model, which suggests a high
association between dementia presence and frequent falls acting on the hazard. Dementia
and moderate to severely impaired vision in adequate light make for a deadly combination.
This mixture sees 1.0003� 1.6084 � 1.6089 times the risk of instantaneous death compared
to dementia subjects with adequate vision. At the same time, this model shows that the
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Figure 5.10: The profile likelihood for variance values on the model of lifestyle variables for
middle-aged adults.

(a) (b)

Figure 5.11: Graphical representations of frailty with (a) density, stratified by dementia
status and (b) interval boxplots based on the model of lifestyle elements for middle-aged
adults.

main effect of patients suffering from moderate to severely impaired vision is not significant,
strengthening the interaction with dementia having a profound impact on the risk of death.
The last interaction is with dementia patients being (1-2) mild to moderately dependent on
the ADL scale, which unexpectedly sees about a 36% lower risk of death than dementia
patients being (0) independent.

Figure 5.12 reveals the significance of the model’s random effects. Further appraisal
of the random effects in Figure 5.13 discloses that the frailties between non-dementia and
dementia patients are very similar. Like the previous models, many young-onset dementia
patients past age 65 contribute to increased frailty that acts on the hazard. Our Welch two
sample t-test indicates that the mean predicted frailty of dementia patients past age 65 is
0.9579, significantly different from the mean predicted frailty of dementia patients past age
65 at 0.9089 (p-value = 3.868� 10�04).

Through the graphics of the profile likelihoods, we ascertain unobservable effects among
the cohort of middle-aged causing frailty components that act on the extended Cox model
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with time-dependent covariates. These frailties are only significant and clear-cut when
modelling the interactions between dementia on a scope of characteristics concerning
disease diagnoses, lifestyle elements, and physical health aspects. More notably, these three
ranges of characteristics cause a persistent unobservable random effect that elevates the force
of mortality amongst young-onset dementia patients with terminating interRAI assessments
past age 65 over middle-aged non-dementia patients.
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Figure 5.12: The profile likelihood for variance values on the model of physical health
variables for middle-aged adults.

(a) (b)

Figure 5.13: Graphical representations of frailty with (a) density, stratified by dementia status
and (b) interval boxplots based on the model of physical health aspects for middle-aged
adults.

Model discussions: older adults

The reduced models for older-aged adults scarcely describe any significant interactions
with late-onset dementia than the models do for all-cause mortality. This insignificance
is because most interactions include the value of 1 within its 95% confidence interval;
thus, the interactions are not significant at the 5% level. Across all models, we record a
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few considerable interactions with dementia being that of cancer diagnosis and increasing
CHESS scale, which we find from the output in Table C.7. This interaction is similar to
the one we saw in young-onset dementia, where cancer diagnosis with dementia present
leads to a lower risk of death compared to dementia patients without cancer. The other
interaction describes dementia patients as having lower risk whilst having a higher score
on the CHESS scale. Meanwhile, increasing CHESS scale is still a significant predictor of
all-cause mortality. Additionally, each model contains an averaged random effects variance
with an order of magnitude ranging from �05 to �06. Figure 5.14 display the trivial density
of the model’s random effects from Table C.7 which happens to be the model with the
largest random effects variance. The predicted frailty values exist with minimal spread. We
can deduce that the variances will be insignificant based on previous evidence from the
models on middle-aged adults.1 Each subset procured the same orders of magnitude for each
variance estimate resulting from the divide and recombine procedure; therefore, the average
random effects variance was not prone to outliers. We subsetted the data into 30 smaller
parts such that the outputs may follow the properties of the CLT.

Figure 5.14: A plot of the density of predicted frailty values, stratified by dementia based on
a model of disease diagnosis for older adults. The minuscule horizontal axis range suggests
limited heterogeneity, averaged from all subsets.

Consequently, the findings from these models may appear unfulfilling if we only wish to
detect any significant interactions with dementia that will increase the risk of death. For now,
this unfulfillment stays true in our case, although this issue does not reflect poorly on the data
quality. The remaining significant variables are typically predictors of all-cause mortality.
Prior research using similar interRAI data shows that each significant variable across all the
listed models contributes to increased mortality [98]. Additionally, most models show that
dementia, as the main effect, is a significant predictor of all-cause mortality. An indication of
loneliness (Table C.8) sees reduced all-cause mortality where this effect is contrasting [98],
which is the only concern of inconsistency with our interRAI data. We mention any future
changes we could make to yield more promising results concerning the frailty or interaction
estimates in the next chapter.

1Due to computational constraints, we set aside the profile likelihood plots of the variances of the random
effects for the group of older adults.
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5.3.1 Significant predictors of increased dementia mortality
Gauging the contributors to dementia mortality has been and remains a difficult task.
Throughout all our models, we found associations between young-onset dementia and
variables. By enforcing our objective of this research project, we intend to summarise
interaction terms with a hazard ratio above 1 to indicate an increased dementia-related risk of
death. Before presenting this summary, however, we need to clarify the interpretation of the
hazard ratio for time-dependent covariates, which is slightly different from the interpretation
of the hazard ratio for the Cox PH model [65]. As an example, a time-dependent Cox model
with dementia presence having a hazard ratio of 1.8 tells us that the hazard for a person with
pre-existing dementia at a certain age is 1.8 times greater than a person who has not yet
received dementia at the same age. With this alternative interpretation in mind, the positive
interaction terms with dementia from our results describe:

• Young-onset dementia patients modelled on a set of disease diagnoses suffering from
a history of strokes at a certain age tend to be at about 1.38 times greater risk of dying
than young-onset dementia patients who do not yet suffer from a history of strokes at
that same age;

• Young-onset dementia patients modelled on a range of their physical health witnessing
more than one fall in the last 30 days at a certain age are at approximately 1.71 higher
risks of dying than young-onset dementia patients who have not yet had a fall at that
same age;

• Young-onset dementia patients modelled on a scope of their physical health with
moderate to severe vision impairment at a certain age are at around 1.61 times higher
risk of dying compared to young-onset dementia patients with adequate vision by that
same age.

Additionally, we may notice significant random effects causing higher hazards for
dementia patients slightly after age 65. Through a series of Welch two sample t-tests, the
mean predicted frailty for those with young-onset dementia is consistently higher than
the mean predicted frailty over those without dementia when considering the middle-aged
cohort’s range of disease diagnoses, lifestyle elements, and physical health aspects. This
consistency could extend into the cohort of older adults under a more purposeful divide and
recombine arrangement.
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The theoretical and methodological techniques we have scrutinised are by no means the most
cutting-edge ways of analysing survival data. However, being the first study to utilise a time-
dependent Cox model with frailty components on New Zealand interRAI data concerning
dementia-related mortality, we can seek reasonable solace in this project when applying
our array of methods. This thesis began by introducing the popular notions of dementia
and its lack of information on predictors that hasten mortality in people with dementia. We
then focussed on the branch of statistical practices we intended to employ. Motivated by
the shortcomings of our initial findings, we built upon these early findings to allow greater
sophistication in our practices. interRAI data come with its intricacies, and we identified
how we could tailor our techniques to suit this data. As a result of these techniques, we
present insightful findings that align with our research objective, which was to determine the
predictors that can associate positively with dementia that can hasten the mortality rate. To
provide closure in this thesis, we reflect on our study’s strengths, limitations and subsequent
potential for further research.

6.1 Strengths and Limitations
interRAI data are voluminous and overflowing with rich information that is also inexpensive
to collect as all aged residential care providers routinely utilise the interRAI assessment
instrument. This collection of observations can offer strong statistical power for parameter
estimation. These data also link with the New Zealand Integrated Data Infrastructure, an
extensive research database containing data about people and households. By no means
is the interRAI data limited to only a few years of recruitment of patients and subsequent
assessments up to a set date. This interRAI data can easily extend beyond the final evaluations
and follow-up dates to add more data to compile further recordings where the same analysis
procedure could remain.

We were also careful in accommodating our approach to survival analysis towards
interRAI for coherent reporting. This accommodation meant a thorough narration of how we
take advantage of the increasingly complex aspects due to previously identified deficiencies
of survival analysis and put these aspects into practice. Throughout this thesis, we reinforce
each methodological decision with evidence. Consequently, we can confide in the fairness
of our methods, regardless of the good or ill results.

Nonetheless, several limitations provoke our study and will hinder the results, perhaps
more than the methods’ strengths. interRAI data recordings are not impeccable, and there
exist several misrecorded entries that can affect the fitted models. This data only contain
observational or self-reported data, requiring high accuracy on the assessor’s behalf and
58
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truthful answers on the patient’s behalf when collecting data. Then undoubtedly, not every
aspect of a patient’s behaviour is observable to the assessor. Similarly, self-reports may
not present the most honest answer over the socially acceptable answer. These errors and
incomplete entries in the data are problematic or infeasible to repair, causing us to endure
the idea that our information will perennially be imperfect. There are usual barriers leading
to the diagnosis of dementia or other illnesses. The interRAI data display an aperture of an
individual’s lifetime in periods rather than their entire lifetime. This aperture clouds our
view of when dementia or other illnesses would have begun causing evaluations of the risk
of dying, compared between effects, to be slightly inaccurate. Our choice of diluting the
294 variables into the initial selection of 28 explanatory variables could not have captured
all possible interactions with dementia that lead to increased hazards in interRAI data.
Incomplete entries that can cause near infinite coefficients also prompted this reduction, with
the only possible remedy being willing to obtain more complete data.

The divide and recombine technique produces an estimate of an estimand which will
always be inferior to fitting the model with the whole data. This technique was necessary to
incorporate all of our refined data. In our attempt to recreate a supposed "full" model, we
obtain few significant predictors of all-cause mortality and no interactions which increase the
risk of death for dementia patients. In hindsight, our results showed that frailty for dementia
patients over the age of 65 began to overtake the frailty for non-dementia patients of the
same age. A more purposeful split that seeks to compare this oncoming gap would be to
split the data of older adults into 5-age intervals. Since our intent with this technique was to
remain as neutral as possible to avoid biases for the random effects variance, we decided to
subset the data randomly. Other options would be to explore different approaches under the
divide and recombine framework that can apply to repeated measurements.

6.2 Future research options
A natural progression with mixed effects models is to incorporate multilevel or multiple
frailties. In our models, we only had one frailty effect: the supposed heterogeneity between
individuals. Hierarchical frailty models are possible through the coxme package if we
suspect there were any other unobservable causes across other variable effects. From a
purely technical standpoint, multiple other computational packages and big data principles
also suit or closely align with our original research objective. Although the R packages
survival and coxme are no longer in their infancies, they have limited functionality
concerning parameter adjustments and frailty distributions compared to other packages that
have adapted towards random effects mixed models. The frailtyEM package allows
the fitting of semi-parametric shared frailty models with time-dependent covariates using
the expectation-maximisation algorithm to maximise the likelihood [95]. This alternative
maximisation procedure can alleviate scenarios where the Newton-Raphson algorithm may
be unable to converge. Suppose we have qualitative information that can affect how we view
the form of a baseline hazard. In that case, the parfm package can provide an estimation
to this baseline whilst including frailty components and time-varying covariates [66]. We
considered both packages for frailty modelling, but these packages did not suit our interRAI
data due to incomplete cases. As interRAI data contains many underutilised variables,
we may consider more than a handful in the same model with regularised and shrinkage
methods.



M AT H E M AT I C A L S O L U T I O N S A
This appendix contains the additional mathematical implications on the model fitting process.

A.1 Laplace approximation of the log-normal distribution
Since the defining integral for the Laplace transform of a log-normal p.d.f. is intractable,
approximation techniques are available alternatives. One alternative includes Laplace’s
method since the log-normal p.d.f. is a unimodal distribution. The goal is to find a Gaussian
approximation to the p.d.f.. There are many procedures to approximate the intractable
integral; many are modifications of Laplace’s method [72]. How potent these different ap-
proximation approaches are is a quarrelsome topic that is not of debatable interest throughout
this addendum. We commentate and follow the workings of [66] to obtain the approximation.

Another way to formulate the Laplace transform by aligning more towards probability
theory is to define the transform as an expected value. Specifically, since the frailty U is a
random variable, the qth derivative of the Laplace transform of U is

Lpqqpxq � p�1qqErU q expp�Uxqs
and since U � fpuq is a continuous p.d.f. it is plausible to recast the above statement

with a log-normal p.d.f. as an integral of
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With a change of variable w � logpuq and with the expression from above, this modifi-
cation initiates the use of Laplace’s method with
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Now that all contents outside the curly brackets are constants, we let the contents within
the bracket be
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gpw;x, σ2q :� �qw � exppwqx� w2

2σ2
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The approximation continues by making a second-order Taylor series expansion centred
around some w̃ to supply an approximation for gpw;x, σ2q:

gpw;x, σ2q � gpw̃;x, σ2q � pw � w̃qgp1qpw̃;x, σ2q � pw � w̃q2
2

gp2qpw̃;x, σ2q

As the log-normal distribution is unimodal, we can assume that gp�q obtains its maximum
at w̃ such that gp1qpw̃;x, σ2q � 0, then the approximation Lpqqpxq is given by
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This expression is explicitly computed by recognising the kernel of the integral is the
same as kernel of a normal p.d.f. with mean w̃ and variance 1{gp2qpw̃;x, σ2q. Hence

Lpqqpxq � p�1qq 1
σ
exp

 �gpw̃;x, σ2q( �gp2qpw̃;x, σ2q��1{2
.



DATA D E S C R I P T I O N B
This appendix links with both subsection 4.1.1 and chapter 5 to describe the range of
interRAI predictor variables. Each variable is in discrete factors, i.e. Xij P Z¥0, with a
baseline for comparison, denoted by the first factor level, and usually ordered by increasing
severity or frequency. For more information on certain summary scale variables, refer back
to subsection 4.1.1.

B.1 Contingency tables of dementia
Each table is associated with one of the two age groups; the middle-aged group for young-
onset dementia (table B.1) and the older adults group for late-onset dementia (table B.2). We
have concatenated some predictor variables into fewer levels than the number of levels from
the original data description by its authors [21, 29, 30, 41, 98] to reduce some dimensionality.
Values that are "NA" (not available) are simply missing data that we can not replace from
imputation due to a lack of historical information.

Dementia

Variable Absent n � 4380 Present n � 1027 Total n � 5407
(81%) (19%)

Gender
Female 2452 (55.98%) 500 (48.69%) 2952 (54.60%)
Male 1928 (44.02%) 527 (51.31%) 2455 (45.40%)

Ethnicity
European 2775 (63.36%) 753 (73.32%) 3528 (65.25%)
Asian 123 (2.81%) 39 (3.80%) 162 (3.00%)
Māori 1082 (24.70%) 149 (14.51%) 1231 (22.77%)
Pacific peoples 342 (7.81%) 64 (6.23%) 406 (7.51%)
Middle Eastern/Latin Ameri-

can/African/Others
58 (1.32%) 22 (2.14%) 80 (1.48%)

Marital Status
Never married/other 1339 (30.57%) 229 (22.30%) 1568 (29.00%)
Married/civil union/de facto 1376 (31.42%) 427 (41.58%) 1803 (33.35%)
Widowed 410 (9.36%) 69 (6.72%) 479 (8.86%)
Separated/divorced 1251 (28.56%) 302 (29.41%) 1553 (28.72%)
NA 4 (0.09%) 0 (0%) 4 (0.07%)

Coronary heart disease

62



B.1. Contingency tables of dementia 63

No 3592 (82.01%) 900 (87.63%) 4492 (83.08%)
Yes 788 (17.99%) 127 (12.37%) 915 (16.92%)

Congestive heart failure
No 3871 (88.38%) 984 (95.81%) 4855 (89.79%)
Yes 509 (11.62%) 43 (4.19%) 552 (10.21%)

Stroke (or cerebrovascular acci-
dent)

No 3573 (81.58%) 906 (88.22%) 4479 (82.84%)
Yes 807 (18.42%) 121 (11.78%) 928 (17.16%)

Cancer
No 3343 (76.32%) 978 (95.23%) 4321 (79.91%)
Yes 1037 (23.68%) 49 (4.77%) 1086 (20.09%)

Chronic Obstructive Pulmonary
Disease (COPD)

No 3436 (78.45%) 942 (91.72%) 4378 (80.97%)
Yes 944 (21.55%) 85 (8.28%) 1029 (19.03%)

Diabetes mellitus
No 2980 (68.04%) 850 (82.77%) 3830 (70.83%)
Yes 1400 (31.96%) 177 (17.23%) 1577 (29.17%)

Hip fracture
No 4352 (99.36%) 1021 (99.42%) 5373 (99.37%)
Yes 28 (0.64%) 6 (0.58%) 34 (0.63%)

Self-rated health
Excellent 69 (1.58%) 51 (4.97%) 120 (2.22%)
Good 1090 (24.89%) 393 (38.27%) 1483 (27.43%)
Fair 1431 (32.67%) 169 (16.46%) 1600 (29.59%)
Poor 1134 (25.89%) 39 (3.80%) 1173 (21.69%)
Could not respond 656 (14.98%) 375 (36.51%) 1031 (19.07%)

Changes in Health, End-stage
disease, Signs, and Symptoms
(CHESS) scale

(0-1) Stable 2083 (47.56%) 708 (68.94%) 2791 (51.62%)
(2-3) Unstable 1750 (39.95%) 270 (26.29%) 2020 (37.36%)
(3-6) Highly unstable 519 (11.85%) 48 (4.67%) 567 (10.49%)
NA 28 (0.64%) 1 (0.10%) 29 (0.54%)

Falls
None in the past 90 days 2891 (66.00%) 730 (71.08%) 3621 (66.97%)
No falls in the last 30 days,

but fell 31-90 days ago
445 (10.16%) 95 (9.25%) 540 (9.99%)

¥1 falls in the last 30 days 1044 (23.84%) 202 (19.67%) 1246 (23.04%)
Bladder incontinence

Continent 2471 (56.42%) 508 (49.46%) 2979 (55.10%)
Not continent 1885 (43.04%) 519 (50.54%) 2404 (44.46%)
Did not occur 24 (0.55%) 0 (0%) 24 (0.44%)

Bowel incontinence
Continent 3185 (72.72%) 616 (59.98%) 3801 (70.30%)
Not continent 1140 (26.03%) 409 (39.82%) 1549 (28.65%)
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No bowel movement during
the last 3 days

27 (0.62%) 1 (0.10%) 28 (0.52%)

NA 28 (0.64%) 1 (0.10%) 29 (0.54%)
Hearing

Adequate 3521 (80.39%) 799 (77.80%) 4320 (79.90%)
Minimally impaired 624 (14.25%) 140 (13.63%) 764 (14.13%)
Moderately to severely im-

paired
230 (5.25%) 88 (8.57%) 318 (5.88%)

NA 5 (0.11%) 0 (0%) 5 (0.09%)
Vision in adequate light

Adequate 3306 (75.48%) 719 (70.01%) 4025 (74.44%)
Minimally impaired 769 (17.56%) 167 (16.26%) 936 (17.31%)
Moderately to severely im-

paired
301 (6.87%) 141 (13.73%) 442 (8.17%)

NA 4 (0.09%) 0 (0%) 4 (0.07%)
Activities of Daily Living
(ADL) hierarchy scale

(0) Independent 2032 (46.39%) 335 (32.62%) 2367 (43.78%)
(1-2) Mildly dependent 989 (22.58%) 349 (33.98%) 1338 (24.75%)
(3-6) Moderately to severely

dependent
1330 (30.37%) 342 (33.30%) 1672 (30.92%)

NA 29 (0.66%) 1 (0.10%) 30 (0.55%)
Cognitive Performance Scale
(CPS) scale

(0) Intact 1856 (42.37%) 17 (1.66%) 1873 (34.64%)
(1-2) Borderline to mild im-

pairment
1899 (43.36%) 389 (37.88%) 2288 (42.32%)

(3-6) Moderate to severe im-
pairment

620 (14.16%) 621 (60.47%) 1241 (22.95%)

NA 5 (0.11%) 0 (0%) 5 (0.09%)
Frequent delusions

No 4178 (95.39%) 863 (84.03%) 5041 (93.23%)
Yes 202 (4.61%) 164 (15.97%) 366 (6.77%)

Frequent hallucinations
No 4183 (95.50%) 891 (86.76%) 5074 (93.84%)
Yes 197 (4.50%) 136 (13.24%) 333 (6.16%)

Depression Rating Scale (DRS)
(0-2) Minimal 3389 (77.37%) 762 (74.20%) 4151 (76.77%)
(3-5) Moderate 687 (15.68%) 186 (18.11%) 873 (16.15%)
(6-14) Severe 303 (6.92%) 79 (7.69%) 382 (7.06%)
NA 1 (0.02%) 0 (0%) 1 (0.02%)

Says or indicates loneliness
No 3485 (79.57%) 893 (86.95%) 4378 (80.97%)
Yes 889 (20.30%) 134 (13.05%) 1023 (18.92%)
NA 6 (0.14%) 0 (0%) 6 (0.11%)

Strong relationship with family
No 1035 (23.63%) 214 (20.84%) 1249 (23.10%)
Yes 3344 (76.35%) 812 (79.07%) 4156 (76.86%)
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NA 1 (0.02%) 1 (0.10%) 2 (0.04%)
Hours of exercise in the last 3
days

None 1465 (33.45%) 217 (21.13%) 1682 (31.11%)
Less than an hour 1359 (31.03%) 178 (17.33%) 1537 (28.43%)
1 to 2 hours 952 (21.74%) 268 (26.10%) 1220 (22.56%)
3 to 4 hours 384 (8.77%) 183 (17.82%) 567 (10.49%)
More than 4 hours 220 (5.02%) 181 (17.62%) 401 (7.42%)

Days went out in the last 3 days
Did not go out 1414 (32.28%) 299 (29.11%) 1713 (31.68%)
Did not go out in the last 3

days, but usually goes out over
a 3 day period

362 (8.26%) 69 (6.72%) 431 (7.97%)

1 or 2 days 1323 (30.21%) 249 (24.25%) 1572 (29.07%)
3 days 1281 (29.25%) 410 (39.92%) 1691 (31.27%)

Smokes tobacco daily
No 3354 (76.58%) 848 (82.57%) 4202 (77.71%)
Yes 1026 (23.42%) 179 (17.43%) 1205 (22.29%)

Highest number of alcohol
drinks in a "single sitting"

None 3860 (88.13%) 893 (86.95%) 4753 (87.90%)
1 to 4 434 (9.91%) 114 (11.10%) 548 (10.14%)
5 or more 86 (1.96%) 20 (1.95%) 106 (1.96%)

Participation in social activities
Never 785 (17.92%) 305 (29.70%) 1090 (20.16%)
More than 30 days ago 1051 (24.00%) 117 (11.39%) 1168 (21.60%)
Within a month 410 (9.36%) 57 (5.55%) 467 (8.64%)
Within a week 1770 (40.41%) 450 (43.82%) 2220 (41.06%)
Unable to determine 364 (8.31%) 98 (9.54%) 462 (8.54%)

Table B.1: Characteristics by dementia onset of the middle-aged study cohort.

Dementia

Variable Absent n � 77386 Present n � 34002 Total n � 111388
(69%) (31%)

Gender
Female 47891 (61.89%) 21010 (61.79%) 68901 (61.86%)
Male 29495 (38.11%) 12992 (38.21%) 42487 (38.14%)

Ethnicity
European 68564 (88.60%) 29977 (88.16%) 98541 (88.47%)
Asian 1900 (2.46%) 755 (2.22%) 2655 (2.38%)
Māori 4056 (5.24%) 1795 (5.28%) 5851 (5.25%)
Pacific peoples 2167 (2.80%) 1066 (3.14%) 3233 (2.90%)

Middle Eastern/Latin
American/African/Others

699 (0.90%) 409 (1.20%) 1108 (0.99%)
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Marital Status
Never married/other 5105 (6.60%) 1682 (4.95%) 6787 (6.09%)
Married/civil union/de

facto
24874 (32.14%) 12686 (37.31%) 37560 (33.72%)

Widowed 40934 (52.90%) 17084 (50.24%) 58018 (52.09%)
Separated/divorced 6435 (8.32%) 2535 (7.46%) 8970 (8.05%)
NA 38 (0.05%) 15 (0.04%) 53 (0.05%)

Coronary heart disease
No 51034 (65.95%) 24808 (72.96%) 75842 (68.09%)
Yes 26352 (34.05%) 9194 (27.04%) 35546 (31.91%)

Congestive heart failure
No 60530 (78.22%) 29324 (86.24%) 89854 (80.67%)
Yes 16856 (21.78%) 4678 (13.76%) 21534 (19.33%)

Stroke (or cerebrovascular
accident)

No 61404 (79.35%) 27755 (81.63%) 89159 (80.04%)
Yes 15982 (20.65%) 6247 (18.37%) 22229 (19.96%)

Cancer
No 62215 (80.40%) 29906 (87.95%) 92121 (82.70%)
Yes 15171 (19.60%) 4096 (12.05%) 19267 (17.30%)

Chronic Obstructive Pul-
monary Disease (COPD)

No 63047 (81.47%) 30410 (89.44%) 93457 (83.90%)
Yes 14339 (18.53%) 3592 (10.56%) 17931 (16.10%)

Diabetes mellitus
No 60188 (77.78%) 27934 (82.15%) 88122 (79.11%)
Yes 17198 (22.22%) 6068 (17.85%) 23266 (20.89%)

Hip fracture
No 76052 (98.28%) 33024 (97.12%) 109076 (97.92%)
Yes 1334 (1.72%) 978 (2.88%) 2312 (2.08%)

Self-rated health
Excellent 1589 (2.05%) 960 (2.82%) 2549 (2.29%)
Good 29079 (37.58%) 12981 (38.18%) 42060 (37.76%)
Fair 27903 (36.06%) 6180 (18.18%) 34083 (30.60%)
Poor 11433 (14.77%) 1613 (4.74%) 13046 (11.71%)
Could not respond 7382 (9.54%) 12268 (36.08%) 19650 (17.64%)

Changes in Health, End-
stage disease, Signs and
Symptoms (CHESS) scale

(0-1) Stable 36247 (46.84%) 18810 (55.32%) 55057 (49.43%)
(2-3) Unstable 31902 (41.22%) 11815 (34.75%) 43717 (39.25%)
(4-5) Highly unstable 8500 (10.98%) 3359 (9.88%) 11859 (10.65%)
NA 737 (0.95%) 18 (0.05%) 755 (0.68%)

Falls
None in the past 90 days 47497 (61.38%) 20290 (59.67%) 67787 (60.86%)
No falls in the last 30 days,

but fell 31-90 days ago
9818 (12.69%) 4524 (13.31%) 14342 (12.88%)

¥1 falls in the last 30 days 20071 (25.94%) 9188 (27.02%) 29259 (26.27%)
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Bladder incontinence
Continent 37551 (48.52%) 10260 (30.17%) 47811 (42.92%)
Not continent 39764 (51.38%) 23734 (69.80%) 63498 (57.01%)
Did not occur 71 (0.09%) 8 (0.02%) 79 (0.07%)

Bowel incontinence
Continent 56794 (73.39%) 17052 (50.15%) 73846 (66.30%)
Not continent 19561 (25.28%) 16761 (49.29%) 36322 (32.61%)
No bowel movement dur-

ing the last 3 days
295 (0.38%) 172 (0.51%) 467 (0.42%)

NA 736 (0.95%) 17 (0.05%) 753 (0.68%)
Hearing

Adequate 37698 (48.71%) 15464 (45.48%) 53162 (47.73%)
Minimally impaired 23786 (30.74%) 9928 (29.20%) 33714 (30.27%)
Moderately to severely

impaired
15860 (20.49%) 8573 (25.21%) 24433 (21.94%)

NA 42 (0.05%) 37 (0.11%) 79 (0.07%)
Vision in adequate light

Adequate 51179 (66.13%) 18370 (54.03%) 69549 (62.44%)
Minimally impaired 17287 (22.34%) 9723 (28.60%) 27010 (24.25%)
Moderately to severely

impaired
8876 (11.47%) 5873 (17.27%) 14749 (13.24%)

NA 44 (0.06%) 36 (0.11%) 80 (0.07%)
Activities of Daily Living
(ADL) hierarchy scale

(0) Independent 36879 (47.66%) 6822 (20.06%) 43701 (39.23%)
(1-2) Mildly dependent 17758 (22.95%) 11341 (33.35%) 29099 (26.12%)
(3-6) Moderately to

severely dependent
22013 (28.45%) 15820 (46.53%) 37833 (33.97%)

NA 736 (0.95%) 19 (0.06%) 755 (0.68%)
Cognitive Performance
Scale (CPS) scale

(0) Intact 28274 (37%) 442 (1.30%) 28716 (25.78%)
(1-2) Borderline to mild

impairment
38474 (49.72%) 11573 (34.04%) 50047 (44.93%)

(3-6) Moderate to severe
impairment

10331 (13.35%) 21982 (64.65%) 32313 (29.01%)

NA 307 (0.40%) 5 (0.01%) 312 (0.28%)
Frequent delusions

No 75134 (97.09%) 30148 (88.67%) 105282 (94.52%)
Yes 2252 (2.91%) 3854 (11.33%) 6106 (5.48%)

Frequent hallucinations
No 74370 (96.10%) 30759 (90.46%) 105129 (94.38%)
Yes 3015 (3.90%) 3243 (9.54%) 6258 (5.62%)
NA 1 (1e-03%) 0 (0%) 1 (9e-04%)

Depression Rating Scale
(DRS)

(0-2) Minimal 65415 (84.53%) 26770 (78.72%) 92185 (82.76%)
(3-5) Moderate 9074 (11.73%) 5293 (15.57%) 14367 (12.90%)
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(6-14) Severe 2896 (3.74%) 1937 (5.70%) 4833 (4.34%)
NA 1 (1e-03%) 2 (0.01%) 3 (3e-03%)

Says or indicates loneliness
No 64675 (83.57%) 30475 (89.63%) 95150 (85.42%)
Yes 12667 (16.37%) 3496 (10.28%) 16163 (14.51%)
NA 44 (0.06%) 31 (0.09%) 75 (0.07%)

Strong relationship with fam-
ily

No 7482 (9.67%) 2977 (8.76%) 10459 (9.39%)
Yes 69893 (90.32%) 31004 (91.18%) 100897 (90.58%)
NA 11 (0.01%) 21 (0.06%) 32 (0.03%)

Hours of exercise in the last
3 days

None 21268 (27.48%) 9395 (27.63%) 30663 (27.53%)
Less than an hour 25778 (33.31%) 9591 (28.21%) 35369 (31.75%)
1 to 2 hours 21047 (27.20%) 8617 (25.34%) 29664 (26.63%)
3 to 4 hours 6725 (8.69%) 4094 (12.04%) 10819 (9.71%)
More than 4 hours 2568 (3.32%) 2305 (6.78%) 4873 (4.37%)

Days went out in the last 3
days

Did not go out 29285 (37.84%) 16525 (48.60%) 45810 (41.13%)
Did not go out in the last

3 days, but usually goes out
over a 3 day period

6218 (8.04%) 3090 (9.09%) 9308 (8.36%)

1 or 2 days 19935 (25.76%) 7386 (21.72%) 27321 (24.53%)
3 days 21948 (28.36%) 7001 (20.59%) 28949 (25.99%)

Smokes tobacco daily
No 73376 (94.82%) 32933 (96.86%) 106309 (95.44%)
Yes 4009 (5.18%) 1069 (3.14%) 5078 (4.56%)
NA 1 (1.e-03%) 0 (0.00%) 1 (9.e-04%)

Highest number of alcohol
drinks in a "single sitting"

None 64051 (82.77%) 29605 (87.07%) 93656 (84.08%)
1 to 4 12654 (16.35%) 4222 (12.42%) 16876 (15.15%)
5 or more 680 (0.88%) 175 (0.51%) 855 (0.77%)
NA 1 (1e-03%) 0 (0%) 1 (9e-04%)

Participation in social activi-
ties

Never 13087 (16.91%) 9500 (27.94%) 22587 (20.28%)
More than 30 days ago 16356 (21.14%) 4984 (14.66%) 21340 (19.16%)
Within a month 9506 (12.28%) 2882 (8.48%) 12388 (11.12%)
Within a week 32988 (42.63%) 12794 (37.63%) 45782 (41.10%)
Unable to determine 5449 (7.04%) 3842 (11.30%) 9291 (8.34%)

Table B.2: Characteristics by dementia onset of the older adults study cohort.
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B.2 Research ethics
Ethics approval for this study and access to the data was gained from the University of
Auckland Human Participant Ethics Committee (reference number 023801).



F I T T E D M I X E D E F F E C T S C OX

M O D E L S C

This appendix connects to section 5.3 to present only the most valuable details resulting from
fitted mixed effect Cox models in tabular form. These tables also supplement the figures in
5.3 that showcases the distributions of the random effects.

C.1 Table results for the cohort of middle-aged adults

This section contains the results of the reduced and simplified final model outputs for the
group of middle-aged adults; 45 ¤ a   65. Each table displays a summary of the models
by categorised variables of (1) demographics, (2) disease diagnoses, (3) physical health
indicators, (4) psychosocial health indicators, and (5) lifestyle.
70
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Table C.1: Output from a mixed effect Cox model with a by-patient frailty component for
middle-aged adults. This model contains demographic variables interacting with dementia.

Characteristic HR1 95% CI2 p-value

Dementia
Absent Reference
Present 0.7210 (0.5586, 0.9307) 0.0120

Gender
Female Reference
Male 1.1796 (1.0834, 1.2844) 0.0001

Ethnicity
European Reference
Asian 0.9287 (0.7082, 1.2178) 0.5900
Māori 1.1129 (1.0097, 1.2267) 0.0310
Pacific peoples 0.8299 (0.7076, 0.9732) 0.0220
Middle Eastern/Latin Ameri-

can/African/Others
0.8261 (0.5558, 1.2277) 0.3400

Marital Status
Never married/other Reference
Married/Civil union/De facto 1.2084 (1.0852, 1.3458) 0.0006
Widowed 1.1087 (0.9461, 1.2993) 0.2000
Separated/Divorced 0.9467 (0.8456, 1.0600) 0.3400

Dementia * Gender
Dementia * Female Reference
Dementia * Male 0.9767 (0.7884, 1.2101) 0.8300

Dementia * Ethnicity
Dementia * European Reference
Dementia * Asian 0.5856 (0.2755, 1.2447) 0.1600
Dementia * Māori 0.8365 (0.6160, 1.1359) 0.2500
Dementia * Pacific peoples 1.3760 (0.8960, 2.1133) 0.1400
Dementia * Middle Eastern/Latin Ameri-

can/African/Others
0.3930 (0.1178, 1.3117) 0.1300

Dementia * Marital status
Dementia * Never married/other Reference
Dementia * Married/Civil union/De facto 0.7446 (0.5711, 0.9707) 0.0290
Dementia * Widowed 0.8844 (0.5506, 1.4206) 0.6100
Dementia * Separated/Divorced 0.8513 (0.6320, 1.1467) 0.2900

1 HR = Hazard Ratio, 2CI = Confidence Interval
Random effects variance: 1.6615e-05
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Table C.2: Output from a mixed effect Cox model with a by-patient frailty component for
middle-aged adults. This reduced model contains disease diagnosis variables interacting
with dementia, adjusted by gender and ethnicity.

Characteristic HR1 95% CI2 p-value

Dementia
Absent Reference
Present 0.7780 (0.6691, 0.9045) 1.1e-03

Congestive heart failure
Absent Reference
Present 1.5168 (1.3039, 1.7644) 6.7e-08

Stroke
Absent Reference
Present 0.7930 (0.6909, 0.9103) 9.8e-04

Cancer
Absent Reference
Present 6.6909 (5.9936, 7.4693) 0.0e+00

COPD
Absent Reference
Present 1.3334 (1.1798, 1.5070) 4.0e-06

Dementia * Congestive heart failure
Dementia * Absent Reference
Dementia * Present 0.8029 (0.4760, 1.3544) 4.1e-01

Dementia * Stroke
Dementia * Absent Reference
Dementia * Present 1.7450 (1.2201, 2.4958) 2.3e-03

Dementia * Cancer
Dementia * Absent Reference
Dementia * Present 0.3651 (0.2314, 0.5761) 1.5e-05

Dementia * COPD
Dementia * Absent Reference
Dementia * Present 0.9439 (0.6375, 1.3975) 7.7e-01

1 HR = Hazard Ratio, 2CI = Confidence Interval
Random effects variance: 0.5746
p-values lower than 5.0e-02 denote significance at the 5% level.
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Table C.3: Output from a mixed effect Cox model with a by-patient frailty component for
middle-aged adults. This reduced model contains psychosocial variables interacting with
dementia, adjusted by gender and ethnicity.

Characteristic HR1 95% CI2 p-value

Dementia
Absent Reference
Present 0.7396 (0.5741, 0.9530) 2.0e-02

Frequent delusions
No Reference
Yes 0.6855 (0.5421, 0.8668) 1.6e-03

Frequent hallucinations
Absent Reference
Present 1.3944 (1.1285, 1.7230) 2.1e-03

DRS scale
(0-2) Minimal Reference
(3-5) Moderate 1.3168 (1.1712, 1.4804) 4.1e-06
(6-14) Severe 1.3275 (1.1154, 1.5798) 1.4e-03

Says or indicates loneliness
No Reference
Yes 0.7209 (0.6439, 0.8070) 1.3e-08

Strong relationship with family
Yes Reference
No 1.2240 (1.1028, 1.3585) 1.5e-04

Dementia * Frequent delusions
Dementia * No Reference
Dementia * Yes 1.1882 (0.8059, 1.7519) 3.8e-01

Dementia * Frequent hallucinations
Dementia * No Reference
Dementia * Yes 0.9000 (0.6261, 1.2938) 5.7e-01

Dementia * DRS scale
Dementia * (0-2) Minimal Reference
Dementia * (3-5) Moderate 0.7678 (0.5773, 1.0211) 6.9e-02
Dementia * (6-14) Severe 0.8457 (0.5590, 1.2794) 4.3e-01

Dementia * Says or indicates loneliness
Dementia * No Reference
Dementia * Yes 0.9321 (0.6667, 1.3034) 6.8e-01

Dementia * Strong relationship with family
Dementia * Yes Reference
Dementia * No 0.7779 (0.5970, 1.0136) 6.3e-02

1 HR = Hazard Ratio, 2CI = Confidence Interval
Random effects variance: 1.6681e-05
p-values lower than 5.0e-02 denote significance at the 5% level.
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Table C.4: Output from a mixed effect Cox model with a by-patient frailty component
for middle-aged adults. This reduced model contains lifestyle variables interacting with
dementia, adjusted by gender and ethnicity.

Characteristic HR1 95% CI2 p-value

Dementia
Absent Reference
Present 0.8502 (0.6555, 1.1029) 2.2e-01

Hours of exercise in the last 3 days
None Reference
Less than 1 hour 0.7035 (0.6281, 0.7881) 1.2e-09
1-2 hours 0.4737 (0.4130, 0.5435) 0.0e+00
3-4 hours 0.3918 (0.3188, 0.4815) 0.0e+00
More than 4 hours 0.2938 (0.2214, 0.3902) 0.0e+00

Days went out in the last 3 days
No days out Reference
Did not go out, but usually goes out over a 3

day period
0.7173 (0.5971, 0.8618) 3.9e-04

1-2 days 0.6188 (0.5493, 0.6972) 3.0e-15
3 days 0.4919 (0.4315, 0.5607) 0.0e+00

Participation in social activities
Never Reference
More than a month ago 1.5176 (1.3146, 1.7520) 1.3e-08
Within a month 1.0403 (0.8624, 1.2549) 6.8e-01
Within a week 0.9389 (0.8156, 1.0808) 3.8e-01
Unable to determine 1.6078 (1.3330, 1.9390) 6.8e-07

Dementia * Hours of exercise the last 3 days
Dementia * None Reference
Dementia * Less than 1 hour 0.7729 (0.5583, 1.0701) 1.2e-01
Dementia * 1-2 hours 0.8218 (0.5785, 1.1672) 2.7e-01
Dementia * 3-4 hours 0.9605 (0.6239, 1.4787) 8.5e-01
Dementia * More than 4 hours 1.4620 (0.9143, 2.3378) 1.1e-01

Dementia * Days went out
Dementia * No days out Reference
Dementia * Did not go out, but usually goes

out over a 3-day period
1.3201 (0.8387, 2.0777) 2.3e-01

Dementia * 1-2 days 0.9931 (0.7130, 1.3833) 9.7e-01
Dementia * 3 days 0.8995 (0.6494, 1.2459) 8.5e-01

Dementia * Participation in social activities
Dementia * Never Reference
Dementia * More than a month ago 0.6458 (0.4462, 0.9346) 2.0e-02
Dementia * Within a month 0.7566 (0.4407, 1.2987) 3.1e-01
Dementia * Within a week 0.8540 (0.6276, 1.1621) 3.2e-01
Dementia * Unable to determine 0.6503 (0.4355, 0.9712) 3.6e-02

1 HR = Hazard Ratio, 2CI = Confidence Interval
Random effects variance: 0.3996
p-values lower than 5.0e-02 denote significance at the 5% level.
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Characteristic HR1 95% CI2 p-value

Dementia
Absent Reference
Present 2.1291 (0.7012, 6.4645) 1.8e-01

Self-rated health
Excellent Reference
Good 1.6755 (0.9719, 2.8886) 6.3e-02
Fair 2.0426 (1.1895, 3.5076) 9.6e-03
Poor 2.5026 (1.4545, 4.3059) 9.2e-04
Could not respond 4.6661 (2.6940, 8.0818) 3.9e-08

CHESS scale
(0-1) Stable Reference
(2-3) Unstable 2.1113 (1.8896, 2.3591) 0.0e+00
(4-5) Highly unstable 9.6107 (8.2843, 11.1495) 0.0e+00

Falls
None in the past 90 days Reference
No falls in the last 30 days, but fell 31-90 days

ago
0.8952 (0.7584, 1.0568) 1.9e-01

¥1 falls in the last 30 days 0.9754 (0.8696, 1.0943) 6.7e-01
Bowel continence in the last 3 days

Continent Reference
Not continent 1.1162 (0.9897, 1.2588) 7.3e-02
No bowel movement 1.8174 (1.0645, 3.1027) 2.9e-02

Hearing
Adequate Reference
Minimally impaired 0.8429 (0.7309, 0.9720) 1.0e+00
Moderately to severely impaired 0.8298 (0.6670, 1.0324) 9.4e-02

Vision in adequate light
Adequate Reference
Minimally impaired 0.9353 (0.8207, 1.0661) 3.2e-01
Moderately to severely impaired 1.0003 (0.8257, 1.2118) 1.0e+00

ADL hierarchy scale
(0) Independent Reference
(1-2) Mild to moderately dependent 1.4698 (1.2911, 1.6733) 5.8e-09
(3-6) Moderately to severely dependent 2.3485 (2.0654, 2.6705) 0.0e+00

CPS scale
(0) Intact Reference
(1-2) Borderline to mild impairment 0.7974 (0.7141, 0.8904) 5.7e-05
(3-6) Moderately to severe impairment 0.5541 (0.4660, 0.6590) 2.4e-11

Dementia * Self-rated health
Dementia * Excellent Reference
Dementia * Good 0.5901 (0.2606, 1.3360) 2.1e-01
Dementia * Fair 0.4429 (0.1890, 1.0380) 6.1e-02
Dementia * Poor 0.3801 (0.1465, 0.9859) 4.7e-02
Dementia * Could not respond 0.2963 (0.1275, 0.6883) 4.7e-03

Dementia * CHESS scale
Dementia * (0-1) Stable Reference
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Dementia * (2-3) Unstable 0.5740 (0.4414, 0.7465) 3.4e-05
Dementia * (4-5) Highly unstable 0.3475 (0.2242, 0.5386) 2.3e-06

Dementia * Falls
Dementia * None in the past 90 days Reference
Dementia * No falls in the last 30 days, but

fell 31-90 days ago
1.3570 (0.9213, 1.9986) 1.2e-01

Dementia * ¥1 falls in the last 30 days 1.7559 (1.3286, 2.3206) 7.6e-05
Dementia * Bowel continence in the last 3 days

Dementia * Continent Reference
Dementia * Not continent 1.3242 (0.9608, 1.8251) 8.6e-02
Dementia * No bowel movement 0.6703 (0.0703, 6.3912) 7.3e-01

Dementia * Hearing
Dementia * Adequate Reference
Dementia * Minimally impaired 1.0342 (0.7207, 1.4840) 8.6e-01
Dementia * Moderately to severely impaired 1.1680 (0.7559, 1.8048) 4.8e-01

Dementia * Vision in adequate light
Dementia * Adequate Reference
Dementia * Minimally impaired 1.2355 (0.8965, 1.7026) 2.0e-01
Dementia * Moderately to severely impaired 1.6084 (1.1124, 2.3256) 1.2e-02

Dementia * ADL hierarchy scale
Dementia * (0) Independent Reference
Dementia * (1-2) Mild to moderately depen-

dent
0.6292 (0.4341, 0.9119) 1.4e-02

Dementia * (3-6) Moderately to severely de-
pendent

0.7491 (0.4802, 1.1685) 2.0e-01

Dementia * CPS scale
Dementia * (0) Intact Reference
Dementia * (1-2) Borderline to mild impair-

ment
0.6351 (0.2825, 1.4275) 2.7e-01

Dementia * (3-6) Moderately to severe impair-
ment

0.8899 (0.3874, 2.0444) 7.8e-01

1 HR = Hazard Ratio, 2CI = Confidence Interval
Random effects variance: 0.4193
p-values lower than 5.0e-02 denote significance at the 5% level.

Table C.5: Output from a mixed effect Cox model with a by-patient frailty component for
middle-aged adults. This reduced model contains physical health variables interacting with
dementia, adjusted by gender and ethnicity.

C.2 Table results for the cohort of older adults
This section contains the results of the reduced and simplified final model outputs for the
group of older adults; a ¥ 65. Each table displays a summary of the models by categorised
variables of (1) demographics, (2) disease diagnoses, (3) physical health indicators, (4)
psychosocial health indicators, and (5) lifestyle. Notice that these tables no longer present
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the p-values, where we instead rely on the 95% confidence interval to deduce significance at
the 5% level. For instance, having a 95% confidence interval with a lower bound above 1
indicates that the hazard ratio for the factor level is higher than the reference, akin to a high
measure of effect.

Table C.6: Output from a mixed effect Cox model with a by-patient frailty component for
older adults adults. This model contains demographic variables interacting with dementia.

Characteristic HR1 95% CI2

Dementia
Absent Reference
Present 1.2398 (1.1096, 1.3854)

Gender
Female Reference
Male 1.4474 (1.3139, 1.5946)

Ethnicity
European Reference
Asian 0.8795 (0.6230, 1.2425)
Māori 1.2853 (1.0308, 1.6030)
Pacific peoples 0.9511 (0.6918, 1.3083)
Middle Eastern/Latin American/African/Others 0.8445 (0.4857, 1.4755)

Dementia * Gender
Dementia * Female Reference
Dementia * Male 0.9172 (0.7754, 1.0849)

Dementia * Ethnicity
Dementia * European Reference
Dementia * Asian 1.0347 (0.5609, 1.9171)
Dementia * Māori 0.8448 (0.5743, 1.2428)
Dementia * Pacific peoples 1.0032 (0.5921, 1.7018)
Dementia * Middle Eastern/Latin Ameri-

can/African/Others
1.1599 (0.4798, 2.8331)

1 HR = Hazard Ratio, 2CI = Confidence Interval
Averaged random effects variance: 3.0774e-06
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Table C.7: Output from a mixed effect Cox model with a by-patient frailty component
for older adults. This reduced model contains disease diagnosis variables interacting with
dementia, adjusted by gender and ethnicity.

Characteristic HR1 95% CI2

Dementia
Absent Reference
Present 1.4131 (1.2614, 1.5831)

Congestive heart failure
Absent Reference
Present 1.4630 (1.3090, 1.6350)

Cancer
Absent Reference
Present 2.0889 (1.8676, 2.3366)

COPD
Absent Reference
Present 1.3577 (1.2055, 1.5290)

Dementia * Congestive heart failure
Dementia * Absent Reference
Dementia * Present 0.9061 (0.7277, 1.1283)

Dementia * Cancer
Dementia * Absent Reference
Dementia * Present 0.6657 (0.5300, 0.8363)

Dementia * COPD
Dementia * Absent Reference
Dementia * Present 0.8856 (0.6927, 1.1322)

1 HR = Hazard Ratio, 2CI = Confidence Interval
Averaged random effects variance: 3.1589e-06
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Table C.8: Output from a mixed effect Cox model with a by-patient frailty component for
older adults. This reduced model contains psychosocial variables interacting with dementia,
adjusted by gender and ethnicity.

Characteristic HR1 95% CI2

Dementia
Absent Reference
Present 1.1823 (1.0728, 1.3030)

Frequent hallucinations
No Reference
Yes 1.3809 (1.0940, 1.7431)

DRS scale
(0-2) Minimal Reference
(3-5) Moderate 1.3882 (1.1988, 1.6076)
(6-14) Moderate to severe 1.6398 (1.2855, 2.0920)

Says of indicates loneliness
No Reference
Yes 0.7429 (0.6485, 0.8511)

Dementia * Frequent hallucinations
Dementia * No Reference
Dementia * Yes 0.8111 (0.5851, 1.1246)

Dementia * DRS scale
Dementia * (0-2) Minimal Reference
Dementia * (3-5) 0.8475 (0.6677, 1.0758)
Dementia * (6-14) 0.8665 (0.5914, 1.2697)

Dementia * Says or indicates loneliness
Dementia * No Reference
Dementia * Yes 0.9990 (0.7607, 1.3120)

1 HR = Hazard Ratio, 2CI = Confidence Interval
Averaged random effects variance: 3.0914e-06
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Table C.9: Output from a mixed effect Cox model with a by-patient frailty component for
older adults. This reduced model contains lifestyle variables interacting with dementia,
adjusted by gender and ethnicity.

Characteristic HR1 95% CI2

Dementia
Absent Reference
Present 1.0048 (0.8609, 1.1727)

Hours of exercise in the last 3 days
None Reference
Less than 1 hour 0.7454 (0.6629, 0.8381)
1-2 hours 0.5771 (0.5058, 0.6585)
3-4 hours 0.5074 (0.4129, 0.6234)
More than 4 hours 0.4490 (0.3248, 0.6209)

Days went out in the last 3 days
No days out Reference
Did not go out, but usually goes out over a 3 day period 0.7549 (0.6318, 0.9020)
1-2 days 0.5728 (0.5073, 0.6468)
3 days 0.4025 (0.3524, 0.4598)

Smokes tobacco daily
No Reference
Yes 1.2745 (1.0213, 1.5907)

Dementia * Hours of exercise in the last 3 days
Dementia * None Reference
Dementia * Less than 1 hour 1.0222 (0.8279, 1.2622)
Dementia * 1-2 hours 1.0339 (0.8175, 1.3077)
Dementia * 3-4 hours 1.1933 (0.8592, 1.6575)
Dementia * More than 4 hours 1.3145 (0.8296, 2.0835)

Dementia * Days wen out in the last 3 days
Dementia * No days out Reference
Dementia * Did not go out, but usually goes out over

a 3 day period
1.1310 (0.8356, 1.5310)

Dementia * 1-2 days 1.1550 (0.9269, 1.4393)
Dementia * 3 days 1.1686 (0.9123, 1.4970)

Dementia * Smokes tobacco daily
Dementia * No Reference
Dementia * Yes 0.8165 (0.5094, 1.3108)

1 HR = Hazard Ratio, 2CI = Confidence Interval
Averaged random effects variance: 3.1955e-06
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Table C.10: Output from a mixed effect Cox model with a by-patient frailty component
for older adults. This reduced model contains physical health variables interacting with
dementia, adjusted by gender and ethnicity.

Characteristic HR1 95% CI2

Dementia
Absent Reference
Present 1.0076 (0.5288, 1.9258)

Self-rated health
Excellent Reference
Good 1.1735 (0.7868, 1.7518)
Fair 1.4029 (0.9409, 2.0938)
Poor 2.1037 (1.3964, 3.1724)
Could not respond 2.1761 (1.4278, 3.3196)

CHESS scale
(0-1) Stable Reference
(2-3) Unstable 1.4141 (1.2710, 1.5732)
(4-5) Highly unstable 2.8341 (2.4295, 3.3062)

Bowel continence in the last 3 days
Continent Reference
Not continent 1.2102 (1.0779, 1.3588)
No bowel movement 2.1841 (1.1221, 4.3097)

ADL hierarchy scale
(0) Independent Reference
(1-2) Mildly dependent 1.4019 (1.2369, 1.5890)
(3-6) Moderately to severely dependent 2.1014 (1.8483, 2.3892)

Dementia * Self-rated health
Dementia * Excellent Reference
Dementia * Good 1.1399 (0.5939, 2.1949)
Dementia * Fair 1.0697 (0.5516, 2.0810)
Dementia * Poor 0.9522 (0.4659, 1.9522)
Dementia * Could not respond 0.8347 (0.4262, 1.6400)

Dementia * CHESS scale
Dementia * (0-1) Stable Reference
Dementia * (2-3) Unstable 0.8285 (0.6905, 0.9942)
Dementia * (4-5) Highly unstable 0.7337 (0.5604, 0.9607)

Dementia * Bowel continence in the last 3 days
Dementia * Continent Reference
Dementia * Not continent 1.0754 (0.8769, 1.3189)
Dementia * Did not occur 1.9403 (0.6050, 6.5343)

Dementia * ADL hierarchy scale
Dementia * (0) Independent Reference
Dementia * (1-2) Mildly dependent 1.0249 (0.7906, 1.3286)
Dementia * (3-6) Moderately to severely dependent 1.0218 (0.7713, 1.3537)

1 HR = Hazard Ratio, 2CI = Confidence Interval
Averaged random effects variance: 1.5761e-05
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An electronic appendix that is a compendium of only some of the useful code implementa-
tions when working with interRAI data.

D.1 Custom imputation
This function allows custom imputation by:

• Replacing sandwiched NA data, should the values between the NA data be the same
(line 16);

• Sets 0{NA Ñ 1, should a value of 1 already be encountered (line 17).

1 #’ Custom imputation of a single column (as a factor)
2 #’
3 #’ @param dataframe (list) the main dataframe with all columns intact.
4 #’ @param col (list) the column to impute on.
5 #’ @param value (numeric) the value to replace, upon encountering an error value.
6 #‘ @example
7 # custom.imputation <- function(interRAI.df, "Dementia")
8 custom.imputation <- function(dataframe, col, value=1) {
9 require(dplyr)

10 require(zoo)
11 var <- as.name(col)
12 imp.df <- dataframe %>%
13 select(c(ID, var, FormID)) %>%
14 group_by(ID) %>%
15 filter(!all(is.na(!!var))) %>%
16 mutate(!!var := case_when(na.locf(!!var,F)==na.locf(!!var, F, fromLast=T) ~ na.locf(!!

var, F)),
17 !!var := ifelse(row_number() > which.max(!!var) & max(na.omit(!!var)) > 0, value, !!

var))
18 dataframe[dataframe$FormID %in% imp.df$FormID, col] <- imp.df[, col]
19 return(dataframe)
20 }

D.2 Divide & Recombine in R
The method as described in section 4.2 randomly splits the data into several subsets based on
an integer division. For best results, it is advised to create at least 30 subsets (denoted by the
"rep.time" argument) to follow the CLT. The output produces matrices and multidimensional
arrays. Within these matrices and multidimensional arrays are then i.i.d. random variables
which the user can operate in convenience. Note that we must include all observations of
each cluster into the same subset.
82
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1 #’ Divide the data and recombine the outputs
2 #’
3 #’ @param part.formula (chr) A partial formula without the survival object.
4 #’ @param data (list) A dataframe, specified for interRAI data.
5 #’ @param rep.time (int) The number of subdivisions in the data.
6 #’ @example
7 #’ coxme.DR("Gender + Ethnicity", interRAI.df)
8 coxme.DR <- function(part.formula, data, rep.time=30) {
9 require(survival)

10 require(coxme)
11
12 # Create survival object as strings then convert to formula
13 Y <- "Surv(tstart.age, tstop.age, Death)"
14 formula <- as.formula(paste(Y, "~", part.formula))
15
16 # Determine the number of coefficients
17 init.sample <- sample(nrow(data), 1000)
18 init.sample.df <- data[init.sample, ]
19 mod.init <- coxph(formula, data = init.sample.df)
20 coef.n <- length(mod.init$coefficients)
21
22 # Initialisation - vectors/arrays for storage
23 batch.size <- (length(unique(data$ID)) %/% rep.time)
24 beta <- matrix(NA, rep.time, coef.n)
25 se.emp <- matrix(NA, rep.time, coef.n)
26 conf.intvl <- array(NA, dim=c(rep.time, coef.n, 2))
27 frailty <- list("ID" = array(NA, length(unique(data$ID))))
28 variance <- vector("numeric", rep.time)
29 permitted <- unique(data$ID)
30 # Some clusters may get deleted due to incompleteness: use length of entries to index
31 ID.count <- 1
32
33 formula <- update.formula(formula, ~. + (1|ID))
34
35 # Loop through all subsets
36 for (i in 1:rep.time) {
37
38 # Check if last iteration; if so then use the leftover samples
39 if (i == rep.time) {
40 subset <- subset(data, ID %in% permitted)
41 }
42 # Otherwise sample clusters without replacement, then they become prohibited
43 else {
44 subset <- sample(permitted, batch.size, FALSE)
45 subset <- subset(data, ID %in% subset)
46 permitted <- permitted[!permitted %in% subset$ID]
47 }
48
49 # Fit with current subset
50 fit.coxme <- coxme(formula, data=subset)
51
52 # Parameter storage
53 beta[i, ] <- fit.coxme$coefficients
54 se.emp[i, ] <- sqrt(diag(vcov(fit.coxme)))
55 conf.intvl[i, ,1] <- confint(fit.coxme, level=0.95)[,1]
56 conf.intvl[i, ,2] <- confint(fit.coxme, level=0.95)[,2]
57 frailty$ID[ID.count:(ID.count+length(fit.coxme$frail$ID)-1)] <- unlist(fit.coxme$

frail)
58 names(frailty$ID)[ID.count:(ID.count+length(fit.coxme$frail$ID)-1)] <- names(fit.

coxme$frail$ID)
59 ID.count <- ID.count + length(fit.coxme$frail$ID)
60 variance[i] <- fit.coxme$vcoef$ID[[1]]
61 }
62
63 # Provide vector and array headings
64 frailty$ID <- frailty$ID[!is.na(frailty$ID)]
65 mat.list <- list(beta, se.emp)
66 mat.list <- lapply(mat.list, function(x) {colnames(x) <- names(fit.coxme$coefficients)

;x})
67
68 # Output the vectors/arrays as an accessible list
69 dimnames(conf.intvl) <- list(1:rep.time, names(fit.coxme$coefficients), c("Lower", "
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Upper"))
70 est.DR <- list(beta=mat.list[1], Std.Errors=mat.list[2], Conf.intervals=conf.intvl,
71 frail=frailty, Variances=variance)
72 return(est.DR)
73 }
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