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Abstract

Importance

A better understanding of dementia progression will yield important information for

future observational studies and clinical trials which will be essential for the approval of

disease-modifying therapy (DMT). The knowledge gained will also inform guidelines for

the treatment and management of dementia patients and improve resource allocation.

Objectives

e To comprehensively characterize longitudinal cohort studies and to identify what
has been studied with regards to dementia progression after diagnosis in
individuals aged = 65, highlight limitations, any unexplored areas and identify
opportunities to help inform new observational studies and clinical trials.

e To study dementia patients in the electronic health records data and provide an
overview of their characteristics and select research-quality cohort.

e Conduct a time-to-event analysis for incident dementia and its risk factors based
on the results of our preliminary analysis of our data.

e Describe and use multi-state modeling approach to study post-dementia
outcomes using hospital admission and discharge data.

Methods

e Tor the review of literature, I searched OVID-MEDLINE for longitudinal

studies with human participants from April 2008 till April 2019. Studies
measuring outcomes of different domains important in dementia progression

(clinical, health system utilization, biomarkers) were included.



e Preliminary analysis was performed using primary care general practice data and
hospital episode statistics data and different summary statistics were performed

and looked at the comorbidities in dementia cohort in these datasets.

e Tor the time-to-event analysis we used Cox proportional hazard model to study
the factors for incident dementia in diabetic patients. We chose diabetes because
it was the most prevalent comorbid conditions in dementia patients in the results
of literature review and in the preliminary analysis of our datasets.

e Tor the post-dementia hospitalisation, institutionalisation, and mortality of
dementia patients, I used a multi-state Cox model to study these outcomes and

risk factors associated simultaneously in one model.

Findings

I included 100 longitudinal studies comprising >2m individuals in the literature review.
Mostly they had a small sample size (57% N<500 participants), short follow-up (66% <=
3 years), and dominance of AD (85% of the total sample in the selected studies was AD
and only 9% was of vascular dementia (VaD)). Studies were mainly focused on measuring
cognition (69% studies), while functioning and quality of life were less commonly
measured (45% and 9% studies respectively). Studies were mainly measuring outcomes at
1 to 3 different time points and the follow-ups were shorter.

The percentage of incident dementia in diabetic patients during the 10-years follow-up
was 18.9 cases per 1000-person years. Increasing age, female gender and diabetes duration
were associated with higher risk of dementia.

From the results of the multi-state model, I found that home care availability influences
mortality and institutionalisation from patients own home, and they were spending less
time inside hospital and therefore, their rate of in-hospital mortality was low. Increasing

age, frailty, and hospital admission due to injury were associated with higher rate of



institutionalisation and death. Similarly, hospital stay = 12 days was associated with
hospital discharge to long-term care institutions and patients who were getting re-
admitted within 30 days had a higher discharge rate and because of this had higher rate

of rehospitalisation and subsequent institutionalisation and increased risk of death.

Conclusion and relevance

The gaps identified by this review will help researchers design better observational studies
that will inform future trials more comprehensively. It also provides an alternative way
to study the intricate dynamics of hospitalisation, institutionalisation and mortality using
multi-state model and provide a foundation for further research with appropriate data on

formal and informal home care. The work serves as a cornerstone for further research.



Impact Statement

The work in this thesis consists of a review of the literature on dementia outcome studies,
using electronic health records data to understand dementia risk factors in diabetic
patients, and using a multistate model to understand the intricate dynamics between

hospitalization, institutionalization, and mortality in dementia patients.

I'looked at the published literature in a systematic manner and highlighted the limitations
and gaps in existing research, emphasizing the need for more comprehensive and
multidimensional studies. By addressing these limitations, future research can provide
more accurate information about how dementia progresses over time, leading to better-
informed decisions and improved care for patients and their families. This highlights the
need for more comprehensive and long-term studies that incorporate biomarkers,
function, and quality of life. This review will guide future research. Researchers can use it
as a roadmap for designing more robust observational studies and clinical trials, ensuring
that future research provides a deeper understanding of dementia progression. This
review can also help policymakers consider a multi-dimensional approach when
developing policies and allocating healthcare resources. This can lead to more patient-
centred care and improved resource allocation, ultimately enhancing the quality of life of

patients with dementia.

The chapter on dementia risk factors in diabetic patients meticulously analysed a vast
dataset over a 10-year period and unearthed crucial insights with far-reaching implications.
The study directly benefits the public and patients with dementia and their families by
providing a comprehensive understanding of the risk factors associated with dementia in

patients with diabetes. Based on this knowledge, patients and their families can make
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informed decisions regarding their healthcare, potentially delaying or mitigating the onset
of dementia. The insights garnered here provide a solid foundation for researchers and

clinicians to delve deeper into the intricate relationship between diabetes and dementia.

The use of a multi-state model provides a nuanced understanding of the intricate
dynamics between hospitalization, institutionalization, and mortality in dementia patients
and provides a deeper understanding of the factors influencing transitions and promotes
interventions such as home care that can significantly enhance the quality of life of
dementia patients. This study provides a rich foundation for further research endeavours
in dementia care, and researchers can build upon these findings to explore nuanced facets
of dementia patients’ outcomes. These findings have the potential to shape health policies
to directly benefit patients with dementia. Policymakers can optimize the allocation of
limited healthcare resources by directing resources towards the most effective
intervention and support system. The practical application of this study can lead to the
development of targeted strategies aimed at reducing hospital readmissions and

institutionalization.

In summary, the work in this thesis has a far-reaching impact that extends from the
empowerment of dementia patients and their families to the optimization of healthcare
policies and resource allocation. This serves as a cornerstone for academic research and
offers a robust platform for further exploration. Through dissemination in scholarly
journals, these findings have the potential to drive tangible improvements in dementia

care, ultimately enhancing the lives of those affected.
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Chapter 1: Introduction

This chapter is structured into three distinct sections. Section A delineates the aims and
objectives of the study, establishing dementia as a paramount health concern. Section B
provides a comprehensive overview of the thesis, succinctly summarising the content of
each chapter. Finally, Section C delves into the intricacies of dementia as a syndrome,
encompassing its manifestations, symptoms, subtypes, various diagnostic criteria,
biomarkers, and the obstacles encountered in the development of novel pharmaceutical

interventions for dementia.

1.1  Section A

111  Background

Dementia is a global health priority and as healthcare has become more efficient and
patient-centric in developed countries, mortality rates have dropped and the number of
people with dementia has increased. There are approximately 55 million people worldwide
living with dementia. Taking care of dementia patients has a huge impact on resources.
There is no primary prevention treatment available for dementia and pharmaceutical
companies conducting trials to find a disease-modifying therapy have suffered huge
setbacks as there is a very low success rate in these trials.

Understanding dementia outcomes and the factors affecting the rates of these outcomes
is important for designing future studies and trials and will inform trials for future disease-
modifying therapies. To understand these outcomes and factors affecting them, we need

to first quantify longitudinal studies on dementia outcomes. We can then use statistical
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modelling to estimate the hazards associated with different outcomes in dementia patients

with different profiles.

Survival analysis is widely used in epidemiology and medical statistics and its most
frequent use is in the form of the standard Cox proportional hazard model but there are
other flexible parametric models such as Royston-Parmar model. This standard survival
analysis involves only one event of interest and measures the time from some time origin
until the occurrence of the event of interest. Typically, the outcome of interest is all-cause
mortality or a composite outcome of death and non-fatal events. However, the event of
interest could be death due to a specific cause, e.g., cardiovascular causes or there could
be multiple events per subject such as repeated hospitalisation or infections episodes.
These scenarios are called “competing risks” (CR) and require a different approach from
traditional survival analysis. The CR model extends the Cox model by taking into
consideration two or more events that subject is at risk of. The risks of these mutually
exclusive events competing with each other to be the first to occur and hence the
endpoint. So, one of the events precludes the other event. For example, if the outcome
of interest is death due to cardiovascular cause, then death due to other causes serves as
a competing event. Competing risks can also be present if the event of interest is non-
fatal. For example, in case of discharge into a nursing home, discharge to patient’s home
is a competing event. Another example can be hospital discharge as a competing event
when one is interested in in-hospital infection.

Standard competing risk time-to-event models are the simplest form of multi-state model.
Such a model can be viewed as a multi-state model with one initial state and several
mutually exclusive absorbing states. Multi-state models extend the competing risks model
and also consider subsequent events after the initial one and therefore, can accommodate

non-fatal events, which can be an intermediate state between the initial and final absorbing
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state, all of which are of interest. Multi-state models (MSM) are stratified Cox models with
covariates having a different effect for each transition. MSM is therefore capable of
handling multiple transitions, covariate-specific effects and also overall transition
probabilities using information about every transition, instead of just one transition within
a process. MSM allow us to estimate absolute risk as the probability of being in a state
over time and also to estimate dynamic predictions such as prediction of the probability
of being in a state over time for a specific patient profile. This could have useful clinical

applications.

1.1.2  Aims and Objectives

The aim is to describe the healthcare experience of people with dementia from the time

they are diagnosed until their death using primary care and hospital episode statistics

(HES) data.

e To quantify current knowledge of dementia progression through a systematic
literature review so that future studies and trials are optimally designed and to
identify gaps in current knowledge requiring further research.

e To characterize the identified dementia patients in electronic health records
(EHRs) and their comorbidities before dementia diagnosis.

e To identify the factors associated with the risk of dementia diagnosis in the most
occurring comorbid condition in dementia patients’ pre-diagnosis.

e To use a multi-state model for hospitalized dementia patients for the joint analysis
of outcomes and multiple hospitalizations, discharge home, discharge to a long-
term care (LTC) institution and, mortality and estimate the effect of different

covariates on the hazard rate of the different transitions. This is important because
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discharge to a long-term care institution directly from hospital is not
recommended and therefore, knowing the factors affecting this transition is
important.

e To estimate the probabilities in different states of the model at some time point
starting from the dementia diagnosis.

e And finally, to estimate predictions of probabilities in specific states at certain
time points for specific profiles of patients, also called cumulative probabilities

curves or predicted survival curves.

1.2 Section B

1.2.1 Structure of the thesis

Chapter 2 describes a systematic review of dementia outcomes in the literature. I
characterize longitudinal cohort studies on outcomes post-dementia diagnosis and
identify the outcomes they measure in these studies and identify opportunities to

help inform future study and trial design.

Chapter 3 describes my data sources and explains the structure of the CPRD and
HES data and how these data are selected for research. It then explains the
selection of my cohortt for the initial analysis from the CPRD data and estimates
summary statistics about dementia patients in these data sources. I then identified
comorbidities for dementia patients in HES data to compare with the

comorbidities reported in the literature review of dementia outcomes studies.

Chapter 4 describes the hazard rates of dementia diagnosis in patients who did
not have dementia at first but were diabetic to start with. From the results of the

literature review and the HES data, diabetes was the top occurring comorbidity in
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dementia patients, and I wanted to see the effect of diabetes on getting diagnosed
with dementia. I performed a time-to-event analysis using a Cox proportional
hazard model to see what the main factors in diabetic patients for dementia

diagnosis were.

Chapter 5 introduces multi-state modelling. In chapter 4 I looked at the factors
affecting dementia diagnosis in diabetic patients using the traditional Cox model.
In this chapter, I describe multi-state modelling approach which provides the

scope for the dementia outcomes post-diagnosis in the following chapter.

Chapter 6 presents a Markov Multi-state modelling of dementia, recurrent
hospitalisation, institutionalisation, and death. The results of the effects of
covariates on all relevant transitions between the different states are shown and
interpreted. I also illustrate the estimation of cumulative probabilities curves for
a specific profile of patients which shows the probability of a state considering

the time elapsed since dementia diagnosis.

1.3 Section C

1.3.1 Dementia as a syndrome

Dementia is a devastating neurodegenerative disease with dire implications for individual
patients, their relatives, carers, the healthcare systems, and society in general. It is a long-
term disease characterized by gradual problems over time with cognition (memorty loss,
executive function), daily functioning and behaviour '. Dementia is a syndrome, and it is
not part of normal ageing but is a collection of diseases that affect the brain due to loss

of nerve cells. It is known that depression, delirium, thyroid problems, certain vitamin
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deficiencies, side-effects of some drugs , smoking and excessive consumption of alcohol

cause dementia-like symptoms .

1.3.2 Epidemiology of Dementia

Dementia is a syndrome characterized by a decline in cognitive function that interferes
with daily life. It primarily affects older adults, although it can occur in younger
individuals. The prevalence of dementia increases with age, with estimates suggesting that

> . Alzheimer's

around 5-7% of individuals over the age of 60 are affected worldwide
disease is the most common cause of dementia, accounting for approximately 60-70% of
cases (Alzheimer's Association). Currently more than 55 million people have dementia

wotldwide, over 60% of whom live in the low-and middle-income countties. Every year

there are nearly 10 million new cases added.

1.3.3 Inequalities in Dementia

There are significant inequalities in the prevalence, diagnosis, and management of
dementia across different populations. Socioeconomic status, education level, and access
to healthcare services play crucial roles in determining the risk of developing dementia
and the quality of care received °. Minority ethnic groups and marginalized communities
often experience disparities in dementia care, facing barriers such as stigma, cultural

beliefs, and language barriers *.

1.3.4  Changes Over Time

The prevalence of dementia is expected to increase significantly in the coming decades
due to population aging and changes in lifestyle factors such as diet, physical activity, and
smoking habits . Advances in medical technology and diagnostic criteria have also led to
improved detection and reporting of dementia cases over time, contributing to apparent

increases in prevalence rate 3,
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1.3.5 Differences Across Countries and Regions

There are notable differences in the prevalence and management of dementia across
countries and regions. Developed countries with aging populations tend to have higher
prevalence rates of dementia compared to developing nations . Variations in healthcare
infrastructure, access to resources, and cultural attitudes towards aging and cognitive
decline influence the burden of dementia in different regions (Alzheimer's Disease

Internat.

1.3.6  Cost of Dementia

Dementia imposes a significant economic burden on individuals, families, and healthcare
systems. The direct costs of medical care, including diagnosis, treatment, and long-term
care, are substantial. Additionally, informal care provided by family members and
caregivers represents a significant but often unrecognized cost of dementia . In 2019,
dementia cost economies globally 1.3 trillion US dollars, approximately 50% of these costs
are attribute to care provided by informal carers (family member and close friends), who

provide on average 5 hour of care and supervision per day °.

1.3.7 Management Strategies

Management of dementia involves a multidisciplinary approach aimed at optimizing
cognitive function, managing behavioural symptoms, and providing support for patients
and caregivers. Pharmacological interventions, including cholinesterase inhibitors and
memantine, are commonly used to manage cognitive symptoms °. Non-pharmacological
interventions such as cognitive stimulation therapy, physical exercise, and psychosocial
support programs are also essential components of dementia management .

People with dementia can take steps to maintain their quality of life and promote their

ell-being by (1) Being physically active and (2) Maintain social interactions that stimulate
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the brain and maintain daily function. Providing care and support in their usual place of
living to dementia patients has great potential to increase their quality of life, and decrease

mortality.

1.3.8 Types of dementia and causes

Alzheimer’s dementia (AD), which is the most common subtype accounting for more
than 60% of all the cases, is caused by Alzheimer’s disease which is characterized by
cortical amyloid plaques and neurofibrillary tangles while vascular dementia (VaD), which
is the second most common subtype, accounting for about 20% of cases, and diagnosed
when the oxygenated blood to the brain is disrupted after a stroke or other blood vessel
complications *. However, there is not a very clear distinction between AD and VaD,
probably because vascular complication is just a co-factor in people with Alzheimer’s
disease, enhancing clinically significant symptoms and therefore, about 22% of elderly
have pathology of mixed vascular-Alzheimer’s dementia (MVAD) ". Other less common
subtypes are dementia with Lewy bodies (DLB), Parkinson’s dementia (PD) and fronto-
temporal dementia (FTD). Some of the main types and their characteristics are described

in Table 1.
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Table 1: Different types of dementias and their characteristics.

Adapted from Alzheimer’s Association- 2018 Alzheimer’s disease facts and figures, Deramecoutt et al, 2012 and Kalaria, 2016

Cause

Alzheimer’s
disease

Vascular dementia

(VaD)

Dementia with
Lewy bodies
(DLB)

Prevalence

60 — 80%

~ 20%

15%

Onset

Slow onset and
progression

Can be a gradual
or an abrupt
progression

Insidious

Early clinical symptoms

e Difficulty
remembering things.
e  Apathy

e  depression

e  Impaired judgement
e Impaired ability to
organize things

e  Sleep disturbance
e  Visual hallucination
e Gait imbalance

21

Later symptoms

Impaired communication
Disorientation, confusion
Behaviour change

Poor judgement

Difficulty in activities of daily
living

Problems in
cognition

memory  and

Difficulty with motor functions
such as gait, balance

Cognitive impairment

11,12

Pathology

Beta amyloid (plaques) outside
neurons in brain

Tau tangles inside neurons

Blood vessel blockage

Ischemic  or
infarcts

hemorrhagic

White matter changes

Lewy  bodies (abnormal
aggregation of alpha-synuclein
proteins in neurons.
Coexisting Alzheimer’s
pathology



Frontotemporal
dementia (FTD)

Mixed dementia

<5%

22%

Early, insidious
onset

Insidious

Marked changes in

personality &
behaviour.

Difficulty in
comprehending
language.

Symptoms depend on
the types of dementias.
Usually, Alzheimer’s
and VaD followed by
Alzheimer with FTD

22

Similar symptoms to Alzheimet’s
60% FTD occur at age 45 to 60.

Nerve cells in the frontal and
temporal lobes shrunken.
Upper layer of cortex become
soft and spongy.

Characterized by  hallmark
abnormalities of more than one
cause of dementia- Mostly
Alzheimer  with ~ Vascular,
followed by Alzheimer’s with
FID



1.3.9 Diagnosing dementia

B and therefore, a

Dementia is one of the main reasons for dependence and disability
timely diagnosis can help carers/family members and healthcare providers improve the

management of the disease and also resource allocation.

1.3.9.1 Dementia in primary care

General practitioners (GPs) are in an ideal position to spot any symptoms of early
dementia and can refer the patients for further investigation "°. They can also exclude other
treatable illness or reversible causes of dementia such as Vitamin B12 deficiency, thyroid
problems or any acute depression problems and refer to specialists or memory clinics in
case of neurological or behaviour or more complex cases.

Assessment in primary care for diagnosing dementia includes taking patient’s history to
understand any changes in cognition or behaviour and the dependency of the patient on
carers in daily life. Further assessments involve a blood test, brief cognitive assessment
such as GP assessment of cognition (GPCOG), which is a five minute questionnaire
where a score of >8 means an impairment in cognition while <5 means that the cognition

is still intact '*.Other cognitive test include Mini-Cog 7" which consists of two

b
components: a three item recall and the clock drawing test. Cognition is considered
impaired if the patient cannot recall any of the three items or they can only recall one or

two things and draw an abnormal clock . It is recommended to carry out these brief

cognitive assessments before referral to secondary care ™.
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GP can refer the patient to specialist dementia service including appropriate neurological

examination and cognitive and functional testing.

13.9.2 Diagnosis in Secondary care

From 2012, with the recommendations from the department of health every person aged
75 and over goes through screening for dementia in hospital””. Patients or their
carers/family members are asked about any changes in memory or functioning of the
patients. This is followed by cognitive tests, physical examination, body fluid tests to
identify conditions causing the symptoms. They also arrange brain scans and specialist
assessment by psychiatrists when needed .

Diagnoses of dementia in the hospital episode statistics data (HES) are clinically
identified, obtained from correspondence with primary care, or from existing hospital
records as the system pre-populate diagnosis field from previous record of the patient
chronic conditions . The accuracy of hospital diagnosis of dementia has been reported

to have a sensitivity of 78% and specificity of 92% ". Other studies have reported a

specificity of 98% and 99% **.

1.3.9.3 Diagnosing dementia subtypes

Dementia subtypes can be diagnosed after the initial cognitive and neurological
examination, using the validated and international standardised criteria. Biomarkers are
part of the new standardised guidelines for dementia and its subtypes diagnosis and for

understanding the severity of the disease.

International consensus criteria for dementia with LLewv bodies

International criteria for frontotemporal dementia

NINDS-AIREN criteria for vascular dementia
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https://pubmed.ncbi.nlm.nih.gov/28592453/
https://pubmed.ncbi.nlm.nih.gov/21325651/
https://n.neurology.org/content/43/2/250

International Classification of Disease (ICD)
ICD, which contains guidelines for recording and coding of health conditions, is
published by the World Health Organisation (WHO). ICD translate diagnoses of
diseases and health problems from words into an alphanumeric code. It is an
international standard diagnostic classification system for all general epidemiological
and health-management purposes. It is used in the UK secondary care and also in the
mortality registry data.

National Institute of Ageing- Alzheimer’s Association (NIA-AA)

The NIA-AA new guidelines aim to improve he diagnosis by incorporating biomarkers

to strengthen the diagnostic accuracy. Details can be found on in the link

https://www.alz.org/research/for researchers/diagnostic-criteria-guidelines

1.3.9.4 Alzheimer’s disease biomarkers

A biomarker can be defined as a characteristic or substance that can be measured
and evaluated and acts as a predicator of a biological process, disease or
pharmacologic response to an intervention *.With the prospect of disease-
modifying treatment, biomarkers have been the focus of research for early

diagnosis and dementia subtype identification 2425

% In

The recent “AT(N)” classification recognizes three groups of biomarkers
this classification Ab plaques are denoted by “A”, neurofibrillary tau is denoted

by “I”” while the “N” denotes neurodegeneration. The neurodegeneration is not

Alzheimer’s specific and that’s why its enclosed in the bracket.
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https://www.alz.org/research/for_researchers/diagnostic-criteria-guidelines

13.9.5  Cerebrospinal fluid (CSF) biomarkers

1.3.9.5.1 CSFAPB

It is now widely accepted that CSF- Ab42 is a major component of senile plaques
and a valid biomarker of cerebral Ab pathology in Alzheimer’s disease and
dementia 7. Ab42 is formed when the transmembrane amyloid precursor
protein (APP) is cleaved by b- and g- secretase. The CSF concentration of Ab42
is inversely related to the degree of amyloid plaques in the brain *. The CSF
sample can be collected by lumbar puncture which is a very invasive procedure
and the concentration of Ab42 can be measured by a technique called “enzyme-
linked immunosorbent assay” or ELISA, and also by mass-spectrometry .
Studies have demonstrated that Ab42 concentration reduces by ~50% in
Alzheimer’s disease patients when compared to individuals of the same age with

no Alzheimer’s disease 2!

1.3.9.5.2 Amyloid-PET
Positron emission tomography (PET) and radiotracer ligands with high affinity

for Ab are used to provide evidence of amyloid plaque load in the brain. In
amyloid-PET, radiotracer ligands such as C'"' -labelled modified derivatives of
amyloid-binding histological dye thioflavin-T also called as Pittsburgh compound-
B is used with PET (C"! PiB-PET) to measure amyloid load . Other ligand
compounds such as F'* -flutemtamol (vizamyl) and F'*-florbetaben (Neuraceq)

have a longer half-life than C'" and are used in PET to detect amyloid burden *.

26



13.9.6

Tau biomarkers

1.3.9.6.1 CSF p-tau

Neurofibrillary tau (denoted “I” in the AT(N) classification) is a protein that
stabilizes the microtubules in the neuronal axons but when they are

hyperphosphorylated (p-tau), they become abnormal and form tangles inside

32,33

neurons . The CSF of Alzheimer’s disease individuals are known to have an

elevated level of p-tau which can be measure by ELISA and is considered one of

the specific biomarker for Alzheimer’s *7*>.

1.3.9.6.2 Tau-PET

13.9.7

Tau-PET is 2 new modality” and the current ligand compounds have some
limitations in their binding and research for more compounds which can bind
more reliably to tau is underway *. One such tracer is the F'® - AV1451 and has
shown its affinity to tau- tangles and can differentiate Alzheimer’s brain from
healthy controls **”. The elevated tau-PET binding in the brain is strongly

associated with positive amyloid-PET and clinical symptoms of dementia “**'.

Neurodegeneration/Neuronal injury (N) biomarkers

In the new AT(N) system for Alzheimer’s disease biomarkers classification,
neurodegeneration biomarkers are denoted by N and because neurodegeneration
is not Alzheimer’s-specific and can be caused by any other etiology such as
cerebrovascular injury *, it is therefore, placed in parentheses. Biomarkers for
neurodegeneration  include  magnetic  resonance  imaging  (MRI),
fluorodeoxyglucose (FDG-PET) imaging and CSF concentration of total tau (t-

tau) 3,
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13.9.8

13.9.9

CSF rtotal tau (CSF t-tau)

Total tau (t-tau) level in the CSF of Alzheimer’s patients has been observed and
it is also considered a biomarker for neurodegeneration ¥ 'This increase in t-tau
level is not specific to Alzheimer’s disease and the increase is seen in traumatic

4345

brain injury and stroke which correlates to neuronal injury . Similarly, in

Creutzfeldt-Jacob disease, there is a big increase in t-tau level but no change in p-

tau 46,47

. However, in Alzheimer’s disease there is a constant increase in p-tau »
reflecting the abnormal Alzheimer’s pathology associated with tau tangles and
CSF t-tau reflects neurodegeneration and therefore, the levels of p-tau and t-tau
along with an abnormal MRI and amyloid pathology can be very strong diagnostic

criteria for Alzheimer’s dementia %%,

FDG-PET
Fluorodeoxyglucose PET (FGD-PET) is an example of functional brain imaging

and can reveal how well the cells in various regions of the rain are performing by
showing how actively they utilize oxygen and sugar and therefore, detect brain
region-specific impairment *. FDG-PET can add diagnostic accuracy because if

the result is a reduction in glucose metabolism then it indicate neuronal injury °'.

1.3.9.10 Structural imaging

Structural imaging provides information about the shape, position or volume of
brain tissues **. Structural imaging such as computed tomography (CT) or
magnetic resonance imaging (MRI) are used in dementia diagnosis. MRI provides
much better resolution than CT, and is more sensitive to subtle vascular changes
and therefore, used in differential diagnosis ,e.g., Fronto-temporal dementia
(FTD), multiple sclerosis *'. Structural MRI can therefore provide a measure of

brain atrophy, tau tangles load .

28



1.4 Current drug treatments for dementia

Since there is no disease-modifying treatment (DMT), the currently available
drugs to dementia patients only help to alleviate the symptoms with limited
benefits. The two classes of drugs available for cognitive symptoms are:

@) Acetylcholinesterase (AChE) inhibitors

(i) Anti-glutamatergic

1.41  Acetylcholinesterase (AChE) inhibitors

Acetylcholinesterase inhibitors block the breakdown of acetylcholine by the enzyme
cholinesterase. Acetylcholine is a neurotransmitter and thus helps in neuronal
communication. AChE inhibitors currently available on the NHS are donepezil,
rivastigmine and galantamine. Memantine is another anti-dementia drug and belongs to
the anti-glutamatergic group which helps in reducing the neurotoxic effects of excessive

glutamate released 5,

1.4.2  Drugs for behavioural symptoms

Psychotropic drugs are used to treat behavioural and psychological symptoms (BPSD) of
dementia. In dementia and other neurogenerative diseases there are structural and
chemical alterations which result in symptoms such as BPSD and antipsychotics can help
to control these symptoms such as aggression, delusion, hallucination, depression, and

apathy .
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1.5 Development of new drugs for dementia

As of January 30, 2018, there were 112 agents in the Alzheimer’s disease treatment
pipeline®.  The percentage of compounds classed as disease modifying treatment
(DMTs) were 63% (phase I through III) and the rest were cognitive enhancers or
targeting behavioural problems *. Dementia drug development has been very difficult
with 2 99.6% failure rate since 2002 * and there has been no new medication for dementia
approved by FDA since 2003. There were 26 agents in phase 111 in the 2018 drug pipeline
and 17 of them were DMTs *°. However, so far there has been a 100% failure of disease
modifiers’ phase III trials which are also the most costly part of the dementia drug

development costing $413 million .

1.6 Potential treatments

1.6.1  Amyloid beta (AB) plaques

The build-up of Amyloid beta (Ab) plaques in the brain is a key feature of Alzheimer’s
disease . A number of trials are targeting the Ab and in the 2018 Alzheimer’s drug
pipeline, there were 26 agents in phase 111, and 17 of them were DMTs. Out of these 17
DMTs, 14 were for amyloid target, 1 involved a tau related target, 1 for neuroprotection
and 1 other had metabolic mechanism of action (MOA) *°. However, most of the recent
phase II/1I1 trials with promising drugs have failed such as verubecestat from Merck &
co and solanezumab by Eli Lilly . More recently scientists at the University of Southern
California (USC) in Los Angeles have explored a new compound called the “3K3A-
APA”, which is genetically modified version of the activated C protein found in the blood
to protect blood cells and vessels from damage due to inflammation . In tests, a lowering

of Amyloid- b was observed in genetically altered mice injected with 3K3A-APA and it
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has been shown to prevent brain cells from making the enzyme BACE1 which is essential
in Amyloid- b production

Similarly, a new therapeutic antibody candidate for Alzheimer’s treatment is PMN310,
which is in late preclinical development and has the ability of targeting Amyloid- b and

is anticipated to enter phase I trials in mid 2019 ©.

1.6.2 The immune system

Another treatment area is using anti-inflaimmatory drugs with potential to treat the
inflammation in the brain triggered by the immune system in dementia ***. Two drugs
already in the market for different conditions (Pioglitazone for diabetes and Etanercept
for arthritis) were promised in phase II trials but unfortunately the trials were ended in

66,67

phase III stages

1.6.3  Tau tangles

Tau is a microtubule-associated protein which in its hyperphosphorylated form make tau
tangles, one of the hallmarks of Alzheimer’s disease ®*. These intracellular tau aggregates
are common in a number of neurodegenerative diseases, including Alzheimer’s and are
associated with synaptic loss and neuronal death . Some of the DMTS targeting tau
pathologies are focusing on protein kinases as the tau hyperphosphorylation is due to the
action of protein kinase and therefor, several protein kinases are included on the

therapeutic pipeline ™"

. Apart from phosphorylation, tau is also modified post-
translationally by lysine acetylation and which leads to abnormal tau functionality
promoting tau aggregation and therefore, tau acetylation inhibitors are another potential
therapeutic strategy "> Nonsteroidal anti-inflammatory drugs (NSAID) which are used

for inflammatory conditions such as arthritis have shown effectiveness against tau-

acetylation and improved neurodegeneration in mouse models ”.
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1.7 Challenges in developing new drugs for dementia.

There are many challenges in developing anti-dementia drugs.

@) Because of the blood-brain barrier which prevent some drugs from reaching it

(if) Because of the nature of dementia as a disease caused by different disease and
involve multiple pathologies such as Ab and tau tangles and also the lack of a
surrogate biomarker 7.

(iii) Currently, there are Alzheimer’s disease biomarkers which can improve

diagnostic accuracy but no accepted surrogate biomarkers .

77,78

DMTs will act by affecting the underlying dementia pathologies such as Ab or tau
The concentration and burden of Ab and tau can be measured from CSF or using brain
imaging ", however, more research is needed to find a surrogate biomarker which can be

7

substituted for a clinical end point ™. As DMTs will target undetlying dementia
pathologies, we will need participants who definitely have dementia pathologies to assess
the effect of the drug *.

With the above challenges in drug development and a failure rate of close to 100% °" and
the predicted tripling in dementia prevalence by 2050 ¥ , improving the design of clinical
trials and dementia diagnostics are urgently needed.

Longitudinal cohort studies have been an important source of information for clinical
trials *. DMT's will have to be validated in well-conducted clinical trials, however, as we
know that conducting trials in a slowly progressing disease is costly and challenging in
terms of the number of participants ¥. It is, therefore, very important that we fully
understand the dementia disease progression in a representative cohort and for that the
role of longitudinal cohort studies is crucial. Therefore, I conducted a systematic review

of longitudinal cohort studies on dementia progression in order to find what these studies

are focusing on and what can we learn from them to help us design better .
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Chapter 2: A systematic literature review of dementia

outcome studies
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2.1 Introduction

Dementia is a global health priority. In 2018, there were approximately 53 million people
wortldwide living with dementia, expected to increase to 75 million by 2030, and the total
estimated societal cost was US$ 1 trillion in 2018 8. In the US alone an estimated
5.7million people were living with dementia in 2018 * There is no primary prevention
treatment available, and the current interventions are secondary or tertiary in nature,
largely focused on alleviating the symptoms. Acetylcholinesterase (AChE) inhibitors are
the only group of medications to manage and delay the progression of dementia
symptoms while no effective specific medication exists for vascular dementia beyond
existing cardiovascular therapies ". Given the increase in prevalence and cost to the
economy, novel disease-modifying treatments (DMT) which will prevent or delay the
onset or slow down the progression are urgently needed.

According to a new report by the Pharmaceutical Research and Manufacturers of America
(PhRMA), 146 investigational medicines in clinical development were halted between
1998 and 2017 . The report also shows that the large portion (39%) of these drugs were
in phase 2 or 2/3 and a substantial (18%) were in phase 3 or regulatory review. Only four
medicines have been approved by the US food and drug administration (FDA) since 1998
which comes to about 1:37 ratio of success to failure and represents about 2.7% success
rate to date. Longitudinal cohort studies are ideal for understanding the multifactorial and
slowly progressive nature of a disease such as dementia and therefore, represent an
important resource of information for designing clinical trials *. Therefore, I conducted
a systematic literature review of longitudinal cohort studies to understand dementia
progression from multiple dimensions covering clinical, biomarker and health system

utilisation perspective. The objective was to identify the different outcome measures used,

34



highlight limitations, any unexplored areas and identify opportunities to help inform new

observational studies and clinical trials.
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2.2 Methods

2.2.1 Data source and search

A literature search was conducted in OVID MEDLINE from April 2008 till April 2019.
The search strategy included the relevant synonyms for (1) Dementia/Alzheimer’s (2)

Disease progression (3) Health system utilisation (Supplements).

2.2.2  Inclusion/exclusion criteria

I included longitudinal cohort studies (prospective, retrospective) following individuals
diagnosed with dementia and aged 65 or over. Studies focusing on rare dementias (such
as frontotemporal or Parkinson’s dementia), conversion of mild cognitive impairment to
dementia or studying response to drug intervention were excluded. Studies were also
excluded if focusing solely on the monetary or economic aspect or focused on animals or
not in the English language. The search and selection process are described in figure 1.

The selection was a consensus process between three reviewers KK, JP, and CD.

2.2.3  Data Extraction

Data from the methods and results sections of the selected studies were extracted by a
single reviewer into an excel sheet (Table el) and were checked twice for accuracy. Data
were extracted relating to (1) study design (2) demographics (location, sample size, age,
gender ratio) (3) follow-up duration and repeated measurements (4) diagnostic criteria (5)
dementia subtypes (6) outcome measures of different domains such as clinical, biomarker,

and types of health resources utilised.
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5 Literature search conducted in MEDLINE (2008-
= 2019)
ﬁ 5,501 titles and Abstracts Exclusion Reasons:
=
T Reviews: 17
Case control: 14
Neuropathology: 4
y Newspaper Articles: 5
w After reading the titles, we selected 407 articles Surveys: 6
= And after reading abstracts we excluded 304 studies >
E Drug Effect: 35
@
RCTs: 13
Pre-dementia studies: 31
Post-Mortem studies: 11
Based on the inclusion/exclusion criteria, 103 full-
text articles were selected R
% Rare dementias (Lewy bodies,
) Fronto temporal): 18
w
Parkinson’s: 12
19 Extra studies were added after searching the B ton from Mcl
references. Also, 13 more studies were added after d':ri;e:;:n rom 2t90
renew search in MEDLINE (09/04/2019) ’
Different diseases: 49
P Health economics/monetary
studies = 14
- v
1]
15 Total number of full text articles selected 135 TOTAL: 304
g Removing studies leading to multiple publications
(35), we were left with 100 studies.

Figure 1: PRISMA flow diagram of the search and selection process

From: Moher D, Liberati A, Tetzlaff J, Altman DG, The PRISMA Group (2009).
Preferred Reporting Items for Systematic Reviews and Meta-Analyses: The PRISMA
Statement. PLoS Med 6(7): €1000097. doi:10.1371 /journal. pmed10000
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2.3  Results

I screened 5,501 titles and abstracts out of which 407 articles were selected for further
review. Of these, 116 articles fulfilled the inclusion critetia, and 19 other studies were
added following references from the selected studies. Where a study leads to multiple
publications, only the one with the largest sample was included. This resulted in the
exclusion of 35 papers, and therefore 100 studies were selected in this review comprising

>2m individuals (Fig 1).

2.3.1 Geography

I observed a large disparity between the global prevalence of dementia compared with
where the selected studies in the review were conducted. There was a bias towards North
America and Europe. For details see fig el & e2. Most of the selected studies originated
from Europe (46) in which 9 were from the UK, Americas (31), and Scandinavia (12)

while 11 studies were from the rest of the world (Fig €3).
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2.3.2  Sample size (N) and follow-up

Of the 100 studies, 82% had N <= 5000, 13% had N>5000 and only 5% with >50,000
sample size. The follow-up of 66% of studies was <=3 years while only 4% had follow-

up >10 years (Fig e4).

2.3.3  Types of dementia investigated.

I looked at the reported prevalence of dementia subtypes in the selected studies and
found the studies dominated by AD. In the selected studies, 85% of the total sample size
(N) was of AD and only 9% was VaD while 6% were unclassified or other subtypes.
When the dementia subtypes reported in the studies in my review were compared with a
study of dementia subtypes recorded in the English Electronic Health Records (EHRs),
using the CALIBER (CArdiovascular disease research using Linked Bespoke studies and
Electronic Health Records) platform, this compared to 27% as AD, 20% as VaD and
53% unclassified * (Fig e5).

These figures for dementia prevalence in primary care are much lower than the
prevalence reported in the general population which states that AD is the more common
subtype corresponding to more than 60% and VaD for ~ 20% of all the cases *”%. A
study conducted in the UK using the expert Delphi methodology * estimated a similar
prevalence. The difference in prevalence in the primary care data available in the
electronic health records could be partly because there are low recordings of specific
dementia subtypes in the primary care and most of the cases are recorded as unclassified.
As a result, dementia subtypes such as VaD are underrepresented in the studies in the

research to date and the studies are mostly dominated by AD patients.

39



2.3.4  Diagnostic methods and sample selection

I considered which diagnostic criteria or diagnostic codes were commonly used in the
selected studies. I observed a good degree of consensus on this as more than 70% of
studies using the revised National Institute of Neurological and Communicative
Disorders and Stroke (NINCDS-ADRDA) diagnostic criteria either on its own or in
combination with the Diagnostic and Statistical Manual (DSM-III/IV), National Institute
of Ageing- Alzheimer’s Association (NIA-AA), National Institute of Neurological
Disorders and Stroke and Association Internationale pour la Recherche et
I’Enseignement en Neurosciences (NINDS-AIREN), or biomarkers and brain imaging
¥ Figure 2 shows that the studies with larger sample sizes have weaker diagnostic or
sample selection criteria as they were mainly from insurance databases and using ICD
codes, mostly without any validation or additional codes. The diagnostic criteria were
classed as weak when only diagnostic codes without validation / or without other
associated codes were used and optimal/strong when one of the standardised diagnostic

criteria along with biomarkers or brain imaging were used.
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Figure 2: Association between sample size, follow-up duration and quality of diagnostic criteria.

Optimal /strong: (a): NINCDS-ADRDA, NINDS-AIREN, on their own or with NIA-AA or DSM-III/IV
(b): () in different combinations or with histopathological confirmation

(c) ICD codes with prescriptions or death certificate validation

Weak: (a): DSM-III/IV or ICD codes on their own with no validation

(b) MMSE, CDR or other neurological assessments on their own.

ID: Insufficient data

x-axis represents sample size (N) and y-axis the average follow-up (months) of the studies.
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2.3.5 Brain imaging and other biomarkers

Biomarkers are characteristics that can be measured and evaluated objectively as an
indicator of normal biological processes, pathogenic processes or pharmacologic
response to a drug intervention * . There are different varieties of dementia biomarkers:
Cerebrospinal fluid (CSF) amyloid 8 1-42 and molecular brain imaging such as Pittsburgh
compound B- PET [C"! PiB-PET are sensitive to disease presence but not necessarily
progression, similarly, there are biomarkers which are sensitive to disease progression but
not necessarily its presence such as MRI, and fluorodeoxyglucose (FDG-PET) positron
emission tomography which can detect neurodegeneration but are not specific for AD
and rather a non-specific indicator of damage which may be because of other aetiologies

253642919 - Genetic biomarkers include autosomal

such as cerebrovascular injury
mutations in the Amyloid precursor protein (APP), presenilin -1 (PSEN-1) and PSEN-2
located on chromosome 21, 14 and 1 respectively and are linked to the familial
Alzheimer’s disease (FAD) . While apolipoprotein (ApoE €4 ) is a2 major genetic risk
factor for sporadic or late-onset Alzheimer’s dementia and is associated with early
dementia and also a rapid decline and a higher [C'") PiB-PET uptake *”. PiB-PET is a
specific positron emission tomography and used to identify Amyloid and has an affinity
for Amyloid plaques and when used with PET can help in studying the progression of
the Amyloid load '". Research has shown that the combination of low CSF Amyloid (-
42 and high tau levels are associated with Alzheimer’s dementia pathologies on post
mortem with very high accuracy """, In the literature review, 20 studies were reporting
Alzheimer's biomarkers, but the majority used it mainly for diagnostic purposes with
measurements taken only at baseline and did not report changes that occur over time.

Only three studies reported a longitudinal measurement of biomarkers. One reported the

use of Pittsburgh compound B Positron Emission Tomography ( 11C PiB-PET) at
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baseline and then at 24 months interval to investigate the association of amyloid load with

106

APOE allele presence ', while the second study ' reported the results for cohorts with
three or more assessments of PiB-PET during the follow-up to calculate the rate of
amyloid deposition, cerebral atrophy, and cognitive decline. The third study investigated
the longitudinal trajectories of CSF biomarkers for neurodegeneration (t-tau and
Neurofilament light (NfL)) and tau pathology-associated biomarker p-tau and another
novel marker called the YKI.-40 which is an astrocytic marker '". They found that NfL
and YKL-40 levels elevate longitudinally in AD and with age but not the CSF tau over a
median lumbar puncture interval of 2.1 years. NfL levels in CSF reflect axonal damage
and correlates to disease progression and brain atrophy '®. YKI.-40 is an inflaimmatory
marker protein expressed in the astrocytes in the brain and its level also increases in early

AD """ The results are summarised in figure e6. In summary, there was a clear lack of

studies measuring biomarkers longitudinally.

2.3.6  Measures of progression

In total 52 studies (52%) reported repeat measurements of dementia-specific outcomes.
Out of these 52 studies, 31 (~60%) measured them at 1 to 3 (median 3) separate time
points after baseline measurements (Fig 3). More importantly, these measurements were
taken within a time frame of just under 3 years (median 2 years). This is not long enough
follow-up for a disease with a long prodromal development often lasting decades '*.
Dementia progression is multidimensional, and a single type of measurement is unlikely
to capture adequately the different dimensions of the disease '''*. T looked at what other
outcomes were measured along with cognition. For details see Fig 4. It was found that

studies mostly measured cognition and dementia-specific outcomes were not measured

longitudinally over a long enough period.
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Figure 3: Scatter plots to illustrate the association between repeat measures of outcomes and length of follow-ups.

X-axis represents the number of repeated measurements (assessment occasions) after the baseline measures and the Y-axis is the follow-up duration in
which these repeats were taken. For example, the annotated circle in (A) mean that the study measured cognition 6 times during a 72-month follow-up,
and it corresponds to >69000-person months. Multiple Circles (darker colours) occupying the same position means multiple with the same repeat and
follow-up. The size of the circles represents the person-months (N* follow-up(months)).
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Figure 4: Diagrammatic representation of overlaps in the reporting of cognitive, functional, Neuropsychiatric (NPS) and Quality of life (QoL) outcome
measures.

The above chart shows that cognition was the most measured outcome (total 69 studies measured cognition).18 studies measured cognition alone, while 15 measured cognitions +
function, another 15 studies reported measuring cognition + function+ NPS while only 6 studies measured all the four outcomes simultaneously.
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2.3.7  Electronic health record (EHRs) and administrative databases studies

In total 26 studies used health care data stored in electronic databases but only 3 of them
were using linked EHRs while the rest of the studies used health insurance databases to
identify dementia patients using the diagnostic codes (ICD, read codes). Out of the three
studies using linked EHRs , one used "The Health Improvement Network" (THIN) from
the UK, with >30k dementia cases, to estimate the rate of strokes in patient with and
without dementia in the UK ' while two used Clinical Practice Research Datalink
(CPRD) from the UK : one reported the association of comorbidity burden in individuals
diagnosed with dementia with resource utilisation and mortality ''°. They found that
people with dementia and a higher number of comorbid conditions die early and have
higher health resource utilisation. However, the study had a small sample size with N <
5000 and reported a limited number of comorbidities and lacked clinically validated
dementia subtypes. The second study used the CALIBER platform which is a linked
dataset of CPRD, hospital episode statistics (HES) and mortality data *. The authors
aimed to determine the diagnostic validity of dementia captured in the EHR and to
determine their lifetime risk of dementia. They found that the majority of people with a
record of dementia had corroborating evidence of diagnosis and that the risk of dementia
was higher in women than men and mortality was higher for people with than without
dementia.

In summary, the studies using electronic health records were mainly using administrative
databases and only a few studies used linked EHRs and therefore caution must be taken

when interpreting the results from these databases.
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2.3.8 Co-morbidities

Comorbidities are common in dementia patients and are one of the key factors in the
higher utilisation of resources and risk of death '""'**. Understanding their prevalence and
association with the utilisation of different health systems and mortality rate is an
important factor in planning resource allocation and for describing heterogeneity in the
clinical trajectory of dementia based on comorbidity profiles. There were 35 studies (N =
2,008,535) reporting prevalence of comorbid conditions. The weighted percentages of the
prevalence of the comorbid conditions reported in these studies are described in figure 5,
which shows that diabetes and cardiovascular and cerebrovascular conditions were the
top comorbid conditions while other symptoms and complications of dementia such as
blindness, constipation and chronic pain were less reported in the included studies. The
reason could be that these symptoms are recorded as free text and usually not coded for
many patients and would require natural language processing (NLP) to extract this
information . Another, important aspect of the studies reporting resource utilisation was
the use of administrative databases for their sample selection and had larger sample sizes
and contributed ~84% of the total sample size (N) of all studies. As the primary aim of
these databases was payment and operations, caution is needed when interpreting their
results. I also found that although cognition and function were measured in most of the
studies, the sum of sample size in these studies was very small (Fig €7) which means only
a fraction of the total sample in the studies in this review underwent dementia-specific

outcome measures.
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Figure 5: Comorbidities reported in individuals followed in the selected studies.

The numbers represent the weighted percent prevalence. The bar chart shows that diabetes and cardiovascular and cerebrovascular comorbidities were
the most prevalent in the selected studies samples. While other non-specific symptoms such as constipation, blindness, chronic pains were less reported
probably because they are not coded in the administrative databases and usually as free text which need natural language processing to extract this
information.

Abbreviations: COPD: Chronic obstructive pulmonary disease
CHD: Coronary heart diseases
AF:  Atrial fibrillation
UTT: Urinary tract infections
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2.4 Discussion

I found that the majority of the studies had small sample sizes, largely following only
Alzheimer's disease patients, had a short follow-up and few repeat measurements of key
outcomes. Only a handful of studies used linked EHRs and there was a paucity of studies
incorporating longitudinal measurements of biomarkers for dementia progression.
There was a bias towards North America and Europe and only a few studies originated
from Asia. I observed a large disparity between the prevalence of dementia globally
compared to the sample size of dementia patients in the selected studies from these
regions in our review. This means that dementia progression might be very different in
Asia or Africa, but we don’t know from the evidence available. The incidence of dementia
is increasing at a higher rate in the middle-income countries and therefore, research and
studies are desired from these regions.

It is important in longitudinal research studies to know the level of agreement between
diagnosis made by different clinicians using the same diagnostic criteria for the same
patients at one point in time. I found the revised NINCDS-ADRDA diagnostic criteria

were widely used. Studies have found agreement between clinicians using NINCDS-

" 119 ’ 120

ADRDA criteria varying from "fair and “moderate to “substantial” ""”'*'. The
small number of VaD in the total sample size can be attributed to the fact that only a few
studies used subtype-specific diagnostic criteria (such as NINDS-AIREN for VaD) and
used ICD codes for sample selection from administrative databases. Finding VaD cases
in these databases using ICD codes is challenging since the codes have not kept up with
the changes in diagnostic criteria for VaD in the past decades'*. There is a need to use

optimal computational phenotype which consists of a combination of relevant diagnostic

codes and codes for medications or tests relevant for the condition of interest. For
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example, diagnostic codes consistent with the VaD diagnostic criteria, which include
codes for an episode stroke 90 days before the first observed dementia diagnosis® to find
VabD cases.

The high cost and the invasive procedure of CSF sampling can be one of the reasons

behind the lack of studies measuring these biomarkers'*'**

. Apart from the invasive
nature of these sampling procedures which can affect participant's compliance with
repeated sampling, the radioactive compounds for PET are not available in different
geographical locations and therefore, it could be another reason why the majority of the
studies did not take repeat measurements of these biomarkers. Therefore, cheaper and
less invasive blood biomarkers are needed which are also the focus of research '*. Apart
from their use in diagnosis and enriching trial participants, biomarkers (such as Amyloid
PET, Tau Pet, MRI, FDG-PET ) also provide information about a drug effect on the
underlying disease biology and can help in predicting disease progression and also drug
development '*. Large community-based studies without incorporating biomarkers are
important in finding risk factors for dementia however, to understand the extent of their
association with dementia will require complementary studies incorporating biomarkers
', For disease-modifying therapy (DMT), we will need to design clinical trials that must

3% DMT will have to show an effect on both biomarkers

engage in biological drug targets
and clinical symptoms to be approved '*. Therefore, biomarker data on a subset of
community study data will be valuable in understanding the biology of dementia and will
also ensure that participants with suspected non-Alzheimer’s pathology (SNAP) are not
followed in the trials as they will not respond to a DMT.

Progression of dementia is frequently quantified by measuring cognition and it is an
important outcome measure in trials as well'”. T observed that studies were mainly
focused on measuring cognition. However, evidence suggests that function and

dependency, rather than cognitive decline is a more significant predictor of quality of
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life'”. Therefore, measures such as function, behaviour, and quality of life, which focus
on what an individual feel or can do are of greater relevance to patients and carers. The
U.S Food and Drug Administration (FDA) also advocates the use of a co-primary
outcome measure that incorporates cognitive, functional or a global outcome in drug trials
" This approach is required in observational studies involving patients diagnosed with
dementia to capture the multidimensional progression of dementia. However, outcome
measures of progression will depend on the study goal, population, as at the mild cognitive
impairment (MCI) stage, cognition can be the only outcome to measure as the functional
impairment might not be evident yet.

Linked EHRs (primary care, secondary care, mortality) contain information about
patient's health and medical history and because of their size can offer better statistical
power and due to the linkage of different EHRs give a complete picture of patient's
clinical care history. We can use the linked EHRs for example, to describe any
heterogeneity according to dementia subtypes or co-morbidities and inform clinical trial
selection.

The majority of the studies in this review used administrative databases (insurance claims
records) as opposed to clinically actionable EHRs and therefore lack the clinical
granularity of electronic health records. These studies had larger sample sizes, but the
selected samples can be of questionable quality as they only used ICD codes and in most
cases without other validation codes such as medications or relevant test codes. These
studies were focusing on measuring health system utilisation and did not measure
dementia-specific outcomes. Also, the applicability of findings from countries with
distinct health and social care system (e.g., Finland, Sweden, Australia, Taiwan) for UK
policy is also questionable because of the structure of these different health systems,
barriers to accessing healthcare in the different health systems and also the lifestyle of
115,131,132

the population and their risk factors. The studies from the UK using EHRs
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(CPRD, THIN) did not use them comprehensively to create clinically-validated
trajectories of dementia at a scale in the UK that enables the full heterogeneity of
dementia patients experience to be described. These studies had a small sample size
(N<5000) and the analysis was restricted to only a few comorbid conditions. A better
understanding of variation in dementia progression will provide important insights for
improving the treatment, care, and management of dementia patients. The identification
of higher resolution dementia patient subgroups with different clinical needs will inform
public health planning and help re-structure healthcare delivery for dementia patients. It
could also inform the selection of patients for clinical trials of new dementia drugs or
other care interventions.

The review takes a multidimensional approach. It captures studies with a range of
outcome measures important in dementia progression- from cognitive, functional,
Neuropsychiatric to health system utilisation and comorbidities. It covers more than 10
years and includes prospective, retrospective cohort studies to capture as much evidence
as possible. The review is only focused on studies with participants diagnosed with
dementia aged 65 or over and published in English. Also, the review is based on searching
in OVID-MEDLINE alone. However, the search strategy was very comprehensive,
covering disease progression, study types, and healthcare utilisation. I might have omitted
important studies from the analysis as this was not a full systematic review and more
studies can be identified which may have been omitted by our selection criteria.

In summary, I observed a paucity of studies reporting the multidimensional progression
of dementia. Studies did not take repeat measurements of key dementia outcomes at
several time points over a sufficiently long period and therefore, there are limitations on
what can be achieved from these studies about dementia progression. Also, no study has
comprehensively used EHR to investigate dementia progression after diagnosis and
therefore, the post-diagnosis experience of dementia patients, their interaction with the
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healthcare system, co-morbidity profile, and treatment before death remains pootly
understood. Furthermore, it remains unknown how this experience may vary according
to important sub-groups defined by dementia subtypes or by the co-existence of other

comorbidities common in old age.

2.5 Limitations

The review is only focused on studies with participants diagnosed with dementia aged 65
or over and published in English. Also, the review is based on searching in OVID-
MEDLINE alone. I also did not assess the quality of the included papers as my aim was
characterise what has been studied by the published studies which met my inclusion
criteria. I only used OVIDE-MEDLINE database; however, the search strategy was very
comprehensive, covering disease progression, study types, and healthcare utilisation. I
might have omitted important studies from the analysis as this was not a full systematic
review and more studies can be identified which may have been omitted by our selection
criteria. Another limitation is that the search criteria was limited to time period util 2019

and an updated search may result in more recent studies.

2.6 Conclusion

It is clear from this review that to better understand dementia progression and inform
future observational studies and clinical trials, we need better standardisation in sample
selection, longitudinal measurement of key dementia outcomes at several time points in a
diverse cohort over a longer time. Also, with the prospect of disease-modifying therapy,
we must engage biological targets to understand the temporal dynamics and true aetiology
of dementia. The reliability of the results published using insurance databases is a concern

and their results may not be generalizable beyond the databases they were derived from.
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Using an optimal computational phenotype, linked EHRs longitudinal data can be used
to study the heterogeneity of dementia patients based on comorbidity profile or subtype

which will improve treatment, care, and management of dementia patients.
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Chapter 3: Exploratory data analysis

3.1 Introduction

This chapter describes the data sources used for identifying dementia patients, the
structure of these data sources and the selection patients with good quality data to include
in the analysis. I also performed some summary statistical analysis and looked at the top

comorbidities in dementia patients’ records.

3.2 Data soutces

The data sources for the initial dementia patient’s identification are the clinical practice
research datalink (CPRD) and hospital episode statistics (HES). The general description

and structure of both of these data sources are described below.

3.2.1 CPRD GOLD

CPRD is a government non-profit research service which supplies anonymized primary
care data from the English NHS registered GP practices for health research. CPRD is
sponsored jointly by the Medicine and Healthcare products Regulatory Agency (MHRA)
and the National Institute of healthcare research (NIHR) which is funded by the
Department of Health and Social Care.

CPRD data comes as CPRD Aurum which collect data from UK GP practices using
EMIS system. In the May 2022 version of the CPRD Aurum database, the research
acceptable patient count stands at 41+ million , with a significant coverage of 19.83% of

the UK population, with 13,300,067 patients. A substantial number of patients,
55



38,377,503, are eligible for linkage. Moreover, the database comprises data from 1,491
general practitioner practices, contributing to approximately 16.45% of the total UK
general practices.

I used CPRD GOLD data which is longitudinal routinely collected electronic health
records (EHR data) from UK primary care practices using Vision® general practice
patient management software. As of June 2022, CPRD GOLD contained 20+ million
acceptable patient records from over 985 UK general practices.

The CPRD contains data of 3,069,853 active patients (currently alive and registered)
which is approximately 4.58 % and broadly representative of the UK population '*.
The data in my study was from the period between 01/01/1998 and 31/12/2017 as the
project ISAC application was accepted and the data was granted in 2017 as the latest

batch of available data.

3.2.1.1 CPRD data structure

Data within CPRD is contained within ten different data tables, each containing different
types of information. Most of these data tables can be linked together to combine
information. Each patient and practice have a unique ID.

A summary of the information contained in each data table is below (Table2).

56



Table 2: CPRD data tables structure

Data table Key information Linkage to other tables Primarily used for

Practice region All tables Defining study population
Practice Date the practice started reporting research

quality data.

Last date the practice reported information

Patient’s demographics All tables except the staff table Defining the study population and extracting
Patient Date of (de) registration with practice demographic data

Diagnostic codes Patient, additional details, staff, consultation, | Extracting information on
Clinical Symptoms codes and practice table. Diagnoses, symptoms, investigations

Date of diagnosis

Clinical measurement or observations Clinical, patient and practice Extracting clinical characteristics data such as
Additional weight, BP, smoking
details

Medications prescribed and dose. Patient, staff, consultation, and practice Extracting information on treatments prescribed
Therapy Date of prescription

Test requests Patient, staff, consultation, and practice Extracting clinical and laboratory test data such as
Test Test results cholesterol, BP.

Specialty referred to. Patient, staff, consultation, and practice Extracting data on referrals to secondary care and
Referral Type of referral (inpatient/day visit etc related diagnoses

Date of referral
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Stage of immunization

Practice, staff, and consultation

Extracting data on immunizations given

Immunization Methods (oral/intramuscular etc)

Immunization date

Staff role and gender All tables except the patient, additional details | Linking clinical information to the staff member
Staff tables recording it

Type, Length, date of consultation All tables except additional detail The context in which clinical information was
Consultation recorded

Staff member conducting the consultation.
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3.2.1.2 CPRD data flow

Primary care data are submitted to the CPRD via the software system the participating

GP practices use.

Identifiable data
De-identified data

Primary care External data
GP SYSTEM custodian

NHS Number NHS Number
DOB DoB
Postcode Postcode
Gender Gender

System patient ID LINK ID
System practice ID EXTERNAL DATA

o

System patient ID TRUSTED 3RD PARTY: LINK ID

System practice ID
PRIMARY CARE DATA NHS DIGITAL EXTERNAL DATA

System patient ID
System practice ID
LINK ID
EXTERNAL DATA

CPRDID CPRD ID

PRIMARY LINK 1D
CARE DATA EXTERNAL DATA

Figure 6: Primary care data flow.

De-identified linked data can either flow from external data custodians to NHS Digital
and subsequently to CPRD, or directly from external data custodians to CPRD.
Source: Padmanabhan, et al, 2019 '*
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3.3 Hospital episode statistics (HES)

NHS Digital (formerly HSCIC) administers HES on behalf of the Secretary of State for
Health (http://www.digital.nhs.uk/hes. HES contains details of all admissions to NHS
hospitals and some admissions to private hospitals, all NHS outpatient appointments, and
all A&E attendances in England. HES records include NHS-funded patients treated in
English NHS trusts and independent providers and also private patients treated in NHS

trusts'. In this pilot work, I only used HES inpatient data.

Diagnostic
HES-ID
Imaging | % | ONSmortality
Dataset N HES data
Critical
care
Mental Accident
Health HES-ID Wgsap and
Minimum [ > Inpatient <> emergency
Dataset

HES-ID HES-ID Epikey PROMS (Patient
i I \ Reported

Grouper Outcome
Outpatient Measures)

h

Reference
Costs

v
Other datasets (QOF, Cancer Register,
National Joint Register,...) ‘

Figure 7: HES data contents and other linkable data

Source: Centre of health economics, University of York
> J

3.3.1 HES data collection

The data is initially recorded during each hospital episode as part of the

Commissioning Data Set (CDS) and then made available for secondary service use
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(SUS) on a monthly basis'. Then data from SUS were extracted for hospital
reimbursement under payment by result (pbR) and also a copy of the extract was
made available to SUS . After some basic cleaning and checks by the NHS digital
and pseudonymized patient IDs are attached to every episode and after the annual

refresh for the hospitals the dataset is made available.

Data generating process

Provider organisations (E. g Hospitals) SUS (National data warehouse managed by NHS Digital)

PAS sus ;
Secondary Uses Service
Patient
Administration
System
SEM
Reference Data Sources E HES Processing (managed by NHS Digital)
(E.g. ODS) i
o o [ Dowmcloaning ]
i Quality

HES User Network

Source NHS Digital (2016). The HES Processing Cycle and Data Quality.

Figure 8 : HES data generating process.

Source: NHS Digital 2016

3.3.2 HES Data structure

HES admitted patient care data (HES APC) is structured into episodes and spells.

1 (https://digital.nhs.uk/data-and-information/data-collections-and-data-sets/data-
sets/commissioning-data-sets, 2020)
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A spell is period of continuous care in one provider institution and can have one
or more episodes . Each row in the HES APC contains a record of a single

finished episode.

Consultant A Consultant B Consultant C

| |

Admission Episode ‘Discharge’ Episode

\ J
|

Inpatient Spell

Figure 9: Episodes and spells in HES

Source: adapted from Methodology to create provider and CIP spells from HES APC data 2014

NHS Digital "

An inpatient spell is a patient’s entire stay in one hospital from admission to discharge

which may have one or more episodes.

3.3.3  Linkage to other sources

HES APC can be linked to other datasets such as HES A&E, HES outpatients, diagnostic
imaging data, mental health, patient reported outcome measure, mortality data using the
unique HESID as shown in figure 7 above. HES data can also be linked to clinical practice

research data link (CPRD) which is the UK primary care data.
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3.4 Methods

3.4.1 Selection of patients records with good quality data.

The study period was selected to be between 01/01/1998 and 31/12/2017. Patients were
included if they were aged 30 or over at the start of the study and had been contributing
at least one year of up-to-standard (research quality) data. Up to standard data for each
patient starts at the latest of the practice data becoming research standard (uts date),
patients current registration date (crd) and date of birth. Choosing the latest of these three
dates delimits the start of a valid follow up period of the patient.

Similarly, the up-to-standard data for each patient end at the earliest of transfer out date
(tod), death date, and last collection date (Icd). Records of patients whose up-to-standard
data ends before it starts, were dropped. This happens when a practice up-to-standard
date occurs after a patient transfer out of the practice. These people do not contribute
any research standard data. The selection of patients eligible for inclusion according to
my study start and end date and with research quality data is described in figure 10. The
records of these eligible patients will be used for dementia patient’s identification and

further analyses.

3.42  Study entry and exit date for each patient.

I need to know a date on or after 01/01/1998 at which the patient is aged at least 30 and
has already been contributing research quality data to the database for at least one year
L.e., the latest of study start, start of up to standard data with additional one year and the
date at which the patient was at least 30 years old. The study exit date was determined by
taking the minimum of study end date and the last date the patient contributed up to
standard data. Patients who appear to exit the study before they enter were dropped as
well. The maximum follow-up for the eligible patients with research standard data was
19.2 years.
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Initial number of eligible patients who
contribute at least one day of follow-up.

4,754,651

Selecting only records with research
standard data.
4,350,138

Removing records where the study
exit date was less than the study
entry date according to our study
criteria.

3,792,627

Figure 10: Patient selection process.

Patient’s study entry and exit dates were estimated using the method described above.
Patients must have at least one day of follow-up in the study. If their estimated study
exit time was less than study entry time, then those patients were removed. I removed
those records where the study exit date < study entry date.
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3.4.2.1 Eligible patients with research standard data

Patients were selected according to the method describe above in section 4.4.2.

Table 3: Total number of eligible patients identified in the CPRD GOLD data linked to HES.

Gender Number of individuals (%) Age at entry into the study, mean (SD)
Male 1,871,909 (49%) 46.88 (15.40)
Female 1,920,718 (51%) 49.26(17.52)

Table 3 above shows the number of patients identified to have research quality data and

within our study entry and exit date.

Table 4: Diagnosis of dementia in CPRD, HES 1998-2016

CPRD HES  Frequency Percentage  Age at entry Gender Follow Up

(mean, (SD) Male (%) Mean, (SD)

No  No 3612510  953% 4676 (1559)  50% 6.87 (5.63)
Yes No 16225 0.4% 77.58 (11.4) 29.8% 6.26 (5.96)
No  Yes 119813  32% 73.80 (11.71)  38.9% 6.81 (5.23)
Yes  Yes 44,079 1.2% 77.50 (9.44) 33% 6.25 (5.40)

Table 4 above shows the number of patients identified to have a record of a dementia

diagnosis code in each database, their gender percentage, mean age and follow-up.
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Figure 11: Number of dementia patients identified in CPRD and HES.

CPRD = Clinical Practice Research Datalink
HES = Hospital Episode Statistics
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Figure 12: Dementia patients by age groups and gender.

The bar chart shows that majority of dementia patients were in the age group 71-90 and
of female gender.
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Dementia subtypes in primary and secondary care
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Figure 13: Dementia subtypes in HES and CPRD

The number of patients with diagnostic codes for different dementia subtypes in primary
and secondary data. Majority of codes were for unspecified dementia.

AD = Alzheimer’s dementia

VaD = Vascular dementia

CPRD = Clinical Practice Research Datalink

HES = Hospital Episode Statistics

Figure 13 shows the dementia subtypes frequency in each CPRD, HES alone and
combined. We can see that there is a big difference in the number of VaD cases between
the CPRD and HES databases as majority of VaD cases were from HES. Diagnosing

VaD cases in the primary care using only read codes is challenging since the codes have
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not kept up with the changes in diagnostic criteria for VaD in the past decades and it
could also be due to the lack of specialist knowledge and tests available at the primary
care clinics. Also the low diagnostic percentage could be due to the fact that VaD account
of only 20% of dementia cases and it also require additional criteria for conformation of
diagnosis such as using biomarkers data, imaging and making sure that the diagnostic
codes consistent with the VaD diagnostic criteria, which include codes for an episode

stroke 90 days before the first observed dementia diagnosis® to find VaD cases.
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Table 5 shows the top 30 most prevalent ICD codes for dementia patients one year before
their dementia diagnosis. The percentages represent the number of unique patients with
the ICD-10 codes for the associated conditions within our dementia cohort.

Table 5: The top 30 ICD codes in HES for dementia patients before their diagnosis

Number ICD
1110
2 E119
3148
4 7867
5 N390
6 1209
7 E780
8 J459
91258

10 7921
11 E039
12 H269
13 7864
141258

15 1449

16 7491
17 7966
18 R410
19 D649
20 7880
21 K449
22 7922
23 M199
24 7602
25 1500

26 1251

27 F329
28 R35

29 7951
30 R69

Description

Essential (primary) hypertension

Type 2 diabetes mellitus without complications
Atrial fibrillation and flutter

Personal history of disease of circulatory system
Urinary tract infection, site not specified

Angina pectoris, unspecified
Hypercholesterolaemia

Asthma, Unspecifed

Chronic ischemic heart disease, unspecified
Personal history of long term use of anti-coagulant
Hypothyroidism, unspecified

Unspecified cataract

Personal history of psychoactive substance abuse
other form of chronic ischemic heart disease
Chronic obstructive pulmonary disease, unspecified
Renal dialysis

presence of orthopaedic joint implants
Disorientation, unspecified

Anemia, unspecified

Allergy status to penicillin

Diaphragmatic hernia without obstruction or gangrene
Long term use of other medicaments

Arthrosis of first carpometacarpal joint, unspecified
Problems related to living alone

Congestive heart failure

Atherosclerotic heart disease

Major depressive disorder, single episode, unspecified
Syncope and collapse

Presence of aortocoronary bypass graft

lliness, unspecified
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Frequency
284474
114941
109945

73042
64529
63956
55938
49525
43863
46173
42016
40804
38980
37498
36474
35767
34845
30073
29934
29502
29167
28445
27884
27851
27123
26529
26485
26281
25103
25035

Percentage

6.5
2.6
2.5
L7
15
15
13
11
11

0.3
0.9
0.9
0.8
0.8
0.8
0.7
0.7
0.7
0.7
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6



3.5 Summary

In this exploratory analysis I found that out of the total patients with good quality data
(3,792,62), 0.4% (16225) had dementia codes alone in CPRD, 3.2% (119,813) in HES and
1.2% (44,079) in both CPRD and HES. The percentage of male dementia identified in
both CPRD, and HES was 33% and the age at entry into the study was 77.5 years (table
4). Majority of dementia patients were in the age group 71-90 and unspecified dementia
was the most common recorded diagnosis in both CPRD and HES, followed by AD and
VaD. Diabetes, cardiovascular complications were the most occurring comorbidities in
the dementia patients. I will explore the association of diabetes with dementia diagnosis

and other associated factors in the next chapter.
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Chapter 4: Time to event analysis of dementia diagnosis in diabetic patients

4.1 Introduction

Type 2 diabetes (IT2D) and dementia are two major health crises which are occurring
simultaneously, and evidence suggests that T2D and related features such as insulin
resistance are associated with increased dementia risk **'”. In my literature review on
dementia progression studies and preliminary analysis of HES data, diabetes was the top

comorbidity.

4.2 Objective

The objective was to identify the factors in patients with diabetes associated with the risk

of developing dementia.

4.3 Methods

4.3.1  Study design, data source and patient selection

The study is a retrospective longitudinal study using the hospital episode statistics (HES)
data for patients’ identification and their records for anti-diabetic medications from the
clinical practice research data (CPRD). Patients who were diagnosed with diabetes
between 01/01/1998 and 31/12/2007 were included. Patients who were diagnosed with
dementia or died before our index date of 01/01/2008 wete excluded. Only people who
were alive and were not diagnosed with dementia by 31/12/2007 were followed in the
study up to the study end date of 31/12/2017. The patient selection process is shown in
figure 14. A total of 68,055 patients met the inclusion and exclusion criteria. HES
admitted patient care (HES APC) records were used to identify patients with a diagnosis

of diabetes in their records using the ICD 10 codes for diabetes. ICD codes used for
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diabetes identification were E10, E11, E12, 0242, E13, E14, G590, G632, H280, H360,
M142, N083, 0240, 0241, and O243.

Anti-diabetic medication codes were identified by using the CPRD code browser to
identify product codes for anti-diabetic medications. In addition to Insulin the different
classes of anti-diabetic medications (ADD) were biguanides (metformin), sulfonylureas
such as glibenclamide, gliclazide, glimepiride, gliplizide, glinides (repaglidine), glitazones
(pioglitazone, rosiglitazone) and dipeptidyl peptidase-4 inhibitors such as saxagliptin,
sitagliptin and vildagliptins. The CPRD GOLD therapy file was then used to extract

information about the use of ADD for the patients identified with diabetes.

4.3.2  Patients’ characteristics

The sociodemographic characteristic of the included cohort is grouped into those with
and without dementia is shown in Table 6. The median age of the total cohort was 70 and
the cohort was comprised of ~ 54% men and 89% of the cohort was of white race.

The cumulative incidence of dementia between January 01, 2008, and December 31, 2017,
was 13.8% with majority of the dementia subtypes were coded as unspecified dementia
(50.3%) while vascular dementia was (19.4%) and Alzheimer’s dementia ICD codes were
present in 11.7% of the cohort included in the analysis. People who developed dementia

were mostly white (92.4%) and in the age groups of 75-84.
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Diabetes patients in
HES (N = 278,553)

Excluding patients with diabetes
prior to 01/01/1998
Y (n=173,387)
N = 105,166
Excluding patients who died
! before 01/01/2008
N=78,727 (n=126,439)
Excluding patients with
dementia diagnosis before
01/01/2008
N = 76,147 (n=2580)
Excluding patients <40
> years old
Final cohort used for the (n=8092)
study
N = 68,055

Figure 14: Selection of study sample.
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4.3.3  Covariates

Age is known to be associated with dementia and therefore, patients’ ages at the start of
follow—up (index date of 01/01/2008) were used and categorised into under 65, 65-69,
70-74, 75-79, 80-84, 85 and over. Ethnicity as recorded in hospital, was grouped into
white, Asian, Black, and mixed/other. Marital status was grouped into martied,
unmartied, unknown and widowed/separated. Patient practice region information was
also used in the model which group England into 11 different regions. I used this
information along with the index of multiple deprivation (IMD), which was grouped into
quintiles to understand the effect of socio-economic factors and the effect of patient care

for diabetes in different regions of England.

4.3.4 Exposure

Anti-diabetic drug exposure is the use of these medications during the year 2007. Patients
were classified as Y/N for exposure to insulin and oral anti diabetic drugs mentioned
above. The duration of diabetes was grouped into three categories: patients diagnosed
with diabetes between 01/01/2006 and 31/12/2007 were considered to be diabetic for
1-2 years by our study index date of 01/01/2008. Similatly, patients diagnosed between
01/01/2003 and 01/01/2006 were considered to be diabetic for 3-5 years while those
diagnosed between 01/01/1998 and 01/01/2003 for 6 or more years. The model was
also adjusted for other comorbidities such as cerebrovascular complications, obesity and

also for incident of hip fracture.
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4.4  Outcome

4.4.1 Time to dementia diagnosis

Dementia was defined as the first occurrence of the relevant ICD codes for dementia
from the index date of 01/01/2008. Patients were followed up for the occurrence of first
diagnosis of dementia. The ICD codes used for dementia identification are attached

[Appendix A].

4.5  Statistical analysis

A Cox proportional hazards model was used to calculate the hazard ratios (HRs) for the
effect of each predictor variable upon the occurrence of dementia after adjusting for
potential covariates. Patients were censored at the end date of the study (31/12/2017) or
if they died before the diagnosis of dementia. The overall crude incidence of dementia
diagnosis in diabetic patients over 40 between 2008 and 2017 was 18.9 cases per 1000-
person years and was calculated by dividing the total number of incident dementia cases
by the total time at risk for all the patients in the study. All data management and statistical

analyses were conducted using R 3.6 software 140,

4.6  Results

The Cox proportional hazard model was used to investigate the independent association
of different variables with the incidence of dementia in diabetic patients. Table 7 shows
the results from the Cox regression analysis. Men have a lower risk (HR, 0.87: CI 0.84-
0.91: p <0.001) and as expected old age was also a high risk for dementia. People in the
age group 75-79 years had almost 10 times higher risk (HR, 9.69: CI 8.93- 10.51, p <0.001)
compared to people under 65 years old. Similarly, people in the age group 80-84 had
almost 16 times higher risk (HR, 15.70; CI 14.46-17.05, p <0.001) and in the age group

85 and over more than 23 times higher risk (HR, 23.59; CI 21.65 — 25.70, p <0.001)
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compared to people under 65 years old. This means that at any time in the follow-up
dementia occurred in 23 times as many patients in the “85 & over” group with diabetes,
proportionally to the under 65 years old group.

The risk of dementia was lowered in the Asian ethnic minorities (HR, 0.64; C1 0.57 —0.72,
p <0.001) compared to the white race while black ethnic minorities risk was lowered
compared to white as well however, it was not statistically significant (HR, 0.98, CI 0.85-
1.12, p = 0.732).

People with diabetes who were widowed or separated had a significantly higher risk of
dementia (HR, 1.21; CI 1.09-1.35, p <0.001). The risk of dementia was significantly higher
in the greater London (HR, 1.19; CI 1.09 — 1.29, p <0.001), East Midland (HR, 1.15; CI
1.03-1.29, p 0.016), West Midland (HR ,1.14; CI 1.04-1.24, p 0.004) and Northwest of
England (HR 1.16; CI 1.08 — 1.26, p <0.001) regions [Figure 15]. Also, people living in
the areas which were among the 20% most deprived area (IMD quintile 4) were at
significantly higher risk (HR 1.18; CI 1.11-1.25; p<0.001) than people in the least deprived
areas (IMD quintile 1).

The risk of dementia was significantly less (HR, 0.89; CI 0.86-0.93; p <0.001) in patients
who had prior use of insulin or other anti-diabetic (ADD) medication (biguanides,
sulfonylureas, glitazones). The duration of diabetes was also significantly associated with
the development of dementia. With the 1-2 years of diabetes duration as the referent, the
HR of diabetes of the 3-5 years and 6 or more years were (HR, 1.14; CI 1.08-1.20; p
<0.001) and (HR, 1.24; CI 1.18-1.31, p <0.001) respectively. The presence of
cerebrovascular complications and incidence of hip fracture were also significantly
associated with the risk of dementia with a HR (95% CI) of 1.57 (1.43-1.71) and 1.51 (1.26

— 1.81). Obesity was not statistically significant with the risk of dementia.
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Table 6 : Comparison of baseline characteristics of patients with vs patients without

dementia
Dementia No dementia  Total
(n=9424) (n=58631) (n=68055)
Gender
el 5208 26327 31535
e (55.3%) (44.9%) (46.3%)
4216 32304 36520
Male
(44.7%) (55.1%) (53.7%)
Age
Mean (SD) 77.4 (8.73) 68.1 (11.9) 69.4 (11.9)
Age groups
22804 23596
Under 65 792 (8.4%
et boyIs B0 35.9%) (34.7%)
65-69 yrs 800 (8.5%) 8126 (13.9%) 8926 (13.1%)
1488 10362
70-74 8874 (15.1
™ (15.8%) (12 50my
2206 10208
75-79 8002 (13.6%
ye (23.4%) A36%) 15,00
2216
] 90 14 (11.8°
80-84 yrs @35%) 5798 9.9%) 8014 (11.8%)
1922 i .
85 & over 204%) 5027 8.6%) 6949 (10.2%)
Marital status
. 1246
Martied 43.2%) 8679 (14.8%) 9925 (14.6%)
Unknon 7609 47158 54767
(80.7%) (80.4%) (80.5%)
Unmatried 107 (1.1%) 927 (1.6%) 1034 (1.5%)
Widowed/separated 462 (4.9%) 1867 (32%) 2329 (3.4%)
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Dementia subtypes

Alzheimer's disease

Possible dementia
Rare dementia

Unspecified dementia type

Vascular dementia

England's regions

Southeast Coast

East Midlands

East of England

London
Northeast
Northwest
South Central

Southwest

West Midlands

1101
(11.7%)

1652
(17.5%)

102 (1.1%)

4743
(50.3%)

1826
(19.4%)

1221
(13.0%)

398 (4.2%)

1053
(11.2%)

1340
(14.2%)

208 (2.2%)

1642
(17.4%)

908 (9.6%)

1229
(13.0%)

1036
(11.0%)

79

0 (0%)

TAGT (12.7%)
2332 (4.0%)

6838 (11.7%)

7969 (13.6%)
1397 (2.4%)
9643 (16.4%)
6049 (10.3%)

7890 (13.5%)

6304 (10.8%)

Dementia No dementia  Total
(n=9424) (n=58631) (n=68055)
Ethnicities
White 8708 51831 60539
(92.4%) (88.4%) (89.0%)
Asian 316 (3.4%) 3510 (6.0%) 3826 (5.6%)
Black 236 (2.5%) 1342 (2.3%) 1578 (2.3%)
Others 164 (1.7%) 1948 (3.3%) 2112 (3.1%)

1101 (1.6%)

1652 (2.4%)
102 (0.1%)

4743 (7.0%)

1826 (2.7%)

8688 (12.8%0)
2730 (4.0%)

7891 (11.6%)

9309 (13.7%)

1605 (2.4%)

11285
(16.6%)

6957 (10.2%)

9119 (13.4%)

7340 (10.8%)



Dementia
(n=9424)

No dementia

(n=58631)

Total
(n=68055)

Yorkshire & the Humber

Index of Multiple Deprivation

1(least deprived

4(most deprived)

Missing

Diabetes duration

1-2 years

3-5 years

6 or more years

Prior Insulin/ADD use

Cerebrovascular

obesity

Hip fracture

389 (4.1%)

2153
(22.8%)

2495
(26.5%)

2375
(25.2%)

2395
(25.4%)

6 (0.1%)

2610
(27.7%)

3316
(35.2%)

3498
(37.1%)

5228
(55.5%)

504 (5.3%)

97 (1.0%)

121 (1.3%)

2742 (4.7%)

12901
(22.0%)

15768
(26.9%)

14992
(25.6%)

14891
(25.4%)

79 (0.1%)

18736
(32.0%)

20495
(35.0%)

19400
(33.1%)

35355
(60.3%)

2464 (4.2%)

1017 (1.7%)

353 (0.6%)

3131 (4.6%)

15054
(22.1%)

18263
(26.8%)

17367
(25.5%)

17286
(25.4%)

85 (0.1%)

21346
(31.4%)

23811
(35.0%)

22898
(33.6%)

40583
(59.6%)

2968 (4.4%)

1114 (1.6%)

474 (0.7%)
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hazard regression model

Table 7: Risk factors for dementia in diabetic patients: results from the Cox proportional

Characteristic HR?! 95% CI* p-value  PH Test
Gender 0.075
Female — —
Male 0.89 0.86,0.93 <0.001
Age 1.11 1.10,1.11 <0.001 0.083
Ethnicities 0.062
White — —
Asian 0.65 0.58,0.73 <0.001
Black 1.02 0.89, 1.17 0.8
Others 0.59 0.51, 0.69 <0.001
England Regions 0.4
East of England — —
Southeast Coast 1.05 0.97,1.14 0.2
East Midlands 1.16 1.03,1.30 0.011
London 1.20 1.11,1.31 <0.001
Northeast 1.05 0.90, 1.22 0.5
Northwest 1.17 1.08, 1.27 <0.001
South Central 1.04 095,114 0.4
Southwest 0.99 0.91, 1.07 0.7
West Midlands 1.14 1.05,1.24 0.003
Yorkshire & the Humber 0.97 0.86,1.09 0.6
Index of Multiple >0.9
deprivation
1(least deprived — —
2 1.02 0.96, 1.08 0.6
3 1.12 1.05,1.18 <0.001
4(most deprived) 1.20 1.13,1.27 <0.001
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Characteristic HR? 95% CI* p-value  PH Test
Missing 0.53 0.24,1.18 0.12
Diabetes Duration 0.2
1-2 years — —
3-5 years 1.12 1.07,1.18 <0.001
6 or more years 1.21 1.15,1.27 <0.001
Cerebrovascular 0.4
No — —
Yes 1.58 1.44,1.73 <0.001
Obesity 0.6
No — —
Yes 1.16 0.95,1.43 0.14
Hip fracture 0.5
No — —
Yes 1.38 1.15,1.65 <0.001

IHR = Hazard Ratio, Cl = Confidence Interval
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Figure 15: England’s regions with statistically significant hazard ratios for dementia.
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Figure 15 shows the regions in England which were statistically significantly associated
with the risk of dementia. The map also shows the areas of multiple deprivation (IMD)
deciles, and these regions contain the most deprived local authorities (orange/red
colours). The figure shows England’s regions in terms of their socioeconomic deprivation
and the regions coloured as red and dark red have areas which are in the most deprived
IMD levels, while the blue regions are least deprived. The numbers with 95% CI and p
values are the HR from the Cox regression model which shows the HR of these regions
for dementia diagnosis. As we can see these are the areas which are in most deprived
socioeconomic regions, and they are also the regions which are the diabetic hotspots and

high concentration of Black and Ethnic minorities population.

4.6.1 Proportional Hazard Assumption

The proportional hazard assumption was checked by including the hypothesis test (PH
Test column) in the model result table, which signifies whether the gradient differs from
zero for each variable. It is evident that no variable significantly differs from zero at the

5% significance level because the PH test values are greater than 0.05.

4.6.2 Competing Risk Regression

I also used a competing risk regression using the Fine-Gray model which gives us the
instantaneous rate of occurrence of the event of interest in subjects who have not yet
experienced an event of that type. Here, I considered death as a competing risk to
dementia diagnosis because patients can die before they are diagnosed with dementia and
preclude the occurrence of our event of interest. All other variables are kept the same as
the Cox proportional hazard model. I used competing risk regression to check what are

the factors which affect dementia diagnosis in diabetic patients. I used diabetic duration
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as a covariate and adjusted for the effect of age, sex, ethnicity, socioeconomic deprivation,
regions of england where the patients were getting care and their comorbidities such as

cerebrovascular, obesity and having the event of hip fracture.

Table 8 : Risk factors for dementia in diabetic patients: results from the
Competing risk regression model (Fine-Gray Model)

Characteristic HR! 95% CI* p-value
gender

Female — —

Male 0.83 0.80, 0.87 <0.001
Age 1.07 1.07,1.07 <0.001
Ethnicities

White — —

Asian 0.75 0.66, 0.84 <0.001

Black 122 1.07,1.39 0.003

Others 0.54 0.46, 0.63 <0.001

England Regions

East Midlands — —

East of England 0.89 0.79, 1.01 0.061
London 111 0.99, 1.25 0.068
Northeast 0.91 0.77,1.08 0.3
Northwest 1.03 0.92,1.15 0.6
South Central 0.90 0.80, 1.01 0.084
Southeast Coast 0.95 0.85, 1.07 0.4
Southwest 0.87 0.77,0.97 0.017
West Midlands 0.96 0.85, 1.08 0.5

Yorkshire & the Humber 0.83 0.72, 0.96 0.011

Index of Multiple
deprivation

1(least deprived — —
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Characteristic HR? 95% CI* p-value

2 0.98 0.92,1.04 0.4
3 1.05 0.98, 1.11 0.2
4(most deprived) 1.10 1.04, 1.17 0.002
Missing 0.44 0.20, 0.99 0.048

Diabetes Duration

1-2 years — —
3-5 years 1.10 1.04,1.15 <0.001
6 or more years 1.14 1.08, 1.20 <0.001

Cerebrovascular

No — —

Yes 1.07 0.98, 1.18 0.2
Obesity

No — —

Yes 0.96 0.79, 1.18 0.7

Hip fracture
No — —

Yes 1.08 0.88,1.31 0.5

IHR = Hazard Ratio, Cl = Confidence Interval

In the Cox proportional hazards model, the hazard ratio (HR) for dementia diagnosis for
black ethnic group, compared to white individuals was 1.02, with a 95% confidence
interval (CI) ranging from 0.89 to 1.17. The p-value was 0.8, indicating that there is no
statistically significant difference in the risk of dementia diagnosis between black and

white ethnic groups when death is treated as a censoring event.
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In the competing risks model, the sub-distribution hazard ratio (SHR) for dementia
diagnosis for black ethnic groups compared to white ethnic group is 1.22, with a 95%
confidence interval ranging from 1.07 to 1.39. The p-value is 0.003, indicating that there
is a statistically significant higher risk of dementia diagnosis for black individuals
compared to white individuals when accounting for the competing risk of death. The
Fine-Gray model specifically accounts for the presence of competing risks (in this case,
death). It provides sub-distribution hazard ratios that describe the effect of covariates on
the cumulative incidence function of the event of interest, accounting for the fact that
individuals who experience the competing event are no longer at risk for the event of
interest. The Competing Risks Model indicates that black ethnic individuals have a
significantly higher risk of being diagnosed with dementia compared to the white
individuals when considering that some individuals may die before being diagnosed. This
suggests that when accounting for the competing risk of death, the risk of dementia
diagnosis is actually higher for the black ethnic groups. The results from the competing
risk regression are slightly different with lower HR as shown in table 8 above.

The competing risks model provides a more nuanced and accurate understanding of the
risk of dementia diagnosis in the presence of the competing risk of death. The significant
result in the competing risks model highlights the importance of considering competing
events in survival analysis, especially when those events can affect the occurrence of the

primary event of interest.
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4.7  Discussion

In a time to event analysis, during a 10-year interval (01/01/2008 - 31/12/2017),
dementia developed in 13.85% of patients over the age of 40 who had diabetes from 1-2
years to 6 or more years. This was an exploratory study to better understand how diabetes-
related factors and sociodemographic factors in diabetic patients are associated with
dementia.

Increased risk of dementia was associated with increasing age, female gender, white race,
residence in the 3™ and 4™ quintiles of the most deprived 20% of small areas of England.
Diabetic patients who were widowed or separated were at higher risk of dementia. Also,
patients registered with practices in the Midlands, LLondon area and the Northwest of
England were also at statistically significant risk of dementia.

Among the clinical factors associated with the increased risk of dementia were the
duration of diabetes while the use of insulin and anti-diabetic medications were associated
with a decreased incidence of dementia. Similarly, exposure to cerebrovascular diseases
ot hip fracture had statistically significant associated risk of dementia.

Both dementia and diabetes are among the most prevalent diseases in the older population
1. Type 2 diabetes (T2D) is the most common diabetes type and it affects 422 million

142

people globally . Many studies including the Rotterdam study shows and support the
elevated risk of dementia associated with T2D P*P%1*1% Both diabetes and dementia are
long term conditions and it is estimated that by 2025, the number people with dementia
in the UK will rise over 1 million and people with diabetes are predicted to be over 5

million 145,146'
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I found that 13.85% of diabetic patients have dementia diagnosis codes over the 10 years
follow-up period with an incident rate of 18.9 cases per 1000-person years of follow-up.
A population-based study also found a 16% increased risk of dementia in newly diagnosed
diabetic patients aged over 65 '*'.

It has been established that age is an important risk factor for dementia '** and I found in
this study that the risk of dementia increased with age as explained in the results.

The incidence of dementia was 36% lower in the Asian ethnic group compared to the
white group. Asian people are exposed to several life style, genetic and environmental risk
factors for dementia such as cardiovascular, lower formal education when compared to
white group '*’. However, different cultural and genetic factors may contribute to the
difference in susceptibility to dementia '*’. Another factor for the lower incidence in the
Asian community can be attributed to the reluctance of getting a diagnosis because of the
stigma attached with dementia or the fear of moving into a care home ™.

People who had lost a partner through death or separation had a 21% higher risk of
dementia compared to married people. This association is similar to that reported by a

! which reported a 20% increased risk of dementia this group. Patients

meta-analysis
who were getting treatment for diabetes in the London, Midlands, and Northwest of
England, were at statistically significant higher risk of dementia. These are the regions
which are the most ethnically diverse with London having 40% of its residents belonging
to Black, Asian and minority ethnic groups (BAME), while West Midland, East Midland,
and North West regions have 17.4%, 11% and 10% respectively, according to the England
and Wales 2011 census "% Also, these regions are in the diabetic hotspots: in 2018/19
the Midlands had 7.6% of people on the NHS register as diabetic which is the highest in
England, the North West had a 7.2%, the third highest in England ">"'.  Similarly,
residents in the areas which were in the 20% most deprived 3™ or 4™ quintile (most

deprived) compared to quintile 1(least deprived) according to the index of multiple
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deprivation 2015, were at higher risk of dementia. Also, the above geographical regions
have the most deprived local authorities compared to other parts of England .

I found that an increased diabetes duration was associated with increase in dementia risk.
The risk of dementia increased from 14% in patients with diabetes for 3-5 years to 24%
in patients with diabetes for 6 or more years. Similar results were found by Bruce et al,
who found that dementia risk increased by 45% for every 5 years increase in diabetes

duration ¢

. These finding suggest that duration of diabetes is an important risk factor for
dementia.

I found the use of insulin and anti-diabetic medications significantly reduced the risk of
dementia. This results support those obtained by Beeri et al, who examined the brain
autopsies of diabetic and non-diabetic patients matched on age and sex and found that
individuals who had history of combined insulin and anti-diabetic medications had
significantly less amyloid plaques which suggests a possible beneficial effect of ADD
medication on AD pathology . Similarly, Hsu et al, conducted a study using data from
Taiwan’s National Insurance database of individuals aged 50 and over with both diabetic
and non-diabetic patients and found more than 2-fold increase in the risk of dementia in
individuals with type 2 diabetes. They also found that metformin use reduced the risk of
dementia by 24% compared to no-metformin use '**. I found that cerebrovascular was
associated with a 57% increase in risk of dementia. Similar results are shown in a

population-based study where they found a 2-fold increase in dementia by

cerebrovascular conditions .
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4.8  Strengths and limitations

The study has certain strengths such as the use of hospital episode statistics (HES) for
diagnosis identification and CPRD for information on exposure to anti-diabetic
medication. HES diagnoses are clinically validated. Secondly, the study has a large cohort
size and follow up duration of 10 years. The data used is geographically diverse and covers
different regions of England.

As this study was an exploratory study to better understand how diabetes-related factors
and sociodemographic factors in diabetic patients are associated with dementia. I was also
interested in diabetic-related medication use and variation in regional areas on the risk of
dementia and therefore, I only took into consideration diabetic patients and the risk of
incident dementia because my aim was to understand what are the factors within diabetic
population which are risk factors for dementia diagnosis, because diabetes was the most
prevalent comorbidity in my literature review of dementia studies and in my exploratory
analysis of primary care data . Therefore, the limitation of this study is that I only used
HES data for diagnoses and there was no matching of cohorts done based on age, sex, or
diagnosis date. The study also lacks important clinical data such as smoking, alcohol
consumption, BMI, genetic information which could be important factors affecting

dementia risk.

4.9 Conclusion

This was an explanatory study to understand diabetic patient’s risk of dementia. Much
more research is needed to explore the underlying risk factors using linked EHRs data.
The questions raised and the risk factors identified by this study have important

implications and warrant further investigation.
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Chapter 5: Multi-state modelling

In the traditional survival analysis, the model involves two states, alive and dead with only
one possible transition between them. In chapter 4, I used a traditional Cox model
because the outcome of interest was dementia diagnosis in the diabetic patients and the
different factors affecting the hazard of this outcome.

In other situations, we may be interested in two or more intermediate events (transient)
states, each of which represent a particular state of an illness or disease pathway.
Therefore, we might be interested in factors affecting the transition rates between the
different states ,i.e., the initial state, absorbing state(death) and all relevant intermediate
states between. Multi-state models are used when at each time point the individuals
occupy a particular state of an illness or disease pathway or when there are recurrent
events for example multiple hospitalisations or episodes of infections. The traditional Cox
model focuses on only one transition between the initial and the absorbing state and we
cannot say anything about the entirety of an individual especially their probability in a
specific state at certain point in time after the initial state. Multi-state models take this
holistic approach and extend the Cox model to what happens after the first event, which
then allows us to model the individual’s transitions between different states '. These
models allow us to model how a patient moves between states such hospital, discharge
out, and institutionalisation. In multi-state model an individual must be in a specific state
at a point in time and after the first transition the model consider the new hazard rate the

individual is at risk. The following diagram illustrates multi-state models.
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Figure 16 : Multi state models 160

The upper left model is a simple survival model, the upper right is sequential events
model, the lower left is competing risks where A is an initial state and D1, D2 and D3 are
different competing events, and the lower right is a multi-state illness-death model.

A multi-state process is a stochastic process (X(t), t € T) with a finite state space S =
{1....N}. Here T = {0,1,2, ...}, if the process is in discrete time and T = (0, o) , if the
process is in continuous time. X is the state of the process at time t and takes values from

a finite state space S= {1....S). We can define the history of the process until time S, to

be
Hy ={Y(u);0 <u < s}

The history up until time s (Hs) will be generated with the evolution of the process over
time and will consist of the observation of the process over the interval [0,t), the states

visited over time and its transitions.
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The multi-state process is fully characterised through transition probabilities or through
transition intensities. The transition probabilities between states h and j can be calculated

as follows:

Pyj(s,t) = P(X(¢) = j | X(s) = h, H-)

forh,j €S,
This is the probability of the process being in state “j”” at time t, given that it was in state

“h” at time s and conditional on the past trajectory before time s.

The transition intensities can be defined as

- (Pyi(t t + At)
@y (£) = Jim (T)

Which represents the instantaneous hazard of moving to state j conditional on occupying

state h.

5.1 Model Assumptions

Different assumptions can be made about the dependence of the transition rates (1) on

time. These include.

5.1.1 Time homogenous models:
The intensities are constant over time, ie., independent of t. Each transition
probability, Pp; (s,t), in a time-homogenous model depends only on t—s, that is,

Ph]-(s,t) = Ph] (O, t— S).
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5.1.2

Markov models

The transition intensities only depend on the history of the process through the
current state. This simply means that the probability that a life now aged x will be
in a particular state at any future time x+t depends only on the age x and the state
currently occupied.

The behaviour of subsequent cycles or states depends only on its description in
that cycle, i.e., the process has no memory for earlier cycles. For a multi-state
model this means that, given the present state and the event history of a patient,
the next state to be visited and the time at which this will occur will only depend
on the present state. Another example to think of is that the future development
of a ‘diseased’ individual at time t depends on the past only through the time
elapsed since time origin (i.e., t and the fact that the individual is currently
diseased) and not on the time span the individual has already been ill.

The Markov property assumes that the future depends on the history only
through the present. Put another way, the Markov model adopts the homogeneity
assumption by disregarding the pathway by which the previous event was reached.
It is therefore time-homogenous (or time-stationary). In a multi-state model, it
means that, given the present state and the event history of a subject, the next
state that the subject will visit and the time at which that will occur will be
dependent only on the present state that the subject is in.

Strictly speaking, only the clock-forward models can be Markov models.

For clock-reset models the Markov property cannot hold since the time itself

depends on the history through the time since the current state was reached.
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5.1.3

5.2

Semi-Markov models:
In Semi-Markov models, the duration times are dependent on the history of the

process up to the present state and the duration or time since entry into that state.

So, the future evolution not only depends on the current state h, but also on the
entry time ty into state h. This results in a sequence of embedded Markov
models, often referred to as Markov renewal models or semi-Markov model.
Therefore, we can consider intensity functions of the general form @pj (&, t-th )
or the special homogenous case @nj ( t-th ). There are also extended Matkov
models, which involve for example, consideration of how the order of states
visited influences transition rates, and there are models that allows the survival
times to depend on the times at which earlier states have been entered. For
example, in the model of transition rate from local recurrence and distant

metastasis to death can vary according to a patient experiencing local recurrence

. 159
before or after metastasis

Stratified baseline hazard

A multi-state model is different from a standard Cox model because in multi-state
models the baseline hazard is stratified for each of the allowed transitions within

the model. In the traditional Cox model, since there is a single transition, only one
baseline hazard O(o(t) is estimated. However, in a multi-state model, a separate

a O(t) or baseline hazard is estimated for each transition g, where t is the time, an
q

. .. . 159
individual has been at risk .
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Transition-specific covariates

un
O

In multi-state models there is a transition specific covariate effect, Zq. Here the q
represents every possible transition in the model. The transition-specific covariate
effect allows us to have a different effect by each covariate for each transition. For
example, severe frailty may reduce the rate of institutionalisation but increase the
risk of hospitalisation or death.

The hazard rate or intensity in a multi-state model is given by
T
— Z
aq(t) = aqo(t)eﬁ a (3)

age® is separate baseline hazard in multi-state model and is estimated for each
q

possible transition q, and t continues to refer to the amount of time that a subject

has been at risk. And Zq is the transition-specific covariate effect where q is every

possible transition in the model. We can also write the above equation as

Aijie(E 1 X)) = Ao jie (D) exp{X; ()" Bjic}

The right side of the above equation is the relative rate of regression and provides the
relative rate (RR).

The cumulative hazard is also important and is estimated for transition i = j as:

t

Hy () = f ai; (s)ds
0
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Here S is the number of states within the model and u denotes all the transitions within

some time interval (s,t] '

This gives us the state occupation probabilities, ,i.e., the
probability of being in a state at time t. In the standard two state Cox-model we can
compute the cumulative hazard as 1 minus the Kaplan-Meier estimate of survival
probability. In multi-state models with competing events and several transitions we can
use the Aalen-Johansen estimator to estimate the cumulative hazard which then gives us
the probability of being in a state at a specific time, which is an important quantity of
interest in multi-state models. The Aalen-Johansen estimator is a generalisation of the

Kaplan-Meier estimator to multi-state models '

Aalen-Johansen is a product integral
approach, and it gives us a vector p(t), which contains the probability of being in a state
at time t. So, for each transition or event, the rate of transition is l;;(t) ,i.e., the fraction
of individuals transitioning from state i to state j at time t, among those who are in state i

just prior to time t. These transition probabilities are combined in a transition probability

matrix P(s,t). We can estimate the transition probability matrix P(s,t) as

P(s,t) = 1_[ (14 44Aw))

Uue(s,t]

In the above (s,t] denotes the time interval and u indicates all event times in (s,t] and
therefore, the matrix contains elements of the probability of transition from each state to

every other state within the time interval (s,t]'®*

. The transition probabilities are based on
the hazard rates, and these vary over time, these probabilities as well and therefore, the

probability of an event at time t might be quite different than at time t+10.
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5.4  Usefulness of multi-state models

Multi-state models are useful because they extend the traditional Cox models because
these models can handle recurrent events and also offer the flexibility of predicting
probabilities in some future time from the entry state. Multi-state models are of interest
when we want to estimate the rate of transitions between states, i.e., how quickly will a
patient move from one state to another, the probability of transition to a state, and the
effects of different covariates on each of the possible transitions in a model. We will look

at all of these factors which make multi-state models flexible and innovative.

-

5.4.1 Stratified baseline hazard

In multi-state models, the underlying baseline hazard is stratified for each of the possible
transitions in the model. A separate baseline hazard, g0 (¢) is estimated for each
transition g, where t is the time that the individual has been at risk. The traditional Cox

model can take only one baseline hazard, g (t) because there is only one transition and
therefore no q (transition) subscript. This allows us to accommodate the fact that the
transition probability say from state 1 to state 2 is different than from state 1 to state 3.
Stratification also is important when the model has repeated transitions for example,
multiple hospitalisations. The rate or intensity at which a patient experiences the first

hospitalisation may differ from the rate at which the individual experiences the 4™ or 5®

s 163
hospitalisation

5.4.2  Transition-specific covariate estimates.

The multi-state model includes transition-specific covariates, Zq, where q indexes every
possible transition in the model as shown in equation (3) above. This allows each covariate
in the model to have different effect on different transitions in the model. For example,

some x might decrease the risk of transitioning from hospital to a long-term institution
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but might increase the rate of transitioning from hospital to the death state. So, as
discussed above, the baseline hazard varies in multi-state models, but the effect of each
independent covariate also does: the same covariate may exert a different effect on the
rate of one transition from another. For example, increasing frailty may have a different
effect on transitioning from hospital to a nursing home then discharge to patient’s own

home.

5.4.3 Transition probabilities.

One of the main advantages of multi-state models is their ability to accommodate
predictions at different time points. We have several different states of interest in a multi-
state model which we consider simultaneously, and this allows us to predict the state
occupancy probabilities at a given time point. It also allows us to make dynamic
predictions of the probability in a specific state as time elapses. Therefore, we can
compare the prediction for the rate of transition to a state, e.g., death from the initial state
or from an intermediate state in the model. In multi-state models, the estimation of
probabilities of being in different states at various time points is important for
understanding the dynamic transitions between states over time. These probabilities
provide valuable information about the likelihood of an individual being in a certain state
at a given time, which can be useful for clinical decision-making, prognosis, and health

policy planning.

The estimated probabilities in multi-state models are typically obtained from non-
parametric methods, such as the Aalen-Johansen estimator '** | which is used to estimate

the transition probabilities between different states at different time points.
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The Aalen-Johansen estimator is a widely used non-parametric estimator in multi-state
models. It estimates the cumulative transition probabilities between different states by
considering the observed transitions, the number of individuals at risk of transitioning at
each time point, and the duration of time intervals between observations. The estimator
is based on counting the number of observed transitions and the number of individuals
still at risk of transitioning at each time point, and it uses a stepwise approach to estimate

the cumulative transition probabilities.

These estimated probabilities of being in different states at different time points provide
important information for understanding the patterns of transitions between states in
multi-state models and can be used to estimate various quantities of interest, such as

survival probabilities, sojourn times, and other relevant clinical or policy measures.

In traditional time-to-event analysis we have only one transition but in multi-state models
since we have more than two states and transitions, we need to aggregate the risk of each
transition in the model. For example, in an illness-death model, individuals can transition
to the death state from the “well” state or from the “illness” state and the multi-state
model allow us to estimate an individual’s transition probability for the death state taking
into consideration the two transitions through which an individual can arrive in the death
state. Therefore, by using multi-state model we can estimate an individual’s probability of

165 The transition

being in a specific state at a specific time t, t+1, t+2 and so on
probabilities help us estimate an aggregate transition probability in state when there are
multiple transitions coming into a state which could be direct transition or indirect
transition through another state. The transition probabilities are based on the following
information.

(1) The fact that the baseline hazard is allowed to vary for each transition in the multi-

state model, therefore, the current state occupied by an individual may have an
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impact on their probability to transition to a subsequent state. For example, in a
model where the states are hospital, discharge home, discharge to a nursing home
and death, if the patients are being discharged quickly to their home but the
transition from a nursing home to their own home is protracted, then an
individual’s probability of occupying the state “discharged home” will be different
depending on the individual’s current state.

(2) The second information needed to estimate the transition probabilities is the time
frame for which we need the estimation. Do we need the transition probability to
start from the initial time at the start of the study or after some time has elapse.
For example, are we interested in the probability at age 60 or at dementia diagnosis
or at age 80 or 10 years after the diagnosis of dementia.

(3) Covariates values of interest that is by providing a set of covariate values at which
to obtain a prediction i.e., giving specific values of patient’s covariates such as age,
sex, and values for other prognostic factors to obtain the prediction for that
specific profile of person. This allows us to predict the effect of a particular

covariate in a specific transition but on the process as a whole.

In this chapter I described the theory of multi-state model, its assumptions and usefulness.
I described how it is the right statistical model to use for our data since we have recurrent
events, and we are interested in not only the hazard ratios but also in the probability of
transition into a particular state over time. It also gives us the option to then predict the
probabilities of transitioning into a particular state over time for specific profiles of
patients. In the next chapter I will utilise the multi-state model for our dementia patients’
data to estimate their rates of transition into the different states of our model and their

probabilities over time.
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Chapter 6: Multi-state model with FElectronic Health

Record data on dementia patients

In the previous chapter I described some of the aspects and benefits of multi-state
modelling. In this chapter I will use the multi-state model to understand the influence of
a dementia patient’s risk profiles on hospital readmission, discharge to a long-term care
institution (LTC) directly from hospital and death. I will be using the dementia patients
identified in the primary care (CPRD) and using their hospitalisation record from the
hospital episode statistics (HES) data. The influence of different patient’s characteristics
on these outcomes is largely unknown and by using a multi-state model, I will be able to
jointly evaluate the impact of the different risk factors on the rate of transitions between
hospital, LTC, and death.

Multi-state models are useful when analysing data on individuals who can move between
different states over time. In the case of dementia patients, they can transition between
different health states, such as being at home, being hospitalized, being institutionalized,
and experiencing mortality.

Using a multi-state model to analyse these transitions allows for the simultaneous
modelling of multiple outcomes, such as hospitalization, institutionalization, and
mortality, in a single model. This has several advantages over analysing these outcomes
separately:

Accounting for competing risks. When analysing multiple outcomes separately, it is important
to account for the fact that individuals may experience different outcomes that are
mutually exclusive. For example, if we analyse hospitalization and mortality separately, we
need to account for the fact that an individual who is hospitalized may also die, and that

these outcomes compete with each other. Multi-state models can account for this
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competition between outcomes and provide more accurate estimates of the probability
of each outcome.

Modelling the natural history of disease Multi-state models allow us to model the natural history
of a disease, including the different stages of the disease and the transitions between these
stages. In the case of dementia patients, we can model the progression of the disease and
the different health states that patients may experience over time.

Estimating the effect of interventions Multi-state models can be used to estimate the effect of
interventions on different health outcomes. For example, we can use a multi-state model
to estimate the effect of a particular intervention such as home care on the probability of
hospitalization, institutionalization, and mortality.

Overall, using a multi-state model to model dementia patients' hospitalizations,
institutionalization, and mortality simultaneously allows for a more comprehensive
analysis of the natural history of the disease and the effect of different interventions on

multiple health outcomes.

Multi-state models have been used in heart failure studies using administrative data "%

however, in dementia studies, the use of multi-state models are scarce.

169

One study by Commenges et al (2004) ™, used a multi-state model for dementia,
institutionalization and death using data from cohort studies. Their model starts with non-
dementia patients living at home as the initial state and patients can then transition to
dementia, institutionalised and death. They used simulated data to demonstrate the
feasibility of using multi-state models and intended to use this model with the Paquid
study data to study the relationship between dementia and institutionalization. The second
study used home-dwelling persons with dementia from the Norwegian Registry of
Persons Assessed for Cognitive Symptoms (NorCog) . The objective was to estimate

the transition times from dementia diagnosis to nursing home admission or death and to
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examine whether sex, education, marital status, cognitive impairment, and dementia

aetiology are associated with transition times.

Another study using a multi-state model to study dementia is a cross-sectional study on
participants from the Mayo clinic study of aging without dementia at baseline to estimate

! "The aim was to estimate the

four different age-specific biomarker state transition rates
rates of transition from a less to a more abnormal biomarker state by age in individuals
without dementia and to assess the rates of transition to dementia from an abnormal state.

The found that brain ageing is an inevitable acceleration towards worst biomarkers and

clinical states.

The fourth study using a multi-state model used the same data as in the second study
described above and endpoints were time to dementia and death '™ and using covariates
such as amyloid burden, APOE-4, sex, education and cardiovascular/metabolic
conditions (CMC). They estimated rates of incident dementia and mortality and found
that high amyloid, APOE-4 and being a woman, old age and having two additional CMC
were associated with the increased hazard of dementia. Men with or without dementia

had a higher mortality than women.

All the above studies used data from cohort studies and were following non-dementia
patients and using biomarkers data with single transitions between the different states of
the models. Due to the nature of our data which is hospital admissions and discharge
when a patient can be admitted several times to hospital and discharged to a care
institution and admitted back to hospital several times, we need a model which can
accommodate the multiple transitions between the states which can simultaneously model
hospital admission, discharge out, discharge to a care institution and mortality. The model

will allow us to estimate multiple readmission rates to both hospital and nursing home or
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other care institutions directly from hospital. All the above mentioned studies did not use
hospital admission and discharge data and did not consider multiple times a patient can

transition between hospital and care institution which characterise dementia "™'™.

6.1 Introduction

Dementia is a progressive disorder which leads to loss of independence and eventually
death. We have witnessed an increase in dementia cases in most developed countries due
to better healthcare and decreased mortality. Due to the increased life expectancy more
people are in a state of dependency and therefore, an increasing demand on formal and
informal care. Formal care can be in an institutional setting or in the community and
referred to as institutional care and community care respectively. In this study I used the
term “institutionalisation” which refers to receiving care in a long-term residential facility.
In England it includes NHS-run and privately run residential nursing homes. Similarly,
care provided in the patient’s own home is known as home care. Home care allows older
people to stay at their own homes and keep their social network and independence which
is good for their quality of life. Also, studies have reported that after accounting for the
hidden informal care providers cost, that home care cost is significantly lower than care

provided in the institutional settings' ™'

. This could be of interest to service providers
and policy makers to save resources and make the care of dementia patients more efficient
by increasing their quality of life by delaying institutionalisation and support them in their
home for as long as possible.

Numerous factors are associated with dementia progression leading to institutional care
admission and understanding of the factors affecting time to nursing home admission and
related factors are of key importance to dementia patients and their families. In this

analysis due to the nature of data at hand, I focus on discharge to institutional care from

hospital. Discharge to a long-term care institution directly from hospital is something the
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UK health policy advises against '’ but occurs quite often for example, according to the
information service department of Scotland report from 2009-2015, 45% of people
admitted to long-term care institutions came directly from hospital however, this number
is down to 39% in their report in 2019'"". Looking into the factors and predictors of long-
term care discharge directly from hospital can potentially help service planning, and better
understanding of the institutionalisation of dementia patients.

Different predictors of institutionalisation have been reported in the literature. These
include age, sex, socioeconomic status, care giver characteristics, number of prescriptions,
length of hospital stay, functional impairment, level of education ™",

We know that the diagnosis of dementia plays a vital role in institutionalisation, and it is
well-documented'® but the factors which mediate the rate of institutionalisation and
death are not scrutinized. Our hypothesis is that within dementia patients the risk of
institutionalisation and death is partially mediated by long hospital stay and admission due
to injury. Also, we are interested to see if interventions such as home care, i.e., having an
informal or formal carers at their usual place of living helps to delay institutionalisation
and death in dementia patients. Identifying predictors of institution admission directly
from hospital can potentially help planning, identification of targets to prevent long-term
care admission and providing support to those at risk of this transition. It will also be of

interest to service providers and policy makers.
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6.2 Data and Methods

Dementia patients were identified in the primary care CPRD (Clinical Practice Research
Datalink) and then their hospitalisation records were accessed in the hospital episode
statistics (HES) data source. Patients diagnosed with dementia on or after 01/01/1998
were included if they had hospital records after their dementia diagnosis and had stayed
in the hospital for at least a day. This gave a final 40,017 dementia patients to include in
the analysis. The cohort selection is described in figure 17. Dementia patients were
identified in CPRD using Read codes and in HES using ICD-10 codes listed in the
appendix A tables 12 and 13. The information on institutionalisation from hospitals is
derived from the HES data discharge destination codes as described in table 8 below.
From the discharge destination codes we are able to tell whether a patient was discharged
directly to a care institution such as a nursing home or other long-term accommodation

where care is provided.
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Table 9: Discharge destination codes used for

determining institutionalization.

Discharge destination (disdest) Code used in HES
NHS run nursing home, residential | 54
accommodation, or group home

Local authority residential accommodation | 65
where care is provided

Local authority foster care, residential | 66
accommodation where care is provided

Local authority home or care 69
Non-NHS run residential care homes | 85
(1996-1997)

Non-NHS run nursing home (1997 to | 86
2007)

Non-NHS run hospice 88
Non-NHS run institution 89
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Eligible dementia patients
from CPRD with hospital
records in HES after their
dementia diagnosis
42,829

Excluded 2,812
patients: Hospital stay
was less then 1 day

Final number of participants in
the study
40,017

Figure 17 : Cohort selection process
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6.3  Statistical methods

To characterise the association between patients’ characteristics and hospital discharge to
home or to a long-term institution and mortality, we adopt a multi-state Markov model
describing how an individual moves between the different states. Suppose an individual
is in state S(t) at time t and the next state to which he/she moves, and the time of change,
are governed by a set of transition intensities qg(t) , 1,5 = 1,...., R. These intensities or
hazards represent the instantaneous risk of transitioning from state r to state s. This could
depend on the time t since the start of the process, patient characteristics z(t), and also
could be the “history” of the process up to that point Ht which is the previous states

visited by the individual and the time spent in them. Therefore,
Grs() = Jim _P(S(t+ d ) = 5[S() = n/dt

These are the elements of a R x R matrix Q(t) whose rows sum to zero, so that the
diagonal entries are defined by qpp(t) = - Xiprs rs (1), and qp (£)=0 if a transition from
state r to state s is not allowed and the patient will remain in state r as no transition is

taking place.

When studying the transition intensities from hospital to a long-term care institution,
death is a competing risk that cannot be ignored. People who die in hospital before being
discharged to a long-term care institution will be censored in standard survival analysis.
However, an important assumption of traditional time-to-events models such as Cox
model is the non-informative censoring assumption, which means that censoring is
independent of health status and assumes that the censored individuals are representative
of those still at risk '®'**, This assumption is violated if dementia patients are censored

due to death. Therefore, to account for the competing risks and also the fact that we have
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repeating transitions, I applied Markov multi-state model. Instead of the Kaplan-Meier,

as in the Cox model, I will be using Aalen-Johansen estimator '**.

6.3.1 Structure of the model

Death

Hospital

Institution

/
™~ "
| wuten

Figure 18: Model structure

The state space is made of all possible events described in the dataset.
Patients are in the “Out” state when they are either discharged out of hospital or
out of institution before admitting to hospital again.
Institutionalisation in the above model refers to receiving care in a long-term care
institution (LTCI)

There are 9 permitted transitions between the model states. Each patient starts in the
hospital which is the index hospital admission after their dementia diagnosis date. From
there they can be either discharged to an institution or discharged home or die while in
hospital. They can be admitted to hospital again from an institution or once discharged
out of hospital. Similarly, if they were discharged to an institution directly from hospital
but their next hospital admission was not from an institution then that means they were
discharged out of institution (institution = Out) and then admitted to hospital once out

of institution. There transitions were determined using the HES discharged destination
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and admission source codes. Each transition is a survival model, and the state the person
is in, impacts the probability of the next transition (Figure 19). We can investigate the
effect of different covariates on each transition in this multi-state model and so the model
secks to detect the impact of patient characteristics on the risk of moving within these
states. Death is an absorbing state in the model, and it is a competing event with respect
to all other transitions in the model.I used the survival package 3.3-1 ' in R* and the
data was reshaped to a counting process dataset using the tmerge function in the package.
In the counting process dataset, there is one row for each transition for which the patient
is at risk. All the patients in the model start as not living in institutional care after their
dementia diagnosis (time 0) and the model then estimates the probability for each
transition. Thus, unlike traditional survival models, which only estimate hazard ratios on

a relative scale, a multi-state model also allows us to estimate the absolute probabilities.

The covariates used in the model include patient demographics data, prior use of anti-
cardiovascular and anti-diabetic drugs because this will tell us if they are suffering from
any cardiovascular diseases or are diabetic which could affect the hazard rate of different
transitions in the model. Apart from that I used electronic frailty index (eFI) score,
dementia subtype information, socioeconomic deprivations (Index of Multiple Derivation
(IMD)) and also the hypothesized mediators which are admission due to injury and long
hospital stay ¥ (>= 12 days as per Alzheimer’s society UK). The eFI score was estimated
based on the methods developed by Clegg at al '**. The methods use 36 deficits using
diagnostic codes and then the frailty scores were used to classify patients into different
frailty categories such as fit (eFI score of 0-0.12), mild frailty (eFI: >0.12-0.24), moderate
frailty (eFI: >0.24 -0.36) and severe frailty (eFI: >0.36). For the socioeconomic

deprivation, I used the index of multiple deprivation (IMD) 2015, which was grouped
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into quintiles to group patients into IMD categories of 1 (least deprived), 2, 3, and 4 (most

deprived).

Other covariates included in the model were: whether the patient was admitted back to
hospital within 30 days or not, whether the admission was due to an injury and whether
an individual was receiving home care or not. The last two covariates 1 hypothesise are
mediators which influence the institutionalisation and mortality within dementia patients.
Also, my aim was to look at the role of receiving home care in preventing/delaying
institutionalisation and delaying mortality. The 30-day readmission, longer stay hospital
admission, and admission due to an injury were all treated as binary variables, and they
were also kept as time-varying variables as people could be admitted to hospital on

multiple occasions for different reasons and for varying length of stay.

There are different packages in the available software’s such as R, Stata and SAS, which
can be used for multi-state modelling. Below is a comparison of packages available in R,
Stata, and SAS for implementing multi-state models, along with their features and
limitations. I used the Survival package in R because of its simplicity and the availability
of function for data preparation, time-varying covariates adjustment and methods for

competing risk availability.
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Table 10: : A general overview of packages in different software tools for implementing multi-state models

Package Language | Functionality Limitations

R

mstate R Fit multi-state Limited support for time-varying
models, visualize covariates
transitions

msm R Fit multi-state Limited support for competing risks,
models, simulate time-varying covariates
data

survival R Fit multi-state Limited flexibility in modeling
models, Cox complex multi-state scenarios, may
models, Kaplan- require additional packages for certain
Meier estimator functionalities, good for competing

risks, time-varying covariates

M R Joint modeling of | Requires additional packages for
longitudinal and certain functionalities
time-to-event data

flexsurv R Flexible parametric | May require additional coding for
survival models complex multi-state models

Stata

stjm Stata Joint modeling of | Limited flexibility in modeling
longitudinal and complex multi-state scenarios
time-to-event data

stcompeting | Stata Competing risks May require additional coding for
analysis complex multi-state models

stcrreg Stata Cox regression for | Limited support for complex multi-
competing risks state models

stpm2 Stata Parametric multi- Limited support for non-parametric
state models models, time-varying covariates

SAS

PROC SAS Cox proportional | Limited support for multi-state

PHREG hazards regression | models

PROC SAS Generalized linear | Limited support for multi-state

GENMOD models models

PROC SAS Kaplan-Meier Limited support for multi-state

LIFETEST estimator, log-rank | models
test

PROC SAS Interval-censored | Limited support for multi-state

ICPHREG proportional models
hazards model
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6.4 Outcomes

The outcomes from the multi-state model were to look at the relationship of different
covariates with institutionalisation directly from hospital, rehospitalization and mortality
in dementia patients over the age of 60 in the UK electronic health record. Each dementia
patient was followed from their dementia diagnosis until their last hospital discharge or
date of death. Our focus was on the overall hospitalisation in real-world setting to
understand the total morbidity burden of dementia patients. I looked at the effect of
covariates in the model on the rate of transitions between the different states of the model.
Also, I'looked at the probabilities in states for specific points in time in terms of absolute
probabilities of being in a specific state and the effect of different covariates on these
probabilities. The multi-state model also gave us the opportunity to estimate predictions
for different profiles of patients, the chance of being in a certain state at some time point
after dementia diagnosis. The model provides a description of the dementia patients
admission-discharge dynamics looking at which covariates affect certain transitions and
how they affect the relative risk (Hazard Ratios, HRs) as well as the risk, i.e., the
instantaneous probabilities (absolute risk) of transitioning from one state to another.
Understanding the factors affecting the rates of hospitalisation, institutionalisation and
death are important for newly diagnosed dementia patients, their carers, and family. Also,
the government and care providers want to delay institutionalisation and support
dementia patients in their homes for as long as possible by providing home care. This
model also helps us in understanding the effect of home care on institutionalisation and
mortality. This information is important for policymakers and service providers because
providing home care is significantly lower than institutional care even after accounting for
the hidden cost of informal care '"%'"* In the statistical models, I was interested in the
factors affecting all-cause hospitalisation, institutionalisation, and all-cause mortality. To

improve our understanding of the factors affecting these transitions, and the prognosis
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and impact of the different factors affecting these transitions, we need a comprehensive
model which must include both the fatal and non-fatal clinical events. Therefore, a model
which considers all possible events and transitions and can assess their dependence on

important clinical factors is required.

6.5 Results

6.5.1  Descriptive analysis

A total of 40,017 dementia patients with hospitalisation records after their dementia
diagnosis were identified. The characteristics of the cohort are described in table 9. The
cohort consists of pre-dominantly female dementia patients with 66.8%, while males were
only 33.2%. The mean age at diagnosis for men was 80 while for women it was 82 years.
Compared to female dementia patients, male patients had a higher prevalence of vascular
dementia (7.4% in men vs 4.5% in women), exposure to anti-diabetics (9.6% vs 5.9%)
and exposure to anti-cardiovascular drugs (61% vs 54.8%) in the year before dementia
diagnosis. The electronic frailty Index (eFI) score showed that more women were in the
fit category than men (19% vs 16.5%) and more men than women were in the severely
frail category (37.7% vs 35%). More men died then women during the follow-up
period(86.2% vs 83.7%) and more women died in care homes compared to men (50.1%
vs 42.6%) and more men died in hospitals/non-psychiatric places then women (37.4% vs

28.7%).
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Table 11: Descriptive statistics of the cohort demographics

Characteristic Overall, N =40,017' Female, N =26,732! Male, N =13,285! p-value?
Age at dementia diagnosis 81 (7) 82 (7) 80 (7) <0.001
Home care 0.006
8,582 (21%) 5,839 (22%) 2,743 (21%)
Follow-up (Months) 55 (39) 58 (40) 50 (37) <0.001
Dementia subtypes <0.001
Unspecified dementia type 19,881 (50%) 13,614 (51%) 6,267 (47%)
Alzheimer’s disease 17,415 (44%) 11,682 (44%) 5,733 (43%)
Rare dementia 526 (1.3%) 220 (0.8%) 306 (2.3%)
Vascular dementia 2,195 (5.5%) 1,216 (4.5%) 979 (7.4%)
Prior use of anti-diabetics <0.001
2,860 (7.1%) 1,587 (5.9%) 1,273 (9.6%)
Prior use of anti-cardiovascular drugs <0.001
22,761 (57%) 14,657 (55%) 8,104 (61%)
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Characteristic

Overall, N = 40,017 Female, N =26,732' Male, N = 13,285' p-value?

Electronic Frailty Index (eFl)
Fit
Mild frailty
Moderate frailty
Severe frailty

Place of death (POD)
Care home
Home/Elsewhere
Hospital/Non-Psychiatric

Psychiatric Places

7,296 (18%)
10,128 (25%)
8,231 (21%)
14,362 (36%)

19,045 (48%)
8,126 (20%)
12,629 (32%)

217 (0.5%)

5,102 (19%)
6,827 (26%)
5,452 (20%)
9,351 (35%)

13,384 (50%)
5,566 (21%)
7,667 (29%)

115 (0.4%)

2,194 (17%)
3,301 (25%)
2,779 (21%)
5,011 (38%)

5,661 (43%)
2,560 (19%)
4,962 (37%)
102 (0.8%)

<0.001

<0.001

IMean (SD); n (%)

2Wilcoxon rank sum test; Pearson's Chi-squared test
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Table 12: Descriptive analysis of all cause rehospitalizations

Characteristic Overall, N = Index Hospitalisation, One Rehospitalisations, Two Rehospitalisation, -ILZIrweoes italisat?(r)ns Nmore p-
40,0171 N = 14,4961 N =10,128! N = 6,136 9 2571 P ' value?
Gender <0.001
Female 26,732 9,842 (68%) 6,866 (68%) 4,090 (67%) 5,934 (64%)
(67%)
Age at dementia 81 (7) 82 (7) 81 (7) 81 (7) 80 (7) <0.001
diagnosis
Home care 8,582 (21%) 2,550 (18%) 2,019 (20%) 1,416 (23%) 2,597 (28%) <0.001
Follow-up (Months) 55 (39) 43 (36) 52 (37) 60 (38) 73 (41) <0.001
Dementia subtypes <0.001
Unspecified dementia 19,881 7,348 (51%) 5,057 (50%) 2,998 (49%) 4,478 (48%)
type (50%)
Alzheimer’s disease 17,415 6,244 (43%) 4,413 (44%) 2,738 (45%) 4,020 (43%)
(44%)
Rare dementia 526 (1.3%) 188 (1.3%) 129 (1.3%) 69 (1.1%) 140 (1.5%)
Vascular dementia 2,195 (5.5%) 716 (4.9%) 529 (5.2%) 331 (5.4%) 619 (6.7%)
Prior use of anti-diabetics <0.001
2,860 (7.1%) 910 (6.3%) 710 (7.0%) 443 (7.2%) 797 (8.6%)
Prior use of anti- 22,761 8,531 (59%) 5,697 (56%) 3,414 (56%) 5,119 (55%) <0.001
cardiovascular drugs (57%)
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Index Hospitalisation,

N = 14,496

One Rehospitalisations,

N =10,128!

Two Rehospitalisation,

N = 6,136

Three

Rehospitalisations,

9,257%

value?

L Overall, N =
Characteristic 40,0171
Electronic Frailty Index
(eFl)

Fit 7,296 (18%)
Mild frailty 10,128
(25%)
Moderate frailty 8,231 (21%)
Severe frailty 14,362
(36%)
Admission due to injury 15,422
(39%)
Place of death (POD)
Care home 19,045
(48%)
Home/Elsewhere 8,126 (20%)
Hospital/Non-Psychiatric 12,629
(32%)
Psychiatric Places 217 (0.5%)

2,209 (15%)

3,528 (24%)

3,220 (22%)

5,539 (38%)

3,368 (23%)

6,852 (47%)

3,132 (22%)

4,411 (30%)

101 (0.7%)

1,809 (18%)

2,646 (26%)

2,092 (21%)

3,581 (35%)

3,892 (38%)

4,873 (48%)

1,998 (20%)

3,204 (32%)

53 (0.5%)

1,247 (20%)

1,602 (26%)

1,226 (20%)

2,061 (34%)

2,810 (46%)

2,968 (48%)

1,179 (19%)

1,961 (32%)

28 (0.5%)

2,031 (22%)

2,352 (25%)

1,693 (18%)

3,181 (34%)

5,352 (58%)

4,352 (47%)

1,817 (20%)

3,053 (33%)

35 (0.4%)

<0.001

<0.001

<0.001

n (%); Mean (SD)

2Pearson's Chi-squared test; Kruskal-Wallis rank sum test
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The clinical characteristics of the cohort according to the number of hospitalisations after
the index hospital admission (First hospital admission after dementia diagnosis) are shown
in Table 10. Overall, the readmission rate was associated with increasing frailty and
admission due to injury, which increased the rehospitalisation rate from 23.2% to 57.8%.
People with home care had more of readmissions, probably due to their decreased

mortality.

6.5.2  Probability in state Ps(t) or state occupation probability (SOP)

6.5.2.1 SOP Institutionalisation state

For the survival curves or probability in state curves I use the Aalen-Johansen estimator
to compute the state occupation probabilities, which describes the distribution of patients
in a specific state at a specific time point during the follow-up. It, measures how many
people are in each state at any given time. From a clinical perspective, SOP can be used
to estimate the probability of a patient being in a particular state at a given time point, and
how this probability changes over time. We can use SOP for example, in cancer
progression, to estimate the probability of being in a particular stage of the disease at a
given time and how this probability might change with different interventions. This can
help clinicians to make decisions about the most appropriate treatment strategy for
individual patients. In our example, we can estimate and plot the SOPs for the different
states to check the difference in the proportion of people in a particular state at different

age or time point for men and women and for the home-care intervention.
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Figure 20: Institution State occupation probability (SOC) for men and women

Figure 20 above shows the probability of being discharged directly from hospital into an
institution over time for men and women with dementia. Starting at age 70, we can see
that men are discharged slightly quicker than women of similar age and with increasing
age more women are discharged to institutional care then men and the probability of men
being discharged to institutional care decreases quickly after age 75, due to their higher

mortality.

Similarly, if we look at the probability of discharge directly from hospital to an institution
for dementia patients with and without home care, the probability of being discharge to

an institution is higher for those with no home care which is not surprising. The
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probability of being discharged to an institution peaked at 8% and 12% for dementia
patients with home care and without home care respectively. This probability remains
high even after age 80 for people who have home care which shows their lower mortality
rate compared to those without home care (figure 21). The curve goes up when someone
is discharged from hospital to an institution and down when someone leaves this state

(i.e. to transition back to hospital, home state or death state).

—— No Homecare
—— Homecare

0.04 0.06 0.08
! | !

P(state) Institutionalisation
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0.00
|

70 75 80 85 90

Age at dementia diagnosis

Figure 21 Institution State occupation probability (SOC) for dementia patients with and without home care
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6.5.3 SOP for death state

The state occupation probabilities (SOPs) for the death state for male and female

dementia patients at different ages is given in figure 22.

1.0
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= Male
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Figure 22: Probabilities in state Ps(t) in the death state for men and women

Probability of death increased with increasing age for both men and women however,
men were more likely to be in the death state compared to women. At age 70 the
probability of being in the death state for men was 45% compared to 32% for women.
At age 80 the SOP of death state for men was 95% and for women it was 87.7% and at

age 90 the probability is almost the same for both men and women.
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6.5.4 Dementia patients with exposure to anti-cardiovascular medications

Dementia patients who suffer from cardiovascular conditions and take anti-
cardiovascular drugs had a greater hazard rate of mortality (figure 23), and therefore they
most likely to die within hospital and therefore, their probability of occupying or
transitioning to other states is lower. The probability of dementia patients having
exposure to anti-cardiovascular drugs peaked at 7% between 2-4 years after dementia
diagnosis, while people without cardiovascular conditions were less likely to die and
therefore the proportion of patients were lower in the death state but with increasing age
or time after dementia diagnosis as they were living longer were discharged in greater

proportion to the institution state.

012
1

= No prior CVD
== Prior CVD drug exposure

P(state) Institution
004 0.06 0.08 0.10
1 1 1 1

002
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I

0 2 B 6 8 10
Time since dementia diagnosis

Figure 23: Institution state occupation probability for dementia patients with and without exposure to anti-
cardiovascular medications.
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Figure24: Death state occupation probability for dementia patients with and without exposure to anti-

cardiovascular medications.

However, those dementia patients who had cardiovascular complications but had home

care as well had a similar probability of death as of those patients who did not have

cardiovascular complications. We saw in the above figure (figure 24) that patients who

had cardiovascular complications were taking anti-cardiovascular drugs had a greater

probability of ending up in the death state, however, figure 25 shows that after age 75

years, having home care with cardiovascular complications reduces probability of death

and give them the rate of those with no cardiovascular complications.
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Figure25: Death state occupation probability for dementia patients with and without home care and
cardiovascular complications

The above graphs show the probabilities in state or the state occupation probabilities
(SOP) which are overall probabilities for the cohort without any assumptions about
individual characteristics or covariates. The above graphs show how the probability of
being in the institution state or in the death state changes with time for men and women
and dementia patients with and without home care. These plots can be used to make
clinical decisions such as looking at the prognosis or progression of dementia patients

with and without home care and different age groups.
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6.6 Multi-state Cox model

The multi-state model described in figure 18, measures the relative hazard or the transition
intensity which measure how quickly one move from one state to another in instantaneous
time. The multi-state Cox model focuses on the transitions or the arrows in the model
and each arrow is a separate Cox model in itself. This provides us with the admission-
discharge dynamics, pointing out which covariates affect certain transitions and what
effect it has on the relative risk as well as on the risk or the instantaneous probability of
transitioning from one state to another.

The multi-state model assumes the patients to be in one of the five states ,i.e., initial (S0O)
state, hospital, out, institution and death. The model allows us to detect the impact of
patient characteristics on the intensity of transitioning between these states. The death
state in the model is an absorbing state.

The hazard ratios (HR) and coefficient effects of all the covariates on each transition in
the model are given in table 15 in appendix A. These HR estimates represent the
instantaneous risks of transition from one state to another. I will describe the effect on

the instantaneous hazard of transition by the different covariates in the model.

6.6.1 Home care

The relative magnitude of receiving home care on the hazard of being discharged to
institution was higher directly from hospital but transition to death state and transition
to institution once discharged from hospital was lower compared to those who were not
receiving home care. In the literature the conceptualisation and measurement of home
care is somehow imprecise, and most studies use living alone or the existence of living

190-192

children as a proxy variable for receiving home care Arguably, home care is
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associated with the availability of informal or formal care '”>™'**. In this study I have used
an indicator of whether the patient had a Read code suggesting the availability of informal
or formal home care or Read codes in CPRD and ICD-10 code in HES suggesting living
alone as a proxy for the availability of home care. Our model’s estimates for the influence
of home care on dementia patients’ discharge to care institution directly from hospital are
slightly higher (HR 1.07; CI 1.01 — 1.14) compared to dementia patients not receiving
home care.

However, their transition to institutional care from outside of hospital was significantly
lower than people with no home care (HR 0.76, CI 0.65-0.88) and their transition intensity
to discharge out of hospital was also higher (HR 1.29, CI 1.23-1.37). This shows that
people with home care were less likely to die inside hospital as their transition rate going
out of hospital was higher and their transition to the death state directly from hospital
was lower (HR 0.75, CI 0.70- 0.81) but also their transition rate to death state from their
homes ( Out to death state) and death inside institution ( Institution to death state) were
lower with HR 0.68 and CI 0.66-0.71 and CI 0.87 and CI of 0.81-0.93 respectively.

Itis also unlikely that this could be due to the compounding effect that people who receive
home care may be in good health or be less dependent as I have controlled for exposure
to cardiovascular medication, frailty and age in the model. All this indicates that receiving
home care does have an effect on mortality of dementia patients and they were less likely
to die inside hospital or outside and their transition rate of discharge directly from hospital
to their homes were higher which means they were spending less time inside hospital. It
is also unlikely that this could be due to the compounding effect that people who receive
home care may be in good health or be less dependent as I have controlled for

comorbidity burden and frailty and age in the model.
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Table 13: Effect of home care on dementia patients transitions between the model

states.
Home Care Estimate | P value | CIlow | CI high
Subsequent hospital admission from Out | 1.06 1.66E-04 | 1.03 1.09
(State 3 -- > State 2)
Readmission from Institution (State 4 to | 1.03 6.32E-01 | 0.92 1.14
2)
Discharge Home (2 to 3) 1.29 4.38E-20 | 1.23 1.37
Discharge to Institution( State 2 to 4) 1.07 3.29€-02 | 1.01 1.14
Home to Institution (state 3 to 4) 0.76 2.76E-04 | 0.65 0.88
Death inside hospital (state 2 to 5) 0.75 4.09E-15 | 0.70 0.81
Death outside hospital (state 3 to 5) 0.68 3.72E-82 | 0.66 0.71
Death inside institution (state 4 to 5) 0.87 0.81 0.93

2.78E-05
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6.6.2 Age

With increasing age hospital readmission decreased, hospital discharge to patients’ usual
place of living decreased, however, the rate or intensity of discharge from hospital directly
to care institution increased with increasing age. The readmission rate from patient’s usual
place of living and readmission to hospital once they were discharged to an institutional
care for the age group 85+ for example was HR 0.96, CI 0.92-1.00 and HR 0.85, CI 0.74-
0.97 respectively. This shows that older individuals were spending more time in
institutional care and inside hospital and therefore, they were more likely to die inside
hospital or a care institution. This was also evident from the higher rate of mortality within
hospital ( HR 2.16, CI 1.96-2.38) and within care institution (HR 1.96, CI 1.79-2.14) for

dementia patients within the age group 85+ for example.

6.6.3 Socioeconomic deprivation

Using the English indices of deprivation (IMD) 2015 as a covariate we looked at the effect
of socioeconomic deprivation on dementia patients’ rate of transitions between the different
states. The results show that with increasing socioeconomic deprivation, the rate of
rehospitalisation also increased. The hazard rate for getting admitted to hospital again once
discharged from outside for the IMD4 vs IMD1 was 1.17, CI 1.13-1.22 and getting admitted
to hospital from a care institution 1.35, CI 1.20-1.53. Increasing socioeconomic deprivation
was also associated with increasing rate of institutionalisation both directly from hospital and
once discharged out of hospital . These hazard rates were: 1.30, CI1.20-1.40 for the IMD4
vs IMD1 (least deprived) for the rate of institutional discharge directly from hospital and 1.71,

CI 1.44-2.04 for the transition rate of going to institutional care once discharged home from
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hospital. The hazard of death inside hospital significantly increased with increasing
socioeconomic deprivation with an HR of 1.23, CI 1.12-1.34, however, the rate of death
outside hospital and inside a care institution was greatly reduced. This hazard rate for the
death inside care institution was 0.84, CI 0.77-0.90. This shows that dementia patients living
in most deprived area were spending more time in hospital and therefore were more likely
to die inside hospital and also their rate of hospital admission from a care institution was

higher.

6.64 Dementia subtypes

Patients with a recorded dementia diagnosis as Alzheimer’s dementia (AD) had a higher rate
of hospital discharge both to their usual place of living and to a care institution. The transition
intensity or rate for discharge out had an HR 1.06, CI 1.01-1.13 and for discharge to a care
institution 1.12, CI 1.06-1.18 compared to the dementia patients identified as having
unspecified dementia. Only AD and vascular dementia (VaD) patients had a higher rate of
hospital readmission from a care institution and their HR, and 95% confidence intervals were
1.20, CI 1.10-1.31 for AD and 1.41, CI 1.19-1.68 for VaD for the transition of hospital
admission once they were already in a care institution.

Dementia subtypes did not show any significant association with the rate of mortality.

6.6.5 Exposure to anti-cardiovascular and anti-diabetic drugs

In our systematic review of dementia progression studies and the exploratory analysis of our
electronic health databases, cardiovascular diseases and diabetes were the top comorbidities
within dementia patients. Also, it is reported in the published literature, and I also found
some evidence of reduced dementia incidence in people who were taking anti-cardiovascular
and anti-diabetic medications. Therefore, I included exposure to anti-cardiovascular and anti-

diabetic medications in the year before dementia diagnosis to see if there is any effect of the

133



exposure to these medications on rehospitalizations, discharge to institutional care or
mortality within dementia patients.

The rate of hospital readmission once discharged out to their usual place of living was slightly
lower for dementia patients who were taking anti-cardiovascular drugs with HR 0.95, CI
0.92-0.98 and was higher for dementia patients with exposure to anti-diabetic drugs meaning
dementia patients with diabetes with HR 1.11, CI 1.05-1.17. Dementia patients with
cardiovascular conditions were more likely to die inside hospital HR 1.28, CI 1.19-1.38 and
they also had a higher rate of death inside institutional care settings HR 1.22, CI 1.14-1.30.
This shows the effect of cardiovascular conditions on dementia patients and increases their

hospitalisations and mortality rate.

6.6.6  Frailty

Frailty has been associated with a range of adverse health outcomes, including increased

hospitalizations, institutionalizations, and mortality in patients with dementia*"*. 1

1188 where

estimated an electronic frailty score (eFI) using the method described by Clegg et a
they used 36 deficits and a frailty index score was estimated. The eFI score was then
categorised into fit (eFI 0-0.12), mildly frail (eFI >0.12 — 0.24), moderately frail (>0.24-0.30)
and severely frail (>0.36). Increasing frailty within dementia patients increased the rate of
rehospitalisation both from care institution and patients’ homes and the model estimates
were HR 2.31, CI 2.00- 2.66 and HR 1.80, CI 1.72-1.89 for patients with severe frailty for
rehospitalisation from care institutions and patients usual place of living respectively.
However, increasing frailty was also associated with increased rate of hospital discharge to
both patients’ own home and care institutions, which means they were spending less time in

hospital. Descriptive analysis of the data revealed that patients with severe frailty were mainly

aged 80 and above and they mostly had home care which could be the reason of them being
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discharged to their homes and care institutions. The HR for hospital discharged directly to
care institution was 1.65, CI 1.51-1.81 and to their usual place of living 2.05, CI 1.88-2.23 for

dementia patients with severe frailty.

6.6.7 Thirty-day readmission

I use 30-day readmission as time-dependent covariate in the model to estimate its effect
on discharge from hospital to institutional care, hospital readmission and death. It was
used as a binary variable if a hospital admission was within 30 days from the previous
hospital discharge. The effect of this variable was not statistically significant for
institutional care transition from hospital or death inside hospital, however, their rate of
institutionalisation once discharged from hospital alive and death outside hospital was
higher. They were also at increased risk of hospital readmission both from the out state
and from the institution state. These results are interesting because these patients had a
9% higher rate of being discharged out of hospital (HR 1.09, CI 1.03-1.15) which could
be due to the hospitals effort to decrease the hospital length of stay, but this increases the
readmission as we see the higher HR from both the Out (HR 1.62, CI 1.56-1.68) and
institution state (HR 1.18, CI 1.07-1.31). Death inside hospital wasn’t significant but death
outside hospital once discharged home or to institutional care were significant and for the
rate of death once discharged out was HR 1.32, CI 1.27-1.38 and within institutional care
it was HR 1.09, CI 1.02-1.16.

These estimates shows that hospital readmission within 30 days is associated with their
increasing discharge rate from hospital (shortening length of stay) which in turn increases
their rate of institutionalisation and death once out of hospital and of course readmission

to hospital.
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6.6.8 Admission due to injury

The effect of hospital admission due to an injury was checked for hospital discharged to
institutional care and death inside hospital. Dementia patients who had hospital admission
due to an injury were more likely to be institutionalised after hospital admission compared
to those whose admission was not due to an injury (HR 1.71, CI 1.45 -2.01). Patient with

injury admissions also had a higher rate of death inside hospital (HR 1.30, CI 1.09- 1.56).

6.6.9 Long hospital stay
The effect of long hospital stay was checked for discharge to institution directly from and
death inside hospital. The long stay variable was defined as a binary variable of whether
the patient’s stay in hospital >= 12 days was or not. The 12 days number is based on the
Alzheimer’s society UK report published in 2017/18 *. With long hospital stay the
likelihood of discharge to institutional care directly from hospital with HR of 1.34 (CI
1.22-1.48). Patients who had long hospital stays were also at increased risk of death inside

hospital death (HR 1.20, CI 1.08-1.34).

6.7 Predictions from the Multi-state model

The multi-state model also gives us the opportunity to use the results from the multi-state
Cox model to obtain predictions for the probabilities in a specific state at a certain time

after dementia diagnosis for patients with a given set of covariates.

2 According to the Alzheimer’s society UK, the mean length of hospital stay for dementia
patients in 2017/18 was 11.4 days

(https://www.alzheimers.org.uk/sites /default/files/2020-

01/Hospital%20Admissions%202012-
18%20for%20people%20with%20dementia%20Alzheimer%27s%20Society%202020

-pdf)
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The probabilities in state obtained from a multi-state Cox model can provide valuable
information about the progression of a disease or the likelihood of experiencing a
particular event over time. By incorporating covariate information, these models can

provide personalized predictions for individual patients, allowing for more targeted and

effective interventions ',

Predictions from a multi-state Cox model provide an estimate of the probability of
being in a specific state at a specific time, based on the patient's characteristics
(covariates) and the estimated hazard ratios from the model. These predictions can
be used to estimate the probability of transition to a certain state, given a set of
covariates for an individual patient.

This type of prediction is important for several reasons. First, it allows clinicians
and researchers to estimate the prognosis of individual patients, based on their
unique characteristics. This can be useful for making treatment decisions and for
counselling patients and their families about the potential outcomes of their
disease.

Second, predictions from a multi-state Cox model can also be used for causal
inference. For example, if a researcher is interested in estimating the effect of a
certain treatment on the probability of transitioning from one state to another, they
can use the model to estimate the hazard ratios and predict the probabilities of
transition for patients with and without the treatment. This can help to estimate
the causal effect of the treatment on the outcome of interest. In my model I used
the availability of home care as an intervention to see its effect on the probability
of transitioning to institutional care and death state in the model while controlling

for other relevant prognostic factors. As an example, patient, I took a patient in the

137



age group 75-85, diagnosed with AD, who was also exposed to anti-diabetic and anti-
cardiovascular medications and with moderate frailty, no admission due to injury and with
an IMD (Index of Multiple Deprivation) of 4 and I estimated the probability curves for
male and female dementia patients with and without home care. For these groups of
patients, with the above characteristic profiles, the risk of transitioning into institution
state and death was higher for men than women, especially for those who did not have
home care. Women with home care had the lowest risk of going into hospital after
dementia diagnosis especially in the first two years after diagnosis, although this difference
is very small, and this could be due to the nature of the data as these are elderly dementia
patients and have very similar hospitalisation rates. However, although these data do not
give us the full picture of the impact of home care, it still shows that home care has an
impact on these transitions. Similarly, the hospital discharge (Out state) shows that men
and women with home care were discharged at a quicker rate and were spending less time
in hospital compared to those with no home care. Hospital discharge directly to
institutional care was also higher for dementia patients with no home care and was higher
for women than men because of their lower mortality compared to men. Men had a lower
rate of institutionalisation directly from hospital because of their higher mortality rate
however, among men those with home care had a lower rate compared to men with no
home care. This was true for women as well instead that women were taking an extra year,
and their probability of institutionalisation was higher for those with no home care until
3 years after diagnosis and decreased after that due to higher mortality rate of women
with no home care. This shows the impact of home care on both institutionalisation and
death. Similarly, the probability of transition to the death state was higher for patients
with no home care. It was higher for men compared to women however, men who had
home care had the same rate as women with no home care which mean home care gives
men the rate of women mortality rate which was lower.
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These types of predictions can be checked for any profile of patient and allow us
to estimate more personalised prediction which helps with effective management

of these patients.
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6.8 Discussion

By using a Multi-state Cox model, I showed the entire process of dementia patients'
hospitalisation, discharge home, institutionalisation and death can be modelled
simultaneously using one model. Exploring the effect of different covariates on each
transition in the model allowed us to compute overall transition probabilities taking into
consideration the repeated transitions and competing risks. Dementia is associated with
institutionalisation, however, within dementia patients there are other factors affecting
the rate of hospitalisation, and institutionalisation which has rarely been examined.

In my model I focused on institutionalization from hospital as it is the major source of
admission to care institutions. The model also looked at discharge out of hospital,
rehospitalizations and mortality and the effects of admission due to injury, long hospital
stays, and other prognostic factors important in dementia prognosis. Admission due to
injury and long hospital stays are common in dementia patients but I wanted to enhance
our understanding of the effects of these factors within dementia patients which has not
been explored before.

Due to data constraints, I am not able to say to what extent home care influences
the risk of institutionalisation, rehospitalisation, and mortality but our results
suggest that home care was associated with a lower rate of mortality, and hospital
discharge to patient’s homes, however, it was associated with a higher rate of
hospital discharge to institutional care in terms of hazard ratios. The hazards ratios
tell us about the relative risk of transition at a specific point in time from a
particular state. However, the absolute risk or the probability of getting
institutionalised between those with and without home care which is given by the

state occupation probability (SOP) described in figure 21, shows that dementia
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patients with home care were delaying their institutionalisation and because of their
lower mortality they were spending more time later in their life in an institutional
care setting. Adequate support provided at home is very important for older
people’s independence and quality of life and our results suggest an important role
of home care among dementia patients.

Our data come from large administrative datasets of primary care data from GP
clinics across UK (CPRD), and HES data which contains hospital admissions and
discharge information and therefore have an advantage over using other data such
as survey data because the prevalence of dementia in these datasets is ~ 28% of
the 850,000 dementia patients in the UK 85. Also, using administrative data have
advantage over other data such as data from specific clinical settings and with
limited variations. In contrast the data I used comes from over 2000 UK primary
care practices containing patients with different socioeconomic backgrounds and
comorbidity profiles. Multi-state model has not been previously used to study
dementia patients’ outcomes such as hospitalisation, institutionalisation, and
mortality. For the first time I demonstrated the effect of mediators such as
admission due to injury, long hospital stays, 30-day readmission within dementia
patients on their risk of institutionalisation directly from hospital, and their rate of
mortality using primary care and secondary care data within a single model. Other
well-known predictors of institutionalisation such as old age, gender,
socioeconomic status, frailty which are widely reported in the literature were also
looked at however, we know little about an effective intervention that reduce the
risk of institutionalisation especially the role of receiving home care in delaying
institutionalisation and mortality. These findings significantly enhance our
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understanding of the prognostic factors and mediators in dementia patients of their
adverse prognosis and have implications for their care management. Also, the
identification of effective intervention could have valuable implications for service
providers and policy makers.

The first contribution of this study is the effect of the home care intervention on
dementia patients’ institutionalisation and mortality rate and their absolute
probability of being discharged to a care institution directly from hospital and
death. Dementia patients with home care had lower rates of hospitalisation after
their dementia diagnosis and their subsequent hospitalisations were more likely to
be from their usual place of living instead of a care institution. They showed a 6%
higher rehospitalisation from outside of care institutions which shows that they
were spending more time in their usual place of living. People with home care were
spending less time in hospital as the rate of discharge to their usual place of living
was 29% higher. This is very important and can have several implications such as
shorter stays in hospital for those with home care, which indicates that these dementia
patients receive appropriate care which addresses their needs and could also means that
their dementia symptoms were not severe enough to be managed in an institutional
setting. Also, because of shorter stays in hospital, dementia patients with home care also
avoid hospital-associated risk which can improve their overall health outcomes.

I found increasing age and male gender were associated with hospital admission
after dementia diagnosis. Similarly, increasing age and male gender were associated
with increasing rate of mortality inside and outside of hospital and also within
institutional care settings. Similar results of increasing mortality with increasing age

were found in other studies 202205, In another study by Thearneau et al, showed
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that death rate of male with dementia was 1.3 that of females 2%. It is evident from
these results that age is of course a risk factor for mortality, hospitalisation and
institutionalisation and male gender are associated with increased risk of death with
and without a diagnosis of dementia. I also included socioeconomic deprivation
as a covariate in the model as it has been identified as a predictor for
institutionalisation in the literature 179181, I found that increasing socioeconomic
deprivation was associated with the risk of hospitalisation after dementia diagnosis
and was associated with statistically significant higher risk of subsequent hospital
admissions once discharged out of hospital or to a care institution. It was also
associated with a higher rate of discharge to care institution directly from hospital.
Our results also showed a statistically significant association between
socioeconomic deprivation and mortality inside the hospital 179-181. T found that
increasing socioeconomic deprivation was associated with the risk of
hospitalisation after dementia diagnosis and was associated with statistically
significant higher risk of subsequent hospital admissions once discharged out of
hospital or to a care institution. It was also associated with a higher rate of
discharge to care institution directly from hospital. The results also showed a
statistically significant association between socioeconomic deprivation and
mortality inside the hospital. People living in the most deprived vs least deprived
areas had a 23% greater hazard of dying in hospital. Also, the hazard of death inside
a care institution was reduced with increasing deprivation level, which could be the
result of increasing rate of hospitalisation and eventually dying in hospital. These
results are consistent with the literature where studies have shown the link between
socioeconomic deprivation and poor health outcomes such as cardiovascular
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diseases, cognitive impairment, cancer and death 207208,

Dementia is a syndrome with several subtypes with distinct aetiologies, clinical
profiles and outcomes and also there is variation in capability to live across the
different subtypes 2%°. Therefore, I also looked at the effect of different dementia
subtypes on hospitalisations, institutionalisation, and mortality as this has not been
looked at before. I found that once patients were diagnosed with dementia, the
hospitalisation rate was 14% lower for the AD subtype , whereas it was higher for rare
and vascular dementia with a 20% and 6% higher rate of hospitalisation respectively
compared to the unspecified dementia type. Similarly, subsequent hospital admissions
after discharge after the index hospital admission were only statistically significant from
the care institutions. Hospital admissions where the admission source was a long-term
care institution were statistically significant for Alzheimer’s dementia (AD) and vascular
dementia (VaD). The admission rate from care institution was 20% and 41% higher for
AD and VaD respectively. This higher rate of hospital admission from care institutions
for AD and VaD is explained by their higher rate of discharge to care institutions directly
from the hospital and, therefore, they were more likely to be admitted again from care
institutions. This could also mean that patients with AD and VaD had severe symptoms
and were more likely to be institutionalised because of inadequate support at home to
enable independent living. Focusing on the specific needs of AD and VaD patients and
providing support to their families and caregivers tailored to their needs can greatly
improve their quality of life and decrease the burden on healthcare utilization.

Majority of dementia patients are on cardiovascular drugs and cardiovascular diseases are
also a risk factor for dementia. I found that dementia patients who were exposed to anti-
cardiovascular drugs before diagnosed with dementia had higher hospitalisation rates after

their diagnosis and subsequent hospital admission rates. These patients had a lower rate
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of being discharge to a long-term care institution directly from hospital and therefore
spending more time in hospital and as a result they were also more likely to die inside
hospital which was evident from their higher rate of mortality inside the hospital with a
28% higher hazard ratio of death inside hospital. Also, their death rate in a care institution
was also statistically significantly higher (22% higher) compared to those with no
cardiovascular complications before dementia diagnosis. Similar to cardiovascular
complications, diabetes is also one of the most common comorbid conditions within
dementia population as was evident from our literature review and exploratory analysis
of our EHR data and therefore exposure to anti-diabetic medication prior to dementia
diagnosis and its association with institutionalisation, rehospitalisation and mortality was
examined. The results suggested an 20% higher rate of hospitalisation post-dementia
diagnosis for those with diabetes compared to those who were not taking any diabetic
medications. Dementia patients with diabetes also had higher rate of rehospitalisation
both from their usual place of living and from a long-term care institution with an 11%
and 29% higher rate respectively. Patients with diabetes were more likely to be discharged
from hospital to their usual place of living (6% higher) and the proportion of patient with
the availability of home care was higher for those with diabetes (23% vs 21%). This means
that they were spending less time in hospital and were going to their own place of living
directly from hospital and as a result were more likely to enter care institution from the
community where they were living rather than directly from hospital. Their rate of
institutionalisation from their usual place of living was 30% higher than non-diabetic
dementia patients. In chapter 4, I saw that the risk of dementia diagnosis increased with
increasing diabetes duration, and it is also evident here that patients who were diabetic
were diagnosed with dementia at a younger age and therefore, timely diabetes diagnosis
and effective treatment can delay dementia diagnosis.

Frailty is common in older people and especially dementia patients as they are more
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vulnerable to physiological decomposition and studies has shown that frailty is associated
with institutionalisation, resource utilisation and mortality**?'*. T found that with
increasing frailty, hospital readmission rate also increased. Similarly, the rate for discharge

to long-term care institutions also increased with increasing frailty and dementia patients
who were severely frail had a 65% higher rate of institutionalisation directly from hospital
and were at an 85% higher rate of institutionalisation from their usual place of living.
Increasing frailty was also associated with higher rate of mortality inside and outside of
hospital. Patients with severe frailty were elderly with higher rate of hospital readmission
and mortality rates. This shows the relationship between the loss of independence with
increasing frailty and hospitalisations which results in outcomes such as
institutionalisation and mortality.

I'also used 30-day readmission as time-varying covariate to check if dementia  patients
who were re-hospitalised within 30 days after their first hospital discharge had a different
rate of transitions to the institutionalisation or death states. In the literature it has been
reported that decreasing the length of stay below 10 days leads to an increase in the
readmission rate during the 30 days after discharge and increase in the length of stay for
some patients may improve their quality of life by reducing readmission during the 30 days

15216 1 discovered that individuals with dementia who were readmitted to

after discharge
the hospital within 30 days of their initial discharge had a heightened risk of being
hospitalized again, this time from their usual place of residence or a long-term care
institution, compared to those who were not readmitted within 30 days. These results are
interesting because these patients had a higher rate of transition from hospital to the out
state (shortening length of stay) which could be due to the hospital efforts to decrease the
hospital length of stay, however, this increases their hospital subsequent readmission both
from the Out and Institutionalisation state . These results are similar to those reported in

the literature . Therefore, it is very important that a multi-skilled team provide a
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comprehensive assessment of the patients physical and psychological needs and there should
be good communication between clinicians and taking the patient carer in the decision-
making in planning of the patient discharge. This will help to discharge patient to the
appropriate setting based on their needs and will reduce long hospital stays but also help
those patients who needed to be in the hospital for longer due to their care requirements.
The effect of long hospital stays (>= 12 days) and hospital admission due to an injury
were also looked at and as these are common outcomes in dementia patients and these
outcomes can lead to other severe outcomes such as hospital mortality and discharge to
institutional care. Long hospital stays and admission due to injury can act as mediators
and explains further the differences in transition to institutionalisation and death between
dementia patients. I found that dementia patients who hospital admission was due to an
injury had a higher rate of direct discharge from hospital to a care institution and were
also more likely to die inside hospital. Similarly, those with hospital stays lasting 12 or
more days were more likely to be discharged to long-term_care institution and were also
an increased risk of death inside hospital because they were spending more time in
hospital. L.ong hospital stays are associated with negative outcomes and as I discussed
above that good communication between clinicians and people involved in the care of
dementia patients in the decision making to understand the patients’ needs will greatly

improve the patients’ discharge to the appropriate settings.

6.9 Strengths and Limitation

In this study the data comes from the large-scale linked primary care data and hospital
episode statistics data which gives an advantage over studies using survey or specialised
dementia clinics data because in survey data the number of participants will be small due
to the low prevalence of dementia and the data from a specific hospital or specialised

clinic suffer from limited variation. In contrast, our data include all participating NHS
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practices and the participants hospitalisation data, containing patients with different
socioeconomic backgrounds and various health conditions. However, despite the merits
of the large electronic data representative of the overall population, there are limitations.
First one is that neither the primary care or the hospital episode statistics data are linked
to social care datasets containing information on whether the patient had access to
informal care and other types of formal care which is not provided by local authorities.
The availability of informal care or other types of forma care is associated with homecare
usage'”?"". Informtion about the availability of formal and informal care was derived from
the clinical code indicting the provision of formal or informal carer or being a dementia
patient and living alone which was taken as proxy for the availability of informal care.
This proxy measure is not ideal because it does not capture informal care provided by
patient’s relatives or family members outside of patient’s household. The results showed
the effect of homecare availability on institutionalisation and death, however, because the
data is hospital admissions and discharge data and therefore, and information on
homecare availability is not there and therefore, this hinders the effort to directly examine
the effect of homecare on institutionalisation for dementia patients. Therefore, further
research in needed with appropriate data to investigate the difference within dementia

patients and their institutionalisation and mortality factors.
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Chapter 7: Main insights, limitations, and potential areas of future research

The overall aim of the thesis was to explore dementia patients’ outcomes reported in the
published literature and then using the English electronic health records data explore the
characteristics of dementia patients, identify risk factors for dementia diagnoses and
explore the fatal and not-fatal outcomes and factors associated with these outcomes using
an appropriate model to capture all the nuances of the data at hand.

The aim of this final chapter is to summarise the main insights from the different chapters

of this thesis, highlight the important lessons learned and any limitations.

7.1 Dementia as a syndrome

The thesis described why dementia is global health priority and its impact on healthcare
resources. In chapter 1, I described dementia as a syndrome and highlighted the
symptoms, pathology, and the guidelines for diagnosis. I also highlighted the challenges
in the development of new drugs, the failures in clinical trials and the potential treatment
targets for future research and development.

I learned from chapter two that dementia is a devastating neurodegenerative disease with
profound impact on individuals, families, and healthcare systems. I described the types of
dementia and its symptoms and the cognitive tests and biomarkers for diagnosing
dementia. I learned the challenges for developing disease-modifying therapies and some
of the promising avenues.

Amyloid Beta (Af) Plaques: Amyloid beta plaques, a hallmark of Alzheimer's disease,
are being targeted by numerous trials. Some compounds, like "3K3A-APA," have shown
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promise in genetically modified mice by reducing amyloid production. Another potential
treatment is the therapeutic antibody PMN310, which is under preclinical development
and specifically tatgets amyloid beta. Nevertheless, many phase II/11I trials of promising
drugs targeting amyloid have faced challenges, including failures in clinical testing.

The Immune System: The immune system's role in triggering brain inflaimmation in
dementia has led to the exploration of anti-inflammatory drugs as potential treatments.
While some drugs like Pioglitazone and Etanercept have shown potential in phase 11 trials,
their phase III trials were terminated. This avenue continues to be explored for its
potential to address the inflammatory component of dementia.

Tau Tangles: Tau tangles, another critical aspect of Alzheimet's pathology, are also being
targeted. Approaches include inhibiting protein kinases responsible for tau
hyperphosphorylation and developing tau acetylation inhibitors. Additionally, certain
nonsteroidal anti-inflammatory drugs (NSAIDs) have demonstrated effectiveness against
tau-acetylation, showing promise in animal models.

The challenges in developing new dementia treatments are substantial. The blood-brain
barrier often limits drug access, and dementia's diverse pathologies make developing a
single treatment challenging. The lack of widely accepted surrogate biomarkers poses
difficulties in assessing drug efficacy, and the complexity of dementia progression
hampers clinical trial designs. Despite these hurdles, research into potential treatments
remains critical due to the projected increase in dementia prevalence and the urgent need
for effective interventions. Recently, the FDA approved Lacenemab which works by

reducing the Amyloid plaques in the brain for early Alzheimer’s disease *'"".

150



7.2 Insight gained from the review of literature.

In chapter 2, I conducted a review of literature in a systematic way to characterise
longitudinal cohort studies focused on measuring dementia outcomes post diagnosis and
identify opportunities to better design future studies and trials. The results of the review

were also considered when analysing our electronic record data.

7.2.1 Main insights from the literature review

From the 100 studies included in the review involving over 2 million individuals, most
studies had a small sample size (57% N < 500) , short follow-up time (66% <= 3 years)
and were predominantly diagnosed with Alzheimer’s dementia (85% Alzheimer’s
dementia patients).

The review provided some valuable insights into the current state of understanding of
dementia progression and identified key areas for improvement in research
methodologies. Some of the insights gained from the review are.

Lack of comprehensive studies:

Our review revealed a shortage of comprehensive studies which could address the multi-
dimensional nature of dementia progression. Most studies focused primarily measuring
cognitive decline, while other important aspects such as function, behavior and quality of

life were less frequented investigated.
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Limited Biomarker Data:

The review highlighted a scarcity of studies using biomarkers data at different time points
during the follow-up which is very important for tracking disease progression and
understanding the underlying biology of the disease.

Sample Size and Diversity:

Most of the studies were small as described above which limits the generalizability of the
findings. Also, there was a geographical bias towards North America and Europe, which
indicate a need for studies which a diverse population around the world.

Diagnostic Criteria and Dementia Subtypes:

I saw a lack of diversity of dementia subtypes being investigated and there was a
dominance of Alzheimer’s dementia (AD) in the cohort. This emphasizes the importance
of using standardised and subtype-specific diagnostic criteria to accurately represent the
spectrum of dementia cases.

Linked EHR’s data:

The review underscores the potential of linked electronic health records (EHRs) to
provide a comprehensive view of dementia patients clinical symptoms, diagnoses, and
resource utilization. While some studies utilized administrative databases, very few
incorporated linked EHRs data, indicating the need to leverage these resources for more
accurate and detailed analyses.

Biological Targets:

For disease-modifying therapies, we need a deeper understanding of the biological
mechanisms driving dementia progression. The review highlights the importance of
engaging with biomarkers and other biological indicators to develop effective treatments

that target the underlying biological causes of dementia.
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Outcomes Measured and Resource Utilization:

The studies were focused on cognitive decline as the primary outcome measure may not
fully capture the impact of dementia on patient’s lives. A more comprehensive approach
that takes into consideration the functional abilities, behavior, and quality of life could
provide insights into resource utilisation and allocation for patient care.

Collaborative Efforts:

The review underscores the necessity of multidisciplinary coloration among researchers,
clinicians, data scientists, and experts in various fields. Collaborative efforts can lead to
more comprehensive study designs and better interpretation of the results.

Global Relevance:

The global prevalence of dementia contrasts with the regional bias in research studies.
Insights from this review highlights the need for more studies in diverse regions to
account for potential variations in dementia progression across different cultural and

healthcare systems.

In summary, the literature review offers insights into the gaps and limitations in current
research on dementia progression. It emphasizes the importance of a more holistic
approach to studying the disease, incorporating longitudinal biomarkers data,
standardised diagnostic criteria, diverse cohort of patients, linked EHRs data, and
engaging biological targets. Addressing these insights will contribute to a more
comprehensive understanding of dementia progression and inform the development of

effective disease modifying therapies and patient-centered care.
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7.3 Insights gained from the exploratory analysis of our electronic
healthcare data.

In chapter 3, I provided an overview of the data sources used to identify our dementia
cohort. I described the data sources, its structure and used these sources to identify
dementia patients, provided some summary statistics and examined their comorbidities.
The insights gained from the exploratory data analysis are:

1. Data Sources and Structure:

The analysis is based on two primary data sources — the Clinical Practice Research
Datalink (CPRD) and the Hospital Episode Statistics (HES). CPRD provides anonymized
primary care data from UK GP practices, while HES includes information on admissions,
discharges, outpatient appointments, and A&E attendances in the NHS hospitals. Both
data sources offer valuable information for studying dementia.

2. CPRD Data Structure:

CPRD data is organized into various tables containing distinct types of information such
as patient demographics, clinical diagnoses, medications prescribed, test results, referrals,
and more. These tables can be joined using a unique patient identifier and this enables the
analysis of multiple aspects of patient’s healthcare experiences.

3. HES Data Structure:

Hospital Episode Statistics (HES) data is structured into episodes and spells, with each
row representing a single finished episode of care. HES encompasses inpatient data and
can be linked to other datasets like A & E records, and outpatient data, enhancing the
comprehensiveness of the analysis.

4. Patient Selection Criteria:

Our analyses focused on patient with research-quality data in CPRD and HES. Patients

aged 30 or over at the study start date with at least one year of up-to-standard data were
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included. The patient selection process was aimed at ensuring the validity of follow-up
periods.

5. Dementia Patients Identification:

I identified dementia patients using Read codes in the CPRD and ICD-10 codes in the
HES dataset. The number and percentage of dementia patients were reported with their
mean age and percentage of male and female within each data source separately and
combined. Most of the dementia patients identified were from the HES data.

6. Dementia Subtypes and Comorbidities:

I found that a higher proportion of dementia patients were recorded as unspecified
dementia. Alzheimer’s dementia type was the next mostly recorded subtype after
unspecified dementia, followed by vascular dementia (VaD). Vascular dementia was
mainly reported in the HES data. Majority of dementia patient were in the 71-90 age
category and mostly consisted of females.

7. ICD codes and Comorbidities:

From looking at the top 30 ICD- 10 codes and the corresponding comorbidities, I found
that hypertension was on top of the list which makes sense because these patients over
00 and hypertension is very common in this age group. Hypertension was followed by
type-2 diabetes, followed by atrial fibrillation, disease of the circulatory system and urinary

tract infections.

In conclusion, the exploratory analysis of the datasets provided an insight of the dementia
population in terms of their proportion in each dataset, their mean age and proportion of
men and women. The analysis shed light on the prevalence of dementia patients, their

characteristics, and potential associations with other health conditions.
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7.4 Insights gained from the Time-to-Event analysis.

In chapter 4, I presented a study on time-to-event analysis in relation to type-2 diabetes
and dementia. Diabetes patients were followed until the first diagnosis of dementia. Our
review of literature and exploratory analysis of the datasets showed diabetes as the top
comorbidity in dementia. The aim was to see if there is any association between diabetes
and the risk of dementia diagnosis.

The main insights from the time-to-event analysis were.

The overall incidence of dementia in diabetic patients over 40 between 2008 and 2017
was 18.9 cases per 1000-person years.

Increasing age, female gender, certain ethnicities, widowed/separated marital status, and
certain geographic regions in England were associated with higher dementia risk.
Longer diabetes duration correlated with higher dementia risk, while insulin and anti-
diabetic medications were linked to lower risk.

Cerebrovascular complications and hip fracture were significantly associated with
dementia risk.

Within the 10 years follow-up dementia developed in 13.85% of diabetic patients aged

40 and over who had diabetes from 1-2 years to 6+ years duration.

This analysis provided us some preliminary insights into the risk factors for dementia in
diabetic patients. Further research is needed to explore the underlying risk factors and
implications identified in this study and factor in things such as diabetic severity and
other data such as BMI, genetic factors to further investigate and explore the potential

risk factors.
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Insights learned from the concepts in multi-state modelling in chapter 4 First one is that
neither the primary care or the hospital episode statistics data are linked to social care
datasets containing information on whether the patient had access to informal care and
other types of formal care which is not provided by local authorities. The availability of
informal care or other types of forma care is associated with homecare usage'””".
Informtion about the availability of formal and informal care was derived from the clinical
code indicting the provision of formal or informal carer or being a dementia patient and
living alone which was taken as proxy for the availability of informal care. This proxy
measure is not ideal because it does not capture informal care provided by patient’s
relatives or family members outside of patient’s household. The results showed the effect
of homecare availability on institutionalisation and death, however, because the data is
hospital admissions and discharge data and therefore, and information on homecare
availability is not there and therefore, this hinders the effort to directly examine the effect
of homecare on institutionalisation for dementia patients. Therefore, further research in

needed with appropriate data to investigate the difference within dementia patients and

their institutionalisation and mortality factors.

7.5 Insights gained from the Multi-state models

In chapter 5, I discussed some concepts related to multi-state models in the context of
survival analysis and its application to understanding transitions between different states
of an illness or disease pathway. Here are the insights that can learned from this chapter,
and it gave us a good understanding of why multi-state model are appropriate when we
have data on repeat events and provided a good starting point for the next chapter in
which I used multi-state model for our data to study dementia patient’s hospitalisation,

institutionalisation and mortality.
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The insights learned are below.

1. Traditional survival analysis and Cox model:
The traditional survival analysis focuses on two states: alive and dead. A Cox
proportional hazard model is used to understand the factors influencing the
hazard of a particular outcome such as in chapter 5 I used a Cox model to
understand the factors associated with dementia diagnosis in diabetic patients.

2. Multi-state Models:
Multi-state models extend survival analysis to situations where there are multiple
intermediate states (transient states) between the initial and final state (absorbing
state). These models are useful when individuals can transition between vatrious
states over time, such as hospitalisation, discharge home, and institutionalization.

3. Holistic Approach:
Unlike traditional Cox models, multi-state models take a holistic approach. They
consider all transitions between states, enabling the modelling of individual’s
progression through various states in a disease pathway.

4. Transition Probabilities and Intensities:
Multi-state processes are characterized by transition probabilities or transition
intensities or hazard. Transition probabilities represent the likelihood of moving
from one state to another at a specific time, given the history up to that point.
Transition intensities represent the instantaneous hazard of moving to a new state,
i.e., how quickly one is going to a state in instantaneous time.

5. Different Model Assumptions:

e Multi-state models have different assumptions about the dependence of
transition rates on time:
¢ Time-homogenous Models: Transition intensities remain constant over

time.
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0.

7.

8.

e Markov Models: Transitions depends only on the current state, indicating
no memory of earlier cycles.
e Semi-Markov Models: Duration times depend on the history of the
process and time since entry into the state.
Stratified Baseline Hazard:
Multi-state models use stratified baseline hazards for each possible transition,
allowing for differences in transition probabilities between states.
Transition-specific Covariate Effects:
Multi-state models consider transition-specific covariate effects, enabling the
assessment of different covariate effects on different transitions.
Transition Probabilities and their estimation:
Multi-state models allow estimation of transition probabilities between different
states at various time points. The Aalen-Johansen estimator is commonly used for
this purpose, and it accounts for the possibility of competing risk.
Usefulness of Multi-state models:
Multi-state models are valuable for handling recurrent events, predicting state
probabilities, understanding transition rates, and assessing the impact of
covariates on transitions. They provide insights for clinical decision-making,
prognosis, and health policy planning. It also allows predictions of transition

probabilities based on specific covariate profile at different time points.

In summary, I describe why multi-state model provides a comprehensive framework for
analysing complex disease pathways, accounting for multiple transitions and their
associations with various factors. These models have practical applications in healthcare
research and decision-making, offering insights into the progression of illness and

treatment and due to these advantages, I used multi-state model to study dementia
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patient’s hospitalisation, discharged out of hospital to their usual place of living and direct

discharge from hospital into a care institution.

7.6 Insights learned from multi-state model for dementia patient’s

outcomes.

In chapter 6, I discussed a multi-state model to understand the factors influencing hospital

admission, institutionalisation, and mortality in dementia patients. I provided insights

related to the methodology, data sources, statistical methods, and study objectives. The

key insights learned from chapter 6 are as follows:

1.

I found that majority of patients were female (66.8%) and males accounted for
33.2%. The mean age at dementia diagnosis was slightly higher for females (82
years) compared to males (~ 80years).

The presence of home care seems to influence several outcomes. Patients with
home care have higher rates of hospital discharge to home, lower mortality rates,
and decreased transitions to institutional care. This suggests that home care might
contribute to better outcomes for dementia patients, including delaying
institutionalisation and reducing mortality.

Frailty is an important factor influencing transitions between the different states
of the model. Higher frailty levels are associated with increased rates of
hospitalisation, discharge to home, and discharge to institutional care and death
inside and outside of hospital.

Increasing age is associated with institutionalisation. Older people are more likely
to transition to institutional care from hospital. This suggests that as patient age,
they are more likely to require institutional care after being discharged from

hospital.
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5. Socioeconomic deprivation is identified as a predictor of hospital readmission and
institutionalisation. Patients from more deprived areas have higher rates of
rehospitalization and institutionalisation, along with increased in-hospital deaths.
This highlights the impact of socioeconomic factors on healthcare outcomes for
dementia patients.

6. Dementia subtypes and medications: Our results delve into the influence of
dementia subtypes and exposure to medications. Patients with Alzheimer’s
dementia (AD) show different rates of hospital discharge and institutionalisation
compared to those with unspecified dementia. The use of anti-cardiovascular and
anti-diabetic medications also affects hospitalisation, institutionalisation, and
mortality rates.

7. Hospital stays and injury: The length of hospital stays and admission due to an
injury play role in patient outcomes. Longer hospital stays are associated with
higher rates of discharge to institutional care and increased in-hospital mortality.
Admission due to injury leads to higher institutionalisation rates and in-hospital
deaths.

8. 30-day readmission: Patients readmitted within 30 days have a higher rates of hospital
discharge (shortening length of stay) to home but also higher readmission rates,
institutionalisation, and death rates, indicating a complex relationship between

readmission and subsequent outcomes.

In summary I learned that this study has implications for care management of
dementia patients. Factors such as home care, age, gender, frailty, socioeconomic
status, and medications all play significant role in influencing patient outcomes.
Understanding these relationships can guide healthcare professionals in providing

more tailored care strategies.
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7.7 Limitations of the thesis

This thesis, while comprehensive in its scope, has certain limitations that must be
acknowledged. Firstly, the literature review only focused on studies with participants
diagnosed with dementia aged 65 or over and published in English, based on
searching in OVID-MEDLINE alone. The search criteria were limited to time period
util 2019 and an updated search may result in more recent studies.

The use of electronic health records (EHR) data is subject to inaccuracies and missing
information, which can affect the reliability of the findings. The data sources,
primarily the Clinical Practice Research Datalink (CPRD) and the Hospital Episode
Statistics (HES), might not capture all relevant patient interactions, leading to
potential underreporting of some conditions and outcomes. Additionally, the
observational nature of the study means that causality cannot be established between
identified risk factors and outcomes. The reliance on specific diagnostic codes to
identify dementia patients and their comorbidities might introduce classification bias.
. Furthermore, the geographic focus on England may limit the generalizability of the
findings to other regions with different healthcare systems and demographic profiles.
Therefore, the limitation of this study is that I only used HES data for diagnoses and
there was no matching of cohorts done based on age, sex, or diagnosis date. The
study also lacks important clinical data such as smoking, alcohol consumption, BMI,
genetic information which could be important factors affecting dementia risk.
Another limitation of the data is that neither the primary care or the hospital episode
statistics data are linked to social care datasets containing information on whether the
patient had access to informal care and other types of formal care which is not

provided by local authorities. The availability of informal care or other types of formal
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care is associated with homecare usage. Informtion about the availability of formal
and informal care was derived from the clinical code indicting the provision of formal
or informal carer or being a dementia patient and living alone which was taken as
proxy for the availability of informal care. This proxy measure is not ideal because it
does not capture informal care provided by patient’s relatives or family members
outside of patient’s household. The results showed the effect of homecare availability
on institutionalisation and death, however, because the data is hospital admissions
and discharge data and therefore, and information on homecare availability is not
there and therefore, this hinders the effort to directly examine the effect of homecare
on institutionalisation for dementia patients. Therefore, further research in needed
with appropriate data to investigate the difference within dementia patients and their

institutionalisation and mortality factors.

7.8 Clinical Implementation and Management of Dementia Patients in
the NHS

The findings from this thesis can inform several aspects of clinical practice and patient
management within the NHS. Firstly, the identification of key risk factors for
dementia, such as diabetes duration and comorbidities like hypertension and
cardiovascular diseases, highlights the need for integrated care pathways that address
these conditions holistically. The insights on the importance of home care in reducing
hospital readmissions and delaying institutionalization suggest that enhancing home
care services and support systems could improve patient outcomes. Tailored
interventions based on patient frailty and socioeconomic status are crucial, as these
factors significantly influence hospitalization and mortality rates. The results also

underscore the importance of early and accurate diagnosis using standardized criteria
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and biomarkers to ensure appropriate and timely interventions. Additionally,
healthcare providers should consider the role of medications, such as anti-
cardiovascular and anti-diabetic drugs, in managing dementia patients, potentially
adjusting treatment plans to mitigate risks. Additionally, the data supports the need
for multidisciplinary collaboration in dementia care, involving clinicians, social
workers, and care coordinators to provide comprehensive and patient-centered care.
These results are also interesting because these patients who had a higher rate of
transition from hospital to the out state (shortening length of stay) which could be
due to the hospital efforts to decrease the hospital length of stay, however, this
increases their hospital subsequent readmission both from the Out and
Institutionalisation state.

Therefore, it is very important that a multi-skilled team provide a comprehensive
assessment of the patients physical and psychological needs and there should be good
communication between clinicians and taking the patient carer in the decision-making
in planning of the patient discharge. This will help to discharge patient to the
appropriate setting based on their needs and will reduce long hospital stays but also
help those patients who needed to be in the hospital for longer due to their care
requirements. Long hospital stays are associated with negative outcomes and good
communication between clinicians and people involved in the care of dementia
patients in the decision making to understand the patients’ needs will greatly improve

the patients’ discharge to the appropriate settings.

164



7.9 Future research or what can be done differently.

7.9.1 Addressing Gaps in Home Care Data Availability

The findings from this thesis have highlighted significant associations between home care
availability and various outcomes in dementia patients, such as hospital readmissions and
delays in institutionalization. However, the use of proxy measures for home care
availability due to the lack of direct data poses limitations to the robustness and accuracy
of these findings. Future research should aim to overcome these limitations by obtaining
and utilizing direct data on home care services. This section outlines a proposed future

research study that addresses these gaps.

7.9.1.1 Objectives

1. To obtain and utilize direct data on home care availability and usage among
dementia patients.

2. To evaluate the impact of home care availability on hospitalization rates,
institutionalization, and overall patient outcomes more accurately.

3. To assess the effectiveness of different types and intensities of home care services

in managing dementia.

7.9.12 Methodology

7.9.1.2.1 Data Collection

. Primary Data Collection: Conduct surveys and interviews with healthcare
providers, caregivers, and patients to gather detailed information on the availability,
frequency, and types of home care services.

. Secondary Data Collection: Collaborate with home care agencies and NHS home

care services to access administrative records and service utilization data.

165



. Integration with EHR Data: Link the collected home care data with existing
electronic health records (EHR) from sources such as the Clinical Practice Research

Datalink (CPRD) and the Hospital Episode Statistics (HES).

7.9.1.2.2  Study Design

. Cohort Study: Design a prospective cohort study involving dementia patients
receiving varying levels of home care services. This will involve regular follow-ups to
track patient outcomes over time.

. Comparative Analysis: Compare outcomes between patients with access to
robust home care services and those with limited or no access to such services. Utilize
propensity score matching to control for confounding variables.

. Mixed-Methods Approach: Combine quantitative analysis with qualitative
insights from patient and caregiver interviews to understand the nuances of home care

effectiveness.

7.9.1.2.3 Outcome Measutes

. Primary Outcomes: Hospital readmission rates, time to institutionalization, and
mortality rates.

o Secondary Outcomes: Quality of life, caregiver burden, and patient satisfaction
with care.

4. Statistical Analysis:

. Multivariate Regression: Use multivariate regression models to assess the
relationship between home care availability and patient outcomes, controlling for
potential confounders.

. Survival Analysis: Conduct survival analysis to evaluate time-to-event outcomes,
such as time to institutionalization and time to death.

. Multi-state modelling approach
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. We can use the linked data of primary care, hospital admission and homecare
and using the same model in thesis, analyse the rate of transition between the different
states of the model between patients with and without homecare availability while
adjusting for important covariates such as frailty, age, gender, socioeconomic

deprivation and comorbidities.

7.9.1.2.4 Anticipated Challenges

. Data Integration: Ensuring the seamless integration of home care data with
existing EHR data may present technical and logistical challenges.
. Data Privacy: Safeguarding patient confidentiality and obtaining necessary
consents for data usage will be critical.
. Variability in Home Care Services: Addressing the variability in types and quality
of home care services across different providers and regions.
Expected Contributions:
This future research study aims to provide a more accurate and comprehensive
understanding of the role of home care in managing dementia. By utilizing direct data
on home care availability, the study will address the limitations of proxy measures and
offer robust evidence on the effectiveness of home care services. The findings will
inform healthcare policies and clinical practices, ultimately improving the quality of care
for dementia patients and supporting caregivers.
By proposing this future research study, I aim to build on the insights gained from the
current thesis and address the identified data limitations, paving the way for more
precise and actionable recommendations in dementia care management.
Additionally, there is a need for more diverse cohort studies that include
underrepresented populations from various geographic and ethnic backgrounds to

enhance the generalizability of the findings. Further research into the biological
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mechanisms underlying dementia, particularly through the use of biomarkers and
genetic data, could lead to the discovery of new therapeutic targets and the
development of disease-modifying treatments. Finally, exploring the impact of
different care models and interventions on patient outcomes through randomized
controlled trials would provide robust evidence to inform clinical practice and

healthcare policy.
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Appendix A

Table 14 : ICD-10 codes used to identify dementia patients.

ICD
FOO
F00.0
F00.1

F00.2

F00.9
G30

LABEL
Dementia in Alzheimer’s disease
Dementia in Alzheimer’s disease with early onset

Dementia in Alzheimer’s disease with late onset

Dementia in Alzheimer’s disease atypical or mixed

type

Dementia in Alzheimer’s disease unspecified

Alzheimer’s disease

G30.0 Alzheimer’s disease with early onset

G30.1 Alzheimer’s disease with late onset
G30.8 Other Alzheimer disease unspecified
G30.9 Alzheimer’s disease unspecified

FO1
FO01.0
FO1.1
FO1.2
FO01.3
FO1.8
F01.9
167.3
F02.0
F02.1
F02.2
F02.3
F02.4

Vascular dementia

Vascular dementia of acute onset
Multi-infarct dementia

Subcortical vascular dementia

Mixed cortical and subcortical vascular dementia
Other vascular dementia

Vascular dementia, unspecified
Binswanger’s disease

Dementia in Pick’s disease

Dementia in Creutzfeldt-Jakob disease
Dementia in Huntington’s disease

Dementia in Parkinson’s disease

AGG
Alzheimer’s dementia
Alzheimer’s dementia

Alzheimer’s dementia

Alzheimer’s dementia

Alzheimer’s dementia
Alzheimer’s dementia
Alzheimer’s dementia
Alzheimet’s dementia
Alzheimet’s dementia
Alzheimet’s dementia
Vascular dementia
Vascular dementia
Vascular dementia
Vascular dementia
Vascular dementia
Vascular dementia
Vascular dementia
Vascular dementia
Rare dementia

Rare dementia

Rare dementia

Rare dementia

Dementia in human immunodef virus [HIV] disease Rare dementia
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ICD LABEL

F02.8 Dementia in other specified diseases classified

elsewhere

FO02 Dementia in other diseases classified elsewhere

FO03  Unspecified dementia

F05.1 Delirtum superimposed on dementia

F05.0 Delirium not superimposed on dementia, so described
G31.0 Circumscribed brain atrophy

G31.1 Senile degeneration of brain, not otherwise classified
G31.2 Degeneration of nervous system due to alcohol

G318 Other specified degenerative diseases of nervous
" system

G31.9 Degenerative disease of nervous system, unspecified
331.0 Alzheimer’s disease

290.4 Vascular dementia

046.19 Creutzfeldt Jacob

333.4 Huntingdon’s

331.1 Frontotemporal dementia

290.0 Senile dementia, uncomplicated

290.1 Presenile dementia

290.2 Senile dementia with delusional features

290.3 Senile dementia with delirium

294.9 unspecified persistent mental disorders

331.2 Senile degeneration

331.9 Cerebral degeneration unspecified
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AGG
Rare dementia

Unspecified dementia
type

Unspecified dementia
type

Unspecified dementia
type

Possible dementia
Possible dementia
Possible dementia

Possible dementia
Possible dementia

Possible dementia
Alzheimer’s disease
Vascular dementia

Rare dementia

Rare dementia

Rare dementia
Unspecified dementia
type

Unspecified dementia
type

Unspecified dementia
type

Unspecified ~ dementia
type

Possible dementia
Possible dementia

Possible dementia



Table 15: Read codes used for dementia patient’s identification in CPRD.

Read code
Alzheimer’s disease

Eu00012 [X]Primary degen dementia, Alzheimer's type, presenile onset

Eu00013 [X]Alzheimer's disease type 2

Fyu3000 [X]Other Alzheimet's disease

Eu00111 [X]Alzheimer's disease type 1

Eu01111 [X]Predominantly cortical dementia

Eu00113 [X]Primary degen dementia of Alzheimer's type, senile onset

Eu00011

=

|Presenile dementia,Alzheimet's type
Eu00000 [X]Dementia in Alzheimer's disease with eatly onset

Eu00z00

=

|Dementia in Alzheimer's disease, unspecified
Eu00100 [X]Dementia in Alzheimet's disease with late onset
F110100 Alzheimet's disease with late onset
F110000 Alzheimet's disease with early onset
Eu00200 [X]Dementia in Alzheimer's dis, atypical or mixed type
Eu00112 [X]Senile dementia,Alzheimer's type
Eu00z11 [X]Alzheimet's dementia unspec
Eu00.00 [X]Dementia in Alzheimer's disease
F110.00 Alzheimet's disease
Vascular dementia
E004100 Arteriosclerotic dementia with delirium

Eu01000 [X]Vascular dementia of acute onset
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E004200 Arteriosclerotic dementia with paranoia
Eu01y00 [X]Other vascular dementia

E004300 Arteriosclerotic dementia with depression
Eu01200 [X]Subcortical vascular dementia
E004000 Uncomplicated arteriosclerotic dementia
Eu01300 [X]Mixed cortical and subcortical vascular dementia
Eu012z00 [X]Vascular dementia, unspecified
E004z00 Arteriosclerotic dementia NOS

Eu01.11 [X]Arteriosclerotic dementia

Eu01100 [X]Multi-infarct dementia

E004.00 Arteriosclerotic dementia

E004.11 Multi infarct dementia

Eu01.00 [X]Vascular dementia

Rare dementia

Eu02400 [X]Dementia in human immunodef virus [HIV] disease
Eu02100 [X]Dementia in Creutzfeldt-Jakob disease

Eu02200 [X]Dementia in Huntington's disease

Eu02000 [X]Dementia in Pick's disease

F111.00 Pick's disease
Eu02300 [X]Dementia in Parkinson's disease
Eu02500 [X]Lewy body dementia
F116.00 Lewy body disease
Unspecified dementia type
E002z00 Senile dementia with depressive or paranoid features NOS
Eu02z11 [X] Presenile dementia NOS
Eu02y00 [X]Dementia in other specified diseases classif elsewhere
E001000 Uncomplicated presenile dementia
E001100 Presenile dementia with delirium
E012.00 Other alcoholic dementia
Eu04100 [X]Delirium superimposed on dementia
Eu02z13 [X] Primary degenerative dementia NOS
E001300 Presenile dementia with depression
E001200 Presenile dementia with paranoia

Eu02216 [X] Senile dementia, depressed or paranoid type
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E001200
E002.00
E003.00
Eul0711
E012.11
E041.00
E002000
Eu02.00
E002100
E001.00
9hD0.00
Eu02214
E000.00
Eu02z00
E00..11
E00..12
E02y100

Eu04000

Presenile dementia NOS

Senile dementia with depressive or paranoid features
Senile dementia with delirium

[X]Alcoholic dementia NOS

Alcoholic dementia NOS

Dementia in conditions EC

Senile dementia with paranoia

[X]Dementia in other diseases classified elsewhere
Senile dementia with depression

Presenile dementia

Excepted from dementia quality indicators: Patient unsuitable
[X] Senile dementia NOS

Uncomplicated senile dementia

[X] Unspecified dementia

Senile dementia

Senile/presenile dementia

Drug-induced dementia

Possible dementia

[X]Delirium not superimposed on dementia, so described

Table 16:: GitHub link to results of the selected studies and derived data variables in
the literature review of dementia progression studies.

https://github.com/camcaan/LitReview/blob/master/LitReview Table.xlsx
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Survival: HR (95% Cl, p-value)
Gender Female
Male
Marital status Married
Unknown
Unmarried
Widowed/separated
Age groups Under 65 yrs
65-69 yrs
70-74 yrs
75-19yrs
80-84 yrs
85 & over
Prior Insulin/Anti-diabetic exposure No
Yes
Ethnicities White
Asian
Black
Others
Diabetes duration 1-2 years
3-5 years
6 or more years
Index of Multiple deprivation  1{least deprived
2
3
4(most deprived)
Missing
England's regions South East Coast
East Midlands
East of England
Lendon
North East
North west
South Central
South West
West Midlands
Yorkshire & the Humber

Cerebrovascular No
Yes
Hip fracture Ne
Yes
cbesity Mo
Yes

Figure 19:

0.87 (0.84-0.91, p<0.001)
1.07 (1.01-1.14, p=0.022)
1.19 (0.97-1.45, p=0.092)
1.21(1.08-1.35, p<0.001)
3.02(2.74-3.34, p<0.001)
5,34 (4.90-5.82, p<0.001)
9,69 (8.93-10.51, p<0.001)
15.70 (14.46-17.05, p<0.001)
2359 (21.65-25.70, p<0.001)
0,89 (0.86-0.93, p<0.001)
0,64 (0.57-0.72, p<0.001)
0.98 (0.85-1.12, p=0.732)
0,60 (0.51-0.70, p<0.001)
1.14 (1.08-1.20, p<0.001)
1.24 (1.18-1.31, p<0.001)
1.00 (0.95-1.06, p=0.932)
1.10 (1.04-1.17, p=0.002)
1.18 (1.11-1.25, p<0.001)
052 (0.23-1.15, p=0.105)
1.11(0.99-1.24, p=0.079)
0.98 (0.88-1.04, p=0.340)
1,14 (1.05-1.24, p=0.002)
1.01(0.87-1.17, p=0.890)
112 (1.04-1.21, p=0.004)
0.99 (0.91-1.08, p=0.866)
0.95 (0.88-1.03, p=0.208)
1,08 (1.00-1.19, p=0.039)
0.94 (0.84-1.08, p=0.303)
1,57 (1.43-1.71, p<0.001)
1.51(1.26-1.81, p<0.001)

1.16 (0.95-1.42, p=0.151)
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Table 17 : Hazard Ratios (HRs) with 95% CI and P-values for each transition in the multi-state model

Term estimate std.error robust.se statistic p.value conf.low conf.high

Dementia diagnosis --> Hospital (State

1 (s0) --> State 2)

Home care 0.93 0.012 0.012 -6.04 1.56e-09 0.91 0.95
Age group 75-85 vs Under 75 1.34 0.014 0.014 20.95 1.74e-97 1.30 1.38
Age group 85+ 1.90 0.016 0.016 40.52 0.00e+00 1.84 1.96
Male vs Female 1.12 0.011 0.011 10.67 1.34e-26 1.10 1.15
IMD = 2 vs 1 (least deprived) 1.04 0.013 0.013 2.96 3.06e-03 1.01 1.07
IMD = 3 1.08 0.014 0.014 5.73 9.97e-09 1.05 1.11
IMD = 4 (most deprived) 1.11 0.015 0.015 7.24 4.62e-13 1.08 1.15
Alzheimer's dementia vs Unspecified 0.86 0.010 0.010 |-14.18 1.26e-45 0.85 0.88
Rare dementia 1.20 0.044 0.047 3.98 6.90e-05 1.10 1.32
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Vascular dementia

Prior Anti-cardiovascular drugs 0.010 0.011 14.99 9.02e-51

Prior anti-diabetic drugs

Subsequent hospital admission from
Out (State 3 -- > State 2)

Age group 75-85 vs Under 75 0.98 0.011 0.019 -1.20 2.32e-01 0.94 1.01

Age group 85+

Male vs Female 0.009 0.014 17.40 7.58e-68

IMD = 2 vs 1 (least deprived)

IMD = 4 (most deprived)
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Alzheimer's dementia vs Unspecified
Rare dementia

Vascular dementia

Prior Anti-cardiovascular drugs
Prior anti-diabetic drugs

Mild frailty

Moderate frailty

Severe frailty

30 day readmission

Subsequent hospital admission from
Institution (State 4 --> State 2)

1.03

1.03

166
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0.009

0.017

0.014

0.027

2.08

1.21

3.74e-02

2.28e-01




Home care

Age group 75-85 vs Under 75
Age group 85+

Male vs Female

IMD = 2 vs 1 (least deprived)
IMD = 3

IMD = 4 (most deprived)
Alzheimer's dementia vs Unspecified
Rare dementia

Vascular dementia

Prior Anti-cardiovascular drugs

Prior anti-diabetic drugs

1.03 0.043 0.053 0.48 6.32e-01 0.92 1.14
0.91 0.047 0.056 -1.76 7.86e-02 0.81 1.01
0.85 0.057 0.068 -2.45 1.44e-02 0.74 0.97
1.24 0.039 0.048 4.52 6.20e-06 1.13 1.36
1.08 0.051 0.059 1.36 1.73e-01 0.97 1.21
1.18 0.052 0.062 2.66 7.87e-03 1.04 1.33
1.35 0.051 0.062 4.82 1.46e-06 1.20 1.53
1.20 0.038 0.046 3.97 7.12e-05 1.10 1.31
0.83 0.165 0.182 -1.05 2.96e-01 0.58 1.18
1.41 0.070 0.086 4.03 5.66e-05 1.19 1.68
1.05 0.042 0.052 1.00 3.18e-01 0.95 1.17
1.29 0.069 0.088 2.89 3.88e-03 1.08 1.53
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Mild frailty
Moderate frailty
Severe frailty

30 day readmission

Hospital discharge (State 2 --> State 3)

Home care

Age group 75-85 vs Under 75
Age group 85+

Male vs Female

IMD = 2 vs 1 (least deprived)
IMD = 3

IMD = 4 (most deprived)

143

2.31

0.059

0.062

0.066

0.073

543

11.40

5.54e-08

4.31e-30
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Alzheimer's dementia vs Unspecified
Rare dementia

Vascular dementia

Prior Anti-cardiovascular drugs
Prior anti-diabetic drugs

Mild frailty

Moderate frailty

Severe frailty

30 day readmission

Institution to Out (State 4 -- > State 3)
Home care

Age group 75-85 vs Under 75

1.20 0.008 0.026 7.08 1.44e-12 1.14 1.27
0.77 0.030 0.111 -2.38 1.74e-02 0.62 0.95
1.07 0.016 0.047 1.43 1.54e-01 0.98 1.17
1.06 0.009 0.030 1.86 6.24e-02 1.00 1.12
1.06 0.014 0.042 1.39 1.64e-01 0.98 1.15
1.33 0.013 0.044 6.46 1.03e-10 1.22 1.45
1.69 0.013 0.045 11.55 7.46e-31 1.54 1.84
2.05 0.013 0.044 16.24 2.65e-59 1.88 2.23
1.09 0.008 0.029 2.87 4.14e-03 1.03 1.15
1.04 0.028 0.033 1.21 2.27e-01 0.98 1.11
0.99 0.031 0.038 -0.39 6.95e-01 0.92 1.06
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Age group 85+

Male vs Female

IMD = 2 vs 1 (least deprived)
IMD = 3

IMD = 4 (most deprived)
Alzheimer's dementia vs Unspecified
Rare dementia

Vascular dementia

Prior Anti-cardiovascular drugs
Prior anti-diabetic drugs

Mild frailty

Moderate frailty

0.94 0.037 0.044 -1.38 1.69e-01 0.86 1.03
1.38 0.025 0.030 10.84 2.26e-27 1.30 1.46
1.02 0.032 0.037 0.66 5.09e-01 0.95 1.10
1.06 0.033 0.039 1.45 1.48e-01 0.98 1.14
1.12 0.033 0.040 2.79 5.20e-03 1.03 1.21
1.06 0.024 0.029 2.18 2.93e-02 1.01 1.13
0.95 0.097 0.118 -0.48 6.33e-01 0.75 1.19
1.01 0.051 0.062 0.13 8.96e-01 0.89 1.14
1.15 0.027 0.033 4.16 3.19e-05 1.07 1.22
1.22 0.047 0.059 3.39 7.12e-04 1.09 1.37
1.29 0.036 0.040 6.25 4.13e-10 1.19 1.39
1.41 0.040 0.045 7.51 6.02e-14 1.29 1.54
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Severe frailty
30 day readmission

Hospital to Institutionalisation (State 2
-- > State 4)

Home care

Age group 75-85 vs Under 75
Age group 85+

Male vs Female

IMD = 2 vs 1 (least deprived)
IMD = 3

IMD = 4 (most deprived)

Alzheimer's dementia vs Unspecified

1.69 0.039 0.045 11.75 7.37e-32 1.55 1.85
1.25 0.027 0.032 6.89 5.45e-12 1.17 1.33
1.07 0.019 0.032 2.13 3.29e-02 1.01 1.14
1.15 0.022 0.038 3.72 2.00e-04 1.07 1.24
1.23 0.025 0.043 4.84 1.30e-06 1.13 1.34
0.94 0.017 0.029 -1.99 4.70e-02 0.89 1.00
1.14 0.021 0.038 3.58 3.50e-04 1.06 1.23
1.09 0.022 0.039 2.21 2.72e-02 1.01 1.18
1.30 0.023 0.041 6.36 1.97e-10 1.20 1.40
1.12 0.017 0.029 3.81 1.39e-04 1.06 1.18
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Rare dementia

Vascular dementia

Prior Anti-cardiovascular drugs
Prior anti-diabetic drugs

Mild frailty

Moderate frailty

Severe frailty

30 day readmission

Admission due to injury

Long hospital stay (>= 12 days)
Out to Institution (State 3 --> State 4)

Home care

0.77 0.066 0.108 -242 1.56e-02 0.62 0.95
1.03 0.035 0.055 0.61 5.40e-01 0.93 1.15
0.89 0.019 0.032 -3.49 4.84e-04 0.84 0.95
0.98 0.033 0.051 -0.31 7.59e-01 0.89 1.09
1.21 0.025 0.046 4.17 3.11e-05 1.11 1.33
1.51 0.027 0.048 8.57 1.01e-17 1.37 1.66
1.65 0.027 0.047 10.73 7.01e-27 1.51 1.81
0.95 0.019 0.033 -1.70 8.88e-02 0.89 1.01
1.71 0.040 0.083 6.44 1.22e-10 1.45 2.01
1.34 0.026 0.049 5.98 2.20e-09 1.22 1.48
0.76 0.062 0.077 -3.64 2.76e-04 0.65 0.88
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Age group 75-85 vs Under 75
Age group 85+

Male vs Female

IMD = 2 vs 1 (least deprived)
IMD = 3

IMD = 4 (most deprived)
Alzheimer's dementia vs Unspecified
Rare dementia

Vascular dementia

Prior Anti-cardiovascular drugs
Prior anti-diabetic drugs

Mild frailty

0.91 0.065 0.077 -1.16 2.44e-01 0.79 1.06
0.79 0.079 0.090 -2.58 9.84e-03 0.66 0.95
0.92 0.055 0.068 -1.19 2.35e-01 0.81 1.05
1.16 0.072 0.082 1.77 7.72e-02 0.98 1.36
1.16 0.075 0.087 1.76 7.971e-02 0.98 1.38
1.71 0.072 0.088 6.11 9.71e-10 1.44 2.04
1.28 0.053 0.064 3.83 1.27e-04 1.13 1.45
0.92 0.240 0.257 -0.31 7.60e-01 0.56 1.53
1.68 0.094 0.119 4.37 1.22e-05 1.33 2.13
0.65 0.059 0.071 -6.08 1.22e-09 0.56 0.75
1.30 0.093 0.116 2.27 2.35e-02 1.04 1.64
1.24 0.082 0.089 2.43 1.57e-02 1.04 1.48
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Moderate frailty
Severe frailty
30 day readmission

Death inside hospital (State 2 -- > State
5)

Home care

Age group 75-85 vs Under 75
Age group 85+

Male vs Female

IMD = 2 vs 1 (least deprived)
IMD = 3

IMD = 4 (most deprived)

1.48 0.029 0.045 8.67 4.44e-18 1.35 1.61
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Alzheimer's dementia vs Unspecified
Rare dementia

Vascular dementia

Prior Anti-cardiovascular drugs
Prior anti-diabetic drugs

Mild frailty

Moderate frailty

Severe frailty

30 day readmission
Admission due to injury

Long hospital stay (>= 12 days)

0.94 0.020 0.033 -1.98 4.80e-02 0.88 1.00
0.69 0.081 0.120 -3.13 1.73e-03 0.54 0.87
0.94 0.041 0.059 -1.06 2.88e-01 0.84 1.05
1.28 0.023 0.037 6.72 1.83e-11 1.19 1.38
0.92 0.037 0.055 -1.47 1.42e-01 0.83 1.03
1.99 0.041 0.054 12.77 2.31e-37 1.79 2.21
2.75 0.042 0.057 17.65 9.43e-70 2.46 3.08
3.54 0.041 0.055 2291 4.06e- 3.18 3.95
116
1.04 0.022 0.036 1.21 2.26e-01 0.97 1.12
1.30 0.053 0.093 2.86 4.28e-03 1.09 1.56
1.20 0.032 0.055 3.37 7.42e-04 1.08 1.34
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Death outside hospital (State 3 -->
State 5)

Home care 0019 | 0020 372682 n
19.20

Age group 75-85 vs Under 75

Age group 85+

Male vs Female

231

IMD = 3

IMD = 4 (most deprived) 0.96 0.023 0.025 -1.82 6.81e-02 0.91 1.00

Rare dementia 1.15 0.070 0.071 2.00 4.57e-02 1.00 1.32

Alzheimer's dementia vs Unspecified
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Vascular dementia

Prior Anti-cardiovascular drugs 0.018 0.019 1.54e-01

Prior anti-diabetic drugs

Mild frailty 0.028 0.027 12.79 1.89e-37

155

Moderate frailty

Severe frailty

30 day readmission

Death inside Institution (State 4 -->
State 5)

Home care

Age group 75-85 vs Under 75 0.038 0.041 1.91e-12

Age group 85+
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Male vs Female

IMD = 2 vs 1 (least deprived)
IMD = 3

IMD = 4 (most deprived)
Alzheimer's dementia vs Unspecified
Rare dementia

Vascular dementia

Prior Anti-cardiovascular drugs
Prior anti-diabetic drugs

Mild frailty

Moderate frailty

Severe frailty

1.47 0.028 0.031 12.66 1.02e-36 1.39 1.57
0.96 0.034 0.036 -1.24 2.15e-01 0.89 1.03
0.89 0.036 0.039 -3.13 1.78e-03 0.82 0.96
0.84 0.038 0.040 -4.47 7.75e-06 0.77 0.90
0.94 0.027 0.029 -1.99 4.61e-02 0.89 1.00
1.09 0.107 0.110 0.77 4.39e-01 0.88 1.35
0.89 0.058 0.063 -1.85 6.47e-02 0.79 1.01
1.22 0.030 0.033 6.04 1.56e-09 1.14 1.30
0.90 0.060 0.069 -1.56 1.18e-01 0.79 1.03
1.38 0.043 0.041 7.85 4.30e-15 1.28 1.50
1.85 0.045 0.045 13.62 2.97e-42 1.69 2.02
2.06 0.044 0.046 15.80 3.18e-56 1.88 2.25
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30 day readmission

1.09

0.030

0.033

2.51

1.21e-02

1.02

1.16
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Supplements

For this review we limited ourselves to the evidence available from OVID MEDLINE

for 2008 till April 2018 using the following search strategy (Search conducted on April

09, 2019):

Search strategy for literature review

1 exp DEMENTIA/ (152924)

2 exp ALZHEIMER DISEASE/ (86571)

3 dementia.mp. [mp=title, abstract, original title, name of substance word, subject
heading word, floating sub-heading word, keyword heading word, organism
supplementary concept word, protocol supplementary concept word, rare disease
supplementary concept word, unique identifier, synonyms] (114720)

4 alzheim*.mp. [mp=title, abstract, original title, name of substance word, subject
heading word, floating sub-heading word, keyword heading word, organism
supplementary concept word, protocol supplementary concept word, rare disease
supplementary concept word, unique identifier, synonyms] (145765)

5 *dementia/ (36898)

6  dementia.mp. (114720)

7 (alzheimer adj5 disease).mp. [mp=title, abstract, original title, name of substance
word, subject heading word, floating sub-heading word, keyword heading word, organism
supplementary concept word, protocol supplementary concept word, rare disease
supplementary concept word, unique identifier, synonyms] (92632)

8  (alzheimer adj5 amyloid).mp. [mp=title, abstract, original title, name of substance
word, subject heading word, floating sub-heading word, keyword heading word, organism
supplementary concept word, protocol supplementary concept word, rare disease
supplementary concept word, unique identifier, synonyms] (1578)

9 Tlor2or3or4or5or6or7or8 (234043)

10 exp Disease Progression/ (163579)

11 disease progression.mp. (197067)

12 (disease adj3 progression).mp. [mp=title, abstract, original title, name of substance
word, subject heading word, floating sub-heading word, keyword heading word, organism
supplementary concept word, protocol supplementary concept word, rare disease
supplementary concept word, unique identifier, synonyms] (220094)

13 exp disease course/ or disease course.mp. (11935)

14 (disease adj3 course).mp. [mp=title, abstract, original title, name of substance word,
subject heading word, floating sub-heading word, keyword heading word, organism
supplementary concept word, protocol supplementary concept word, rare disease
supplementary concept word, unique identifier, synonyms| (42497)

15  exp prognosis/ ot prognosis.mp. or prognos*.mp. or progres*.mp. (2657125)

16 clinical course.mp. (57744)

17 10o0r 11 or 12 or 13 or 14 or 15 or 16 (2725449)
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18  9and 17 (45249)

19 exp prospective studies/ (498887)

20 (prospective adj5 cohort).mp. [mp=title, abstract, original title, name of substance
word, subject heading word, floating sub-heading word, keyword heading word, organism
supplementary concept word, protocol supplementary concept word, rare disease
supplementary concept word, unique identifier, synonyms] (67993)

21  prospective studies.mp. (526388)

22 exp longitudinal studies/ or longitudinal.mp. (273221)

23 "observational studies".ti. or epidemiological studies/ (10658)

24 (cohort adj5 (study or studies or analy$)).mp. (383449)

25  ((follow-up adj5 (study or studies)) or longitudinal or retrospective or (observational
adj5 (study or studies))).af. (1746809)

26 19 or 20 or 21 or 22 or 23 or 24 or 25 (2276908)

27 18 and 26 (8662)

28 (health utili#ation or healthcare utili#fation or health system utili#fation).mp.
[mp=title, abstract, original title, name of substance word, subject heading word, floating
sub-heading word, keyword heading word, organism supplementary concept word,
protocol supplementary concept word, rare disease supplementary concept word, unique
identifier, synonyms] (4449)

29 27 or 28 (13105)

30 limit 29 to (english language and humans and "all aged (65 and over)" and last 10
years) (4824)

31  (201804* or 201805* or 201806* or 201807* or 201808* or 201809* or 201810* or
201811* or 201812* or 2019%).dt,ez,ed. (2018287)

32 30 and 31 (677) This is the result from the updated search since the last time the
search was done in 31/03/2018

The final number of journals therefore was 4824+677= 5,501

Skorokokkokkok kR Rk Rk Rk Rk Rk skokskokskokok

209



E-figures : Supplementary figures associated with literature review.
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Fig (el): Study locations and sample size percentage

*Asia also include Australia in chart B.

A) Percentage of global prevalence of dementia in different regions of the world (World Alzheimer’s report, 2015)

https://www.alz.co.uk/research/WorldAlzheimerReport2015.pdf.

This chart shows us how much in terms of percentage each region of the world contributes to global prevalence of Alzheimer's dementia.

B) Geographical distribution of dementia total sample size (N) in the studies identified in our review.

The waffle chart shows that 70% of the dementia cohort in the selected studies in this review were from Americas, while 28% were from Europe

and Scandinavia and only 2% from Asia*(Also include Australia here).
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https://www.alz.co.uk/research/WorldAlzheimerReport2015.pdf
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Fig (e2): Global distribution of studies in our review and total sample size in each year of publication.
The length of the bars shows the sum of sample size of all the studies which fulfilled our review inclusion criteria, published each
year from different regions of the World.

Majority of the studies were originated from Americas and Europe.
Only one study with the largest sample size was selected when one study leads to multiple publications.
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Sample size (N)
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s
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Figure (e3): Global distribution of studies identified in our systematic review.

(total studies = 100)
The size of the squares represents the sample size (N) from each country while the numbers represent the number of studies. The map shows that
majority of the studies were from North America and Europe.
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Figure e4: (A) Number of studies with the average follow-up
(B) Number of studies and their sample size (N)
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AD VaD Unclassified

100% 85%

50%

Percentage

20%

10%

6%

This Review Population This Review Population This Review Population
study CALIBER] study CALIBER| study CALIBER|

Figure (e5): Dementia subtypes reported in the studies compared to the English EHRs using CALIBER platform.

* CALIBER (CArdiovascular disease research using Linked Bespoke studies and Electronic health Records) is a platform combining the English primary
care data (CPRD) with mortality data and hospital data.

The bar graph shows the difference in prevalence of dementia subtypes reported in the population study using CALIBER platform and studies in this
review. In this review it clearly shows that Vascular dementia (VaD) is underrepresented, and cases were mainly identified as Alzheimer’s dementia (AD).
The data is from a study by Mar Pujadas-Rodriguez, et al, 2017 who used CALIBER platform to identify dementia prognosis. Total 47,386 individuals with
dementia were identified.
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APOE 1,865

CSF(t-tau,p-tau) 1,462
MRI 1,163

Amyloid

NfL

YLK 467

Plasma,Blood 404

FDG-PET

160

PiB-PET 61

DTI | 35

o

500 1000 1500 2000 O 2 4 6 8 10 12
Sample size (N) Number of studies

Fig (e6): Number of studies measuring different biomarkers with their sample size.

The length of bars on the right represents the number of studies reporting each biomarker and the bars
on the left represents the total sample size in those studies.

APOE: Apolipo protein E

PiB: Pittsburgh compound B

DTT: Diffusion tensor imaging

MRI: Magnetic resonance imaging

FDG-PET: Fluoro-deoxy-D-glucose- Positron Emission Tomography

NfL: Neurofilament light

YLK-40: name given to an astrocytic inflammatory protein.

216



Cognition
Function/ADL l

Secondary care resources used

24,763

17,776

2,305,418

Comorbidity 2,008,535

11,967

Neuropsychiatric

Mortality 332,682

Primary care resources used 1,986,699

500,558

Institutionalisation
Biomarkers and Brain Imaging
4,379

QoL

Nutrition 1,937

OK 500K 1000K 1500K 2000K 2500K 3000l

Sample size

30 40 50 60 70

Number of studies

Figure (e7): Outcome measures with the number of studies reporting it and their sample
size (N)

Note: One study can report more than one of the outcomes in the chart.

This bar chart shows the number of studies reporting each of the outcome measure and
the associated sample size of the individuals followed in those studies.

We can see that cognition was reportedly measured in 64 studies, however, these studies
had small sample size and the total N was only ~24k in these studies. On the other hand,
there were less studies measuring healthcare resource utilisation, but they had large N
because of their use of health insurance databases.
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Supplementary figures associated with chapter 8 multi-state model

Homecare

Age group 75-85 vs Under 75

Age group 85+

Male vs Female

IMD =2vs 1 (least deprived)

IMD =3 1

IMD =4 (most deprived)

Alzheimer's dementia vs Unspecified 1

Rare dementia -

Vascular dementia

Prior Anti-cardiovascular drugs

Prior anti-diabetic drugs

is ->F italisation (State 1(S0) --> State 2)

gl

.

1.00 1.25 1.50 1.75 2.00
Hazard ratios (95% CI)

Figure e8: Hazard plot showing the hazard ratios of hospitalisation after dementia

diagnosis.
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Hospital --> Discharge Out (State 2 --> State 3)

Homecare Ho—
Age group 75-85 vs Under 75 o
Age group 85+ —o—
Male vs Female [
IMD =2vs 1 (least deprived) |
IMD =3 -

IMD =4 (most deprived)-

Rare dementia {1 —&——
Vascular dementia
Prior Anti-cardiovascular drugs -

-
e
—o—
Alzheimer's dementia vs Unspecified | —o—
F——
o
H—o—

Prior anti-diabetic drugs
Mild frailty 1 —eo—
Moderate frailty ——
Severe frailty —e—

30 day readmission - o

1.0 15 20
Hazard ratios (95% CI)

Figure €9: Hazard plot showing the hazard ratios of hospital discharge to usual place of
living
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Hospital --> Institution (State 2 --> State 4)

Homecare H—eo—
Age group 75-85 vs Under 75 —o—
Age group 85+ —eo—
Male vs Female —o—
IMD =2vs 1 (least deprived)- —o—
IMD =3 1 —o—
IMD =4 (most deprived) —e—
Alzheimer's dementia vs Unspecified —o—

Rare dementia | H——@&——
Vascular dementia ——
Prior Anti-cardiovascular drugs —o—
Prior anti-diabetic drugs - —&—
Mild frailty - —eo—
Moderate frailty —e—
Severe frailty - ——e—

30 day readmission | —o—i

4

Admission due to injury I

Long hospital stay (>= 12 days) 1 —e—

1.0 1.5 2.0
Hazard ratios (95% CI)

Figure e10: Hazard plot showing the hazard ratios of hospital discharge to institutional
care
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Hospital --> Death (State 2 --> State 5)

Homecare L 4
Age group 75-85 vs Under 75 o
Age group 85+ —o—
Male vs Female n o

IMD =2vs 1 (least deprived)- =l
IMD =3 1 Ho-
IMD =4 (most deprived) o
Alzheimer's dementia vs Unspecified b 4|
Rare dementia { H—€—1
Vascular dementia o
Prior Anti-cardiovascular drugs o
Prior anti-diabetic drugs - = o
Mild frailty - —o—
Moderate frailty ——
Severe frailty -
30 day readmission 2 gl
Admission due to injury —o—

Long hospital stay (>= 12 days) 1 —o—

1 2 3
Hazard ratios (95% CI)

Figure el1: Hazard plot showing the hazard ratios of in-hospital deaths
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Homecare

Age group 75-85 vs Under 75

Age group 85+

Male vs Female

IMD =2vs 1 (least deprived) |

IMD =3 1

IMD =4 (most deprived)-

Alzheimer's dementia vs Unspecified |

Rare dementia

Vascular dementia

Prior Anti-cardiovascular drugs -

Prior anti-diabetic drugs

Mild frailty

Moderate frailty |

Severe frailty

30 day readmission -

Out --> Hospital readmission (State 3 --> State 2)

Lol
-
e
Lol
e
Lol
e
o
= % |
e
Lo
—o—
e
—e—i
e
R
1.00 1.25 1.50 1.75

Hazard ratios (95% CI)

Figure el12: Hazard plot showing the hazard ratios of rehospitalisation once discharged

home
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Out --> Institution (State 3 --> State 4)

Homecare —eo—
Age group 75-85 vs Under 75 —eo—
Age group 85+ F—e—
Male vs Female —o—
IMD =2 vs 1 (least deprived) H—e—
IMD =3 —e—

IMD =4 (most deprived) }

Alzheimer's dementia vs Unspecified —e—-

Rare dementia { | L 2 !

4

Vascular dementia f

Prior Anti-cardiovascular drugs{ +—¢—]

Prior anti-diabetic drugs - } L 2 |

Mild frailty f—-e——

Moderate frailty } 2 2 |

2

Severe frailty I

L 2

30 day readmission - f

0.5 1.0 15 20
Hazard ratios (95% CI)

Figure el3: Hazard plot showing the hazard ratios of institutionalisation from home
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Homecare |

Age group 75-85 vs Under 751

Age group 85+

Male vs Female |

IMD =2vs 1 (least deprived)

IMD =3 -

IMD =4 (most deprived)

Alzheimer's dementia vs Unspecified

Rare dementia -

Vascular dementia |

Prior Anti-cardiovascular drugs

Prior anti-diabetic drugs

Mild frailty

Moderate frailty

Severe frailty -

30 day readmission 1

Out --> Death (State 3 --> State 5)

Figure el4: Hazard plot showing the hazard ratios of death outside hospital
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from an institution (State 4 -> State 2)

Homecare —o—
Age group 75-85 vs Under 75 —o—|
Age group 85+ —o—
Male vs Female —o—
IMD =2 vs 1 (least deprived) H—o—
IMD =3 —eo—
IMD =4 (most deprived) —eo—
Alzheimer's dementia vs Unspecified —o—

Rare dementia { |————

Vascular dementia —e—
Prior Anti-cardiovascular drugs H—o—
Prior anti-diabetic drugs - f——e—
Mild frailty | —eo—
Moderate frailty ————
Severe frailty f L 4 !
30 day readmission - —o—
0.5 1.0 15 20 25
Hazard ratios (95% CI)

Figure el5: Hazard plot showing the hazard ratios of rehospitalisation from long term
care institutions

225



Institution --> Out (State 4 --> State 3)

Homecare H—o—
Age group 75-85 vs Under 75 —eo—
Age group 85+ ——
Male vs Female —eo—
IMD =2 vs 1 (least deprived) —o—
IMD =3 H—e—
IMD =4 (most deprived) —e—
Alzheimer's dementia vs Unspecified —o—
Rare dementia { | L 2 !
Vascular dementia —e—
Prior Anti-cardiovascular drugs - —eo—
Prior anti-diabetic drugs - ———
Mild frailty 1 —e—
Moderate frailty ——
Severe frailty - f—e—
30 day readmission - —eo—
0.75 1.00 1.25 1.50 1.75

Hazard ratios (95% CI)

Figure e16: Hazard plot showing the hazard ratios discharge home from long-term care
institutions
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Deaths inside institution (State 4 --> State 5)

Homecare o

Age group 75-85 vs Under 751 —eo—
Age group 85+ ———
Male vs Female | —o—

IMD =2 vs 1 (least deprived) o+

IMD =3 - —o—
IMD =4 (most deprived)| H¢—

Alzheimer's dementia vs Unspecified o

L 4

Rare dementia - ;
Vascular dementia{ H—¢——
Prior Anti-cardiovascular drugs 1 —o—i
Prior anti-diabetic drugs —e—
Mild frailty | —e—
Moderate frailty —e—
Severe frailty ———e—

30 day readmission —o—]

0.8 1.2 1.6 2.0
Hazard ratios (95% CI)

Figure el7: Hazard plot showing the hazard ratios of deaths inside long-term care
institutions
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