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Summary 
This thesis focuses on the impact of social isolation and loneliness on cognition and cognitive 

trajectories of patients with an Alzheimer’s disease or related disease diagnosis. While social 

isolation and loneliness are known to impact incidence risk, their effect on cognitive 

trajectories in patients, particularly after diagnosis, is relatively under studied. As these factors 

are potentially modifiable, exploring their impact offers an opportunity to inform care plans or 

non-pharmacological interventions, thereby improving quality of life for patients. A 

retrospective cohort design of electronic healthcare records was used across three modelling 

studies. Study 1 aimed to develop proxies of social isolation from the records and model their 

impact using linear multilevel models. Study 2 looked to build upon the models from Study 1 

by introducing the addition of non-linear multilevel models. Study 3 looked to further develop 

the models by introducing a natural language processing algorithm to detect novel proxies of 

both social isolation and loneliness from the records and analyse their impact on cognitive 

outcomes using a combination of linear and non-linear models. Findings indicated that 

accommodation status was a strong predictor of cognitive scores at diagnosis, regardless of 

cognitive measure. Reports of loneliness and social isolation predicted significant yet differing 

impacts on cognition as measured by the Montreal Cognitive Assessment. Patients 

experiencing loneliness exhibited worse overall cognition. Whereas, patients experiencing 

social isolation exhibited initially similar cognitive trajectories as controls with rates of cognitive 

decline that increased, relatively, around diagnosis. These studies demonstrate that social 

and demographic factors related to social isolation and loneliness contribute to cognitive 

performances across diagnosis trajectories and therefore have practical implications for 

clinical screening and routine data collection at memory clinics.  
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1 General Introduction 

 

1.1 Dementia, Alzheimer’s Disease and Related Diseases 

 

1.1.1 Definitions 

 

Dementia is a syndrome comprising acquired, progressive symptoms of cognitive impairment, 

primarily affecting memory, executive functions, language and the ability to perform daily 

activities, that is often used as an umbrella term to describe a number of related 

neurodegenerative diseases and/or the result of brain injury (World Health Organization, 2019, 

2023). Cognitive symptoms are often observed alongside, or in some cases foreshadowed by 

neuropsychiatric symptoms such as low mood, low motivation, apathy, depression, 

deteriorated social participation, social aggression, hallucinations and/or sleep disturbances, 

which have an impact on daily living (Lyketsos et al., 2011; World Health Organization, 2019). 

Mild cognitive impairment (MCI) is a term used to describe memory or thinking difficulties that 

arise but do not impact daily living. In some cases, MCI may be a precursor to dementia, but 

can also be caused by other conditions (Alzheimer’s Society, 2025a).  

 

Alzheimer’s disease (AD) is predominantly recognised as the most common 

neurodegenerative disease-causing cognitive impairment, accounting for approximately 65% 

of diagnosed cases (World Health Organization, 2023a). Given the broad range of underlying 

pathologies that can lead to a dementia syndrome, and due to the historical connotations of 

the term itself, there is a suggestion that the use of the term dementia should be phased out 

in favour of less stigmatising terminology (Jellinger, 2010; Trachtenberg & Trojanowski, 2008). 

The term, ‘dementia’, stems from the Latin root, ‘demens’, meaning to be out of one’s mind 

(Glare, 1968), while medical text from the seventeenth and eighteenth centuries equate 

dementia with idiocy, stupidity, foolishness and insanity (Berrios, 1987). Understandably, the 

term dementia could, therefore, be considered outdated and derogatory, yet it is still widely 

used within clinical (including in the names of diagnoses) and academic settings, by charities 

and by patients themselves.  
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For the purposes of this thesis, to encompass the diverse conditions leading to cognitive 

impairment while acknowledging the need for less stigmatising language, the term Alzheimer’s 

disease and related diseases (ADRD) is used throughout as an overarching term. This 

terminology broadens the scope beyond solely AD to include any disease, disorder or insult 

that would otherwise be considered a cause of dementia diagnosis (some studies use the 

term ‘all-cause dementia’, e.g. Sundström et al., 2020, however ADRD is preferred here for 

the reasons outlined), while the term ‘dementia’ will be reserved specifically to refer to the 

cognitive impairment syndrome (when used alone, i.e. not when being used as part of a 

diagnostic term, e.g. vascular dementia, or dementia with Lewy bodies). Chapter 2 will be an 

exception to this: where studies identified in the scoping review have specified a diagnosis, 

ADRD is used, however it was not always possible to discern this from the articles. Therefore, 

the term dementia is sometimes used in this chapter to mirror the term used in the study being 

referenced from the scoping review. 

 

1.1.2 Context 

 

Worldwide, as of 2018, there were at least 50 million patients living with an ADRD diagnosis 

(Patterson, 2018). The number of people living with dementia is greater still, due to people 

living without a formal ADRD diagnosis (Aldus et al., 2020). There is evidence that prevalence 

may be falling in specific higher income countries, potentially due to improved living conditions, 

improved cardiovascular health, improved access to education and/or healthcare, and/or 

improved awareness of risk factors (Livingston et al., 2017; Matthews et al., 2013; Wu et al., 

2017). However, this may not be true for all high-income countries, as systematic reviews 

suggest prevalence in some countries, such as Japan (Dodge et al., 2012) and Hong Kong 

(Yu et al., 2012), is increasing. Projections estimate that the total number of ADRD cases 

could treble in the next 20-30 years, reaching over 150 million by 2050 (S. Norton et al., 2013; 

Office for Health Improvement and Disparities, 2022; Patterson, 2018; World Health 

Organization, 2023a). The total number of people living with ADRD in the UK is still projected 

to increase, despite reducing incidence rates, mainly due to people living longer (Ahmadi-

Abhari et al., 2017). Increased life expectancy, declining fertility rates and increased ADRD 

incidence will inevitably have patient care and economic consequences (Ahmadi-Abhari et al., 

2017; Patterson, 2018; Storey, 2018), especially so considering increased age is the greatest 

predictor of ADRD incidence (Alzheimer’s Association, 2014; Katzman et al., 1989).  
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Recent pharmaceutical developments have led to two new AD medications, Lecanemab and 

Donanemab, that have been shown to reduce amyloid pathology (Chowdhury & Chowdhury, 

2023; Mintun et al., 2021; Rashad et al., 2023; Van Dyck et al., 2023). While approved for sale 

and use in the UK, they have not been approved by the National Institute for Health and 

Clinical Excellence (NICE) for prescription through the National Health Service (NHS), due to 

concerns over potential side effects, as well as a perceived low cost to benefit ratio (NICE, 

2024). Medications previously approved for prescription on the NHS have sought to improve 

or maintain cognitive function, rather than target underlying pathology. These include 

acetylcholinesterase inhibitors (e.g. Donepezil; Seltzer, 2005, 2007) and the glutaminergic 

NMDA antagonist (Memantine; Robinson & Keating, 2006). Disease modifying 

pharmaceutical therapies have the potential to reduce the health and economic burdens of 

ADRD (Selkoe, 2024). However, at least until such therapies are readily accessible and 

effective, approaches that focus on reducing risk and/or relieving symptoms are necessary. 

 

1.1.3 Aetiology 

 

The set of causes for dementia differs depending on the specific underlying disease diagnosis. 

Understanding these causes requires considering multiple levels of explanation across 

biological, genetic, and environmental domains, and considering how these factors interact. 

For example: at a molecular level, the Amyloid Cascade Hypothesis (ACH) theorises that 

abnormal protein processing leads to pathological changes within the brain (Hardy & Higgins, 

1992); at a genetic level, specific gene mutations and variations increase susceptibility (e.g. 

Corder et al., 1993); at a population level, factors like age, vascular health and lifestyle factors 

contribute to overall risk (e.g. Livingston et al., 2024). In the following paragraphs, these 

domains are considered in more detail, while also providing a brief overview of the aetiology 

of three common ADRD diagnoses. Population level factors that are modifiable, such as 

lifestyle factors, are discussed in the subsequent subchapter (section 1.1.4). 

 

AD is the most common single ADRD diagnosis, with age the greatest risk factor (Alzheimer’s 

Association, 2014; Alzheimer’s Society, 2025b; Katzman et al., 1989). Vascular dementia 

(VaD; a.k.a. vascular disease) is the second most common diagnosis, followed by dementia 

with Lewy bodies (DLB), and frontotemporal dementia, with rarer causes including early-onset 

dementia (a.k.a. young-onset dementia), Creutzfeldt–Jakob disease, HIV-associated 

neurocognitive disorder, and Huntington’s disease, amongst others (Alzheimer’s Society, 

2025b; Schneider et al., 2007). Mixed dementia is the term used when there is more than one 
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cause. Schneider and colleagues (2007) argue that mixed dementia is the most common 

cause of ADRD cases. In their study of a community-dwelling cohort from the Rush Memory 

and Ageing Project, it was found that, of those with an ADRD diagnosis, over half had more 

than one pathology, the most common combination being AD with vascular infarcts. While AD 

and VaD are the most common co-occurring diseases for mixed dementia, alternative disease 

combinations also contribute to diagnoses (National Health Service, 2024; Schneider et al., 

2007).  

 

AD, the most common ADRD diagnosis, is pathologically characterised by the accumulation 

of neuritic plaques and neurofibrillary tangles (NFTs) first described by Alois Alzheimer in 1906 

(see Hippius & Neundörfer, 2003; Katzman & Saitoh, 1991). It is now known that the primary 

aggregated components of these plaques and NFTs are, respectively, the amino acid peptide 

amyloid-beta (Aβ), and the cytoskeletal protein tau (Sheppard & Coleman, 2020). AD 

pathology is thought to initially impact neurons within the hippocampus before spreading to 

nearby brain regions, leading to synapse loss and atrophy (Braak & Braak, 1997; Masurkar, 

2018; Sheppard & Coleman, 2020). Amyloid plaques and neurofibrillary tau tangles can be 

found in affected areas and are believed to contribute to neurotoxicity (Behl, 2024; Hardy & 

Higgins, 1992; Selkoe & Hardy, 2016).  

 

The amyloid cascade hypothesis (ACH) posits that abnormal proteolysis of the amyloid 

precursor protein (APP) leads to the deposition of Aβ as a precursor to amyloid plaques, NFTs 

and eventually cell death (Hardy & Higgins, 1992). The ACH has driven extensive research 

into genetic risk factors for AD, particularly regarding early-onset familial cases (Armstrong, 

2019). Mutations of APP and presenilin genes PSEN1 and PSEN2 have been identified as 

the main causal factor of early-onset familial AD (Chapuis et al., 2017; Kabir et al., 2020). For 

sporadic and late-onset AD, variations in cholesterol transporter genes, notably APOE ε4, 

have been linked with increased risk (Corder et al., 1993; Leduc et al., 2010; Saunders et al., 

1993). In contrast, there is accumulating evidence that APOE ε2 could be a genetic protective 

factor (Serrano-Pozo et al., 2011). 

 

VaD results from vascular infarcts (damage to blood vessels), leading to a reduced supply of 

blood, oxygen and nutrients to the brain (Khan et al., 2016). These infarcts often stem from 

stroke or an accumulation of less apparent, ‘covert’ brain injuries, detectable through brain 

imaging or during autopsy (E. E. Smith, 2017). Post-stroke, ADRD incidence rates increase 

amongst survivors year upon year (Allan et al., 2011; Pendlebury & Rothwell, 2009). VaD 

frequently co-occurs with AD as mixed dementia (Schneider et al., 2007).  Diagnosing VaD 

requires extra consideration as to whether functional interferences aren’t due to other 
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consequences, such as motor or sensory impairments post-stroke (E. E. Smith, 2017). 

Genetic loci on the X and 17q25 chromosomes, as well as APOE allele variations, are 

associated with increased susceptibility to VaD (Kim et al., 2013; Schmidt et al., 2012). 

 

DLB is characterised as the occurrence of the dementia syndrome as a probable consequence 

of Lewy body pathology, an accumulation of α-synuclein protein aggregates associated with 

neuronal atrophy (Kanazawa et al., 2008; Walker et al., 2015). Lewy body pathology often 

requires imaging or autopsy for confirmation (Walker et al., 2007), and also plays a key role 

in Parkinson’s disease (PD), whereby DLB is diagnosed if dementia occurs before or within 

one year of the onset of parkinsonian motor symptoms (McKeith et al., 2017; Walker et al., 

2015). PD patients’ risk of cognitive impairment increases year on year following diagnosis 

(Williams-Gray et al., 2013), and cognitive impairment could be compounded by the co-

occurrence of AD pathology (Aβ plaques and tau NFTs) in up to 50% of PD patients (Irwin et 

al., 2013). This co-occurrence may mask the clinical features of DLB, potentially leading to 

misdiagnosis (Lopez et al., 2002; McKeith et al., 2017; Outeiro et al., 2019). Siblings of 

patients with DLB have increased risk of DLB and DLB clinical features compared to siblings 

of AD patients, suggesting an inherited genetic risk for DLB (Nervi et al., 2011), though further 

understanding of genetic risk factors is needed (McKeith et al., 2017; Outeiro et al., 2019). 

 

1.1.4 Modifiable Risk Factors 

 

Unlike non-modifiable risk factors, such as age and genetics, some factors that influence 

ADRD risk are modifiable. Modifiable risk factors are attributable to one’s environment and 

lifestyle, thus function at the population level, and therefore can be potentially changed 

throughout the course of one’s life. Three reports by Livingston and colleagues for The Lancet 

Commissions in 2017 (Livingston et al., 2017), 2020 (Livingston et al., 2020), and 2024 

(Livingston et al., 2024) investigate prevention, intervention and care with regards to ADRD. 

From these reports, 14 modifiable risk factors for ADRD are identified, considering existing 

evidence from published studies and meta-analyses, and conducting new meta-analyses 

where necessary. These 14 modifiable risk factors are estimated to be responsible for 

contributing to up to 45% of ADRD cases. These risk factors are less educational attainment, 

hypertension, hearing impairment, smoking, obesity, depression, physical inactivity, diabetes, 

social isolation, excessive alcohol consumption, traumatic brain injury, exposure to air 

pollution, untreated visual loss, and high low-density lipoprotein (LDL) cholesterol. Therefore, 

modification of these factors has the potential to prevent or delay the onset of up to 45% 
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(potentially more in lower- and middle-income countries) of cases at current rates, and could 

have implications for post-diagnostic care and policy (Livingston et al., 2020, 2024; Patterson, 

2018). Furthermore, reduction of risk via these 14 pathways remains possible regardless of 

APOE genetic risk (Livingston et al., 2024). This highlights the significant impact of population-

level factors on dementia risk, suggesting that modifiable risk factors are at least as impactful 

as genetic risk factors with regards to the cause of dementia, and importantly, can act to 

mitigate the effect of genetic risk. Thus, underscoring the complex interaction between genetic 

and population level factors in ADRD incidence; genetic predispositions may increase 

susceptibility at the biological level, while lifestyle and environmental factors influence whether 

and when these predispositions manifest. 

 

It is thought that these 14 factors contribute to risk throughout different stages of life: the main 

early-life (<45 years of age) risk factor is less educational attainment; the majority of factors 

contribute at mid-life (age 45-65 years), including hearing loss, high LDL cholesterol, traumatic 

brain injury, depression, hypertension, smoking, physical inactivity, diabetes, excessive 

alcohol consumption, and obesity; later-life (>65 years of age) factors include social isolation, 

exposure to air pollution, and visual loss (Livingston et al., 2017, 2020, 2024). It is unclear 

whether the differences between factors affecting risk at certain points in life reflects critical 

windows of exposure, or whether duration of exposure may play an important factor, so that 

people who develop early- or mid-life risk factors in late-life may also be at increased risk 

provided they live long enough (Livingston et al., 2024). It may be the case that the link 

between all risk factors and dementia is bidirectional, particularly later-life factors, though 

considering the long preclinical phase of some dementia causing diseases, changes in 

behaviour that also occur before clinical symptoms could indicate a true causal effect or 

reverse causation (Livingston et al., 2020, 2024). The precise mechanisms for how these risk 

factors could lead directly to ADRD incidence is still mostly unclear, though causal pathways 

including vascular, inflammatory, immunogenic, neuropathological, or relating to cognitive 

reserve are postulated, with the expectation that most if not all of these risk factors will follow 

at least one (if not some combination) of these routes, and that these pathways also interact 

with each other (Livingston et al., 2024). Current proposed mechanisms are discussed later 

in section 1.2.4. 

 

1.2 Reserve 
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1.2.1 Overview 

 

Cognitive reserve, in the context of ADRD, is a term that was derived to describe the lack of 

direct association between neuropathological burden and cognitive symptoms observed in 

autopsy studies (Stern, 2002). Numerous terms have since been used, often interchangeably, 

to describe the process in which brain function is protected from deterioration despite the 

presence of pathology or other brain injury. This thesis will primarily consider the definitions 

outlined in Stern et al., (2020) and later refined in Stern et al., (2023) to be the most well 

defined, most ubiquitous, and therefore the most relevant. In these works, Stern and 

colleagues first outline the concept of Reserve as individual differences in cognitive function 

or clinical status in relation to age or pathology. These individual differences are then broken 

down into three components: Cognitive Reserve (CR), Brain Reserve (BR), and Brain 

Maintenance (BM).  

 

1.2.2 Definitions 

 

CR specifically refers to the adaptability of brain networks at molecular and cellular levels to 

maintain functional interactions despite age, the presence of pathology, and/or brain injury. 

CR is a dynamic process, thought to be determined by a combination of modifiable (e.g. 

exposure to certain environmental conditions) and non-modifiable (e.g. genetics) factors. 

Individual differences in CR are proposed to influence a person’s susceptibility to negative 

changes, while exposure to neurocognitive stimulation may also offer protection. Through 

these processes, CR gives the capacity for a person to outperform their expected level of brain 

or cognitive function, given their age, pathology, and/or injury. 

 

BR refers to the concept that individual differences account for people having more or less 

structural brain capacity (e.g. more or less grey/white matter, synapses etc.). A reduction in 

cognitive function would only occur after a critical threshold of ‘lost’ structural brain capacity 

had been reached or surpassed. It is supposed, therefore, that people with higher BR would 

have more capacity to lose before reaching this threshold and could theoretically delay or 

prevent the onset of cognitive impairment (Arenaza-Urquijo & Vemuri, 2018, 2020; Stern et 

al., 2020, 2023).  

 

Whereas BR refers to a fixed status of the brain at any given time, BM refers to the dynamic 

process of maintaining brain function. This is thought to be achieved through avoidance of 
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pathological hallmarks or brain injury, a reduction in the impact that pathology or brain injury 

exhibits, and/or a reduction in the rate of neuropathological advancement. Some combination 

of these processes is responsible for delaying potential cognitive decline, therefore 

maintaining cognitive function (Bocancea et al., 2021; Stern et al., 2020, 2023).  

 

For additional context, the term Cognitive Resilience is defined by Stern and colleagues as a 

catch-all term for any concept, mechanism, or study generally related to the brain's ability to 

maintain function despite age, pathology and/or injury (Stern et al., 2020, 2023). Additionally, 

in modelling studies, Cognitive Resilience is also used to describe the residual difference 

between a patient’s observed level of cognition and their expected level of cognition based on 

their pathology (Bocancea et al., 2021; Elman et al., 2022; Graham et al., 2021; Kremen et 

al., 2022; Wagner et al., 2022; Yao et al., 2020). 

 

1.2.3 Cognitive Reserve and Modifiable Lifestyle Factors 

 

When studying cognitive reserve, it is necessary to utilise readily available socio-behavioural 

indicators (so called ‘convenience proxies’), assuming their covariance with and/or 

contribution to cognitive reserve (Borroni et al., 2009; Stern et al., 2020). Such convenience 

proxies could then, for instance, be interpreted to moderate the association between 

pathological change and disease severity (Stern et al., 2023). Stern and colleagues (2023) 

define three components needed to elucidate cognitive reserve: (1) a measure of brain 

changes, representing injury or disease pathology, that is thought to impact cognition; (2) a 

measure of cognition, as a representation of functional brain change severity; (3) some 

variable that is thought to influence the relationship between the first two components, as a 

representation of cognitive reserve. An example of this using a common proxy would be 

education level (e.g. Alexander et al., 1997; Bennett et al., 2006; Meng & D’Arcy, 2012; 

Perneczky et al., 2009; Reed et al., 2011; Rouillard et al., 2017; Scarmeas et al., 2003; Stern 

et al., 1992; Yao et al., 2020). In this example, a measure of cerebral blood flow would 

represent the impact of disease pathology on the functional metabolism of the brain, a 

measure of Mini-Mental State Examination would represent cognitive function; and a measure 

of a person’s highest attained level of completed education would represent education level. 

Using these representations, researchers could assess how education level moderates the 

relationship between disease progression and cognitive function, given the known levels of 

each. Other commonly used convenience proxies of cognitive reserve include 

occupation/occupational complexity (Borroni et al., 2009; Habeck et al., 2019; Rouillard et al., 
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2017), engagement in (cognitively stimulating) leisure activity (Borroni et al., 2009; Casaletto, 

Renteíıa, et al., 2020; Casaletto, Staffaroni, et al., 2020; Sumowski et al., 2013; Yao et al., 

2020), engagement in physical activity (Anatürk et al., 2021; Buchman et al., 2019; Casaletto, 

Renteíıa, et al., 2020; Casaletto, Staffaroni, et al., 2020; Yao et al., 2020), and premorbid 

reading ability/IQ (Alexander et al., 1997; Anatürk et al., 2021; Fyffe et al., 2011; Negash et 

al., 2013; Scarmeas et al., 2003). 

 

The 14 modifiable ADRD risk factors identified in the Livingston and colleagues reports 

(Livingston et al., 2017, 2020, 2024) could be considered cognitive reserve proxies due to 

their protective factors, and there is scope (though, due to lack of direct measure of disease 

progression, outside the scope of this thesis) to investigate these modifiable risk factors further 

from a cognitive reserve perspective (studies investigating social connection and cognitive 

reserve and reviewed in section 1.3.5). Measures commonly used for evaluating cognition 

with regards to ADRD include the Montreal Cognitive Assessment (MoCA; Nasreddine et al., 

2005), the Mini-Mental State Examination (MMSE; Folstein et al., 1975), and the 

Addenbrooke’s Cognitive Examination (ACE; Noone, 2015). Other studies utilise the Clinical 

Dementia Rating (CDR) scale (C. P. Hughes et al., 1982), which encompasses both cognitive 

and general function domains to assess dementia severity. In the case of AD specifically, 

imaging studies have often used regional metabolism or regional cerebral blood flow (CBF) 

change as an indicator for pathological change, such as neuronal loss, within the brain 

(Friedland et al., 1985; Hoffman et al., 2000; E. G. McGeer, McGeer, et al., 1990; E. G. 

McGeer, Peppard, et al., 1990; P. L. McGeer, Kamo, Harrop, Li, et al., 1986; P. L. McGeer, 

Kamo, Harrop, McGeer, et al., 1986; Mielke et al., 1996; Scarmeas et al., 2003; Stern et al., 

1992). Other approaches have used brain atrophy, or regional density as an indication of 

disease progression (Perry, Roth, et al., 2022; Zhang et al., 2022). 

 

In their systematic review, Song and colleagues (2022) identified the three models of 

investigating cognitive reserve that are most frequently used: the residual model, the 

moderation model, and the controlling model. The residual model looks to examine the impact 

of some lifestyle/modifiable factor(s) on the difference (i.e. residual) between an observed 

measure of cognition and an expected measure of cognition given a person’s level of 

pathology (e.g. Anatürk et al., 2021; Negash et al., 2013; Reed et al., 2011; Yao et al., 2020). 

The moderation model explores whether lifestyle/modifiable factor(s) influence the 

relationship between pathology and cognition (Amato et al., 2013; Bartrés-Faz et al., 2009; 

Buchman et al., 2019; Casaletto, Renteíıa, et al., 2020; Casaletto, Staffaroni, et al., 2020; 

Chan et al., 2018; Nunnari et al., 2016; Rouillard et al., 2017; Snitz et al., 2020; Sumowski et 

al., 2013). In line with cognitive reserve theory, moderation models predict that individuals with 
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healthier lifestyles will experience less severe cognitive decline in relation to pathology than 

those with less healthy lifestyles (Song et al., 2022). The final model Song and colleagues 

outline is the controlling model, which they describe as being implemented in one of two 

variations in terms of approach to statistical analyses. The first variation investigates the 

relationship between lifestyle/modifiable factor(s) and cognition, controlling for pathology (e.g. 

Sumowski et al., 2010). This approach posits that healthier lifestyles are linked to better 

cognitive performance, even when pathology is comparable. The second variation 

investigates the relationship between lifestyle/modifiable factor(s) and pathology, controlling 

for cognition (Borroni et al., 2009; Harris et al., 2015; Scarmeas et al., 2003). This approach 

predicts that people with healthier lifestyles will exhibit more brain pathology while maintaining 

the same cognitive level as people with less healthy lifestyles and less brain pathology, 

suggesting a protective effect of healthier lifestyles. 

 

1.2.4 Proposed Mechanisms 

 

The precise mechanisms for how cognitive reserve prevents or protects from cognitive decline 

and dementia in ADRD are not fully understood, however several studies offer insight by 

exploring the association between cognitive reserve proxies and cognition considering 

pathological changes, or the relative absence of brain changes over time. Cognitive reserve 

proxies inversely associated with cognitive decline, dementia and ADRD incidence risk include 

education level, occupational complexity, engagement in leisure activities, amongst other 

socio-behavioural factors (see section 1.2.3). People with higher levels of education 

attainment and demanding occupational environments exhibit lower levels of cognitive 

decline, however whether education level and occupational complexity are associated with 

reduced ADRD incidence risk independent of each other is somewhat debated (Alvares 

Pereira et al., 2022; Dekhtyar et al., 2015; Karp et al., 2009). Access to higher education often 

leads to access to more complex and intellectually stimulating occupations. Consequently, it 

is challenging to isolate the unique contribution of each factor to cognitive reserve, as their 

effects may be intertwined and mutually reinforcing. Furthermore, the associated reduction in 

ADRD incidence risk of occupational complexity may only be present for certain ADRD 

subtypes (Kröger et al., 2008).  

 

Imaging studies have aimed to identify brain regions or networks associated with cognitive 

reserve proxies and pathology. One mechanism may be related to metabolism. Specifically, 

studies have found an inverse relationship between CBF in regions associated with AD (e.g. 
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temporal, temporal-occipital-parietal, parieto-temporal, pre-frontal, pre-motor, and left superior 

parietal cortices), education level (Scarmeas & Stern, 2003; Stern et al., 1992), and premorbid 

reading level/IQ (Alexander et al., 1997; Scarmeas et al., 2003), when controlling for disease 

severity, suggesting these proxies offer some protective role in disease severity. Further 

imaging studies have shown associations between alcohol consumption (Topiwala et al., 

2017), education level (AddNeuroMed Consortium et al., 2012), and social connection factors 

(Perry, Roth, et al., 2022; Zhang et al., 2022) with neuronal density, suggesting a role in brain 

reserve and maintenance (Alvares Pereira et al., 2022). Childhood and mid-life stressful life 

events have been found to be associated with neuroinflammation and various AD pathologies 

such as higher NFTs (Palpatzis et al., 2024). Circulating metabolites, found within the 

bloodstream (as well as other bodily fluids), have been found to be associated with cognition, 

ADRD and modifiable lifestyle factors, suggesting that vascular metabolism is another 

potential mechanism for reserve (van der Lee et al., 2018). Exposure to pollutants within the 

air may directly contribute to neurotoxicity and has been shown to increase risk of ADRD and 

other neurological disorders (Costa et al., 2017; Peters et al., 2019). Exercise has been linked 

with increased CBF, as well as an increase in levels of Orexin-A, a neuropeptide, that has in 

turn been found to be linked to neurogenesis in the hippocampus (Chieffi et al., 2017), which 

is a key area of neuronal loss in AD.  

 

1.3 Social Connection 

 

1.3.1 Definitions and Distinctions 

 

Social isolation is one of the 14 modifiable risk factors for ADRD highlighted in the Livingston 

reports (Livingston et al., 2017, 2020, 2024). Social isolation constitutes an objective lack of 

social contacts, social relationships and social roles (de Jong Gierveld et al., 2006; Holt-

Lunstad, 2017; Perissinotto et al., 2019; Wenger et al., 1996). In contrast, loneliness 

constitutes a subjective negative experience occurring as a result of a disparity, that can be 

either quantitative or qualitative, between a person’s perceived level of social connection and 

their desired level of social connection (de Jong Gierveld et al., 2006; de Jong-Gierveld, 1987; 

Perlman & Peplau, 1981; Wenger et al., 1996). This negative experience is not necessarily 

synchronous with an objective lack of social connection; therefore a person can be alone 

without feeling lonely, and vice versa (Perlman & Peplau, 1981). In this sense, social isolation 

can be seen as an objective lack of social connection, whereas loneliness represents a 
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subjective emotional absence of social connection. Some studies represent loneliness to be 

the subjective experience of isolation (Zhang et al., 2022). However, the current thesis posits 

that subjective experience of isolation and the subjective experience of loneliness are distinct 

(see section 1.3.4 and Chapter 6).  

 

1.3.2 Context 

 

The onset of the COVID-19 pandemic and associated social restrictions undoubtedly brought 

social connection to the fore in conversations and articles in mainstream news media (Andrew 

& Morava, 2021; BBC, 2020a, 2020c; Chillag, 2020; Davies, 2020; Moss & England, 2021), 

with some articles particularly focussing on the experience of people living in care homes, or 

people ‘shielding’ due to health conditions, and their relatives (BBC, 2020b, 2021; I. Bennett, 

2021; Bethell, 2021). The UK appointed its first Minister for Loneliness in 2018, following the 

Jo Cox Commission on Loneliness (Jopling et al., 2017), while the World Health Organisation 

(WHO) announced its commission on social connection in 2023, to be completed between 

2024 and 2026 (World Health Organization, 2023b, 2024). Social connection has been gaining 

prominence as a topic within the academic scope for some time, and particularly within the 

past 5 years. A search of ‘social isolation’, ‘loneliness’ and ‘social connect*’ (to cover social 

connection and social connectedness as it is otherwise known as) within the titles of published 

peer reviewed papers on the Web of Science database reveals a sharp increase in papers 

published between 2019 and 2021, coinciding with the onset of the COVID-19 pandemic, 

before plateauing (see Figure 1.1). The Covid-19 pandemic and associated enforced social 

restrictions offer an interesting opportunity to explore social connection from a natural 

experiment approach. 
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Figure 1.1 
Number of Publications, by Year, of Social Connection Related Titles on Web of Science 

 
 

There is evidence to suggest that the prevalence of social isolation and loneliness amongst 

older adults and those with an ADRD or MCI diagnosis, is particularly high compared to other 

age groups (Hajek et al., 2023; Hajek & König, 2025). It is suggested that this increased 

prevalence to lower social connection could be due to challenges related to aging, such as 

occupational changes, need for care, caregiving, bereavement, physical decline/disorder, 

cognitive decline/disorder, discriminatory societal views, or comorbidities (Hajek et al., 2023; 

M. L. Smith et al., 2020). As well as ADRD incidence risk (see section 1.3.3), social isolation 

and loneliness have been associated with a variety of negative health consequences including 

depression (e.g. Santini et al., 2014), coronary heart disease (e.g. Hemingway and Marmot, 

1999), functional decline (e.g. Avlund et al., 2004), mortality (e.g. Holt-Lunstad et al., 2010), 

cognitive decline in people without dementia or ADRD diagnosis (e.g. Kuiper et al., 2016; Röhr 

et al., 2020), and increased neuropsychiatric symptoms (e.g. Manca et al., 2020). As well as 

being vulnerable to low social connection, older adults are more at risk of Covid-19 severe 
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complications (including death), due to comorbidities (Sanyaolu et al., 2020). Efforts to limit 

exposure to Covid-19, such as social distancing, may counteract efforts to improve social 

connection amongst older adults; a situation sometimes referred to as the Covid-19 Social 

Connectivity Paradox (M. L. Smith et al., 2020). Some studies have investigated the impact of 

social restrictions associated with the COVID-19 pandemic on cognitive outcomes in people 

with dementia/ADRD (see Chapter 2), and those without previous cognitive impairment (e.g. 

Babulal et al., 2021; Lehtisalo et al., 2021; Sutton et al., 2022). 

 

1.3.3 Proxies, Quantification and Incidence Risk 

 

Similarly to cognitive reserve, quantification of social isolation and loneliness utilises proxies 

of factors that are thought to tap into aspects of their underlying properties, and/or due to their 

associated cooccurrences. For example, marital status has previously been identified as a key 

component of social isolation due to its association with varying family structures and social 

interaction (Livingston et al., 2020; Saito et al., 2018; Sommerlad et al., 2018; Wenger et al., 

1996). Considering people in mid-late life, marital status can offer an indication of long-term 

social interaction (Livingston et al., 2020). Being married is thought to be associated with more 

frequent social interaction (or ‘social engagement’; (Livingston et al., 2020; Sommerlad et al., 

2018), with more frequent interaction being associated with reduced cognitive decline (Kuiper 

et al., 2016) and ADRD incidence (Kuiper et al., 2015). Being married is associated with a 

reduction in unhealthy behaviours (Fuller & Tech, 2010; Joung et al., 1995), which could also 

help to decrease ADRD incidence risk (Sommerlad et al., 2018). Conversely lifelong single 

people, or people who are widowed have been found to be at increased risk of ADRD 

incidence, controlling for age and sex (Sommerlad et al., 2018). Specifically, the finding that 

lifelong single people are at 42% increased risk of ADRD incidence (Sommerlad et al., 2018) 

is comparable to findings for other known modifiable risk factors (National Institute for Health 

and Care Excellence, 2015; S. Norton et al., 2014). It is suggested that the increased risk in 

widowed people could be mediated through stress (Sommerlad et al., 2018), which has also 

been shown to be associated with increased ADRD incidence risk (Johansson et al., 2013). 

Mid-life social interaction (or ‘social contact’) has been found to be associated with follow-up 

cognitive performance, while more frequent mid-to-late-life social contact with friends, rather 

than family, has been found to be associated with reduced ADRD incidence (Sommerlad et 

al., 2019).  
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Rather than reducing aspects of social connection to one factor, others argue that it is 

important to take a holistic approach to social connection, as different aspects may impact 

health outcomes through a variety of mechanisms (Kuiper et al., 2015). A meta-analytic review 

by Kuiper and colleagues (2015) into social connection and the risk of ADRD incidence 

provided evidence towards the conclusions of Livingston and colleagues (2017), that social 

isolation contributes to the population attributable factor for ADRD incidence. Specifically, the 

meta-analysis by Kuiper and colleagues (2015) aimed to investigate the relationship between 

social connection and ADRD incidence by reviewing and analysing longitudinal data from 19 

identified cohorts. Social connection factors were categorised into six groups: social network 

size; social participation; frequency of social contact; loneliness; satisfaction with social 

network; other social relationship factors. From the results of the meta-analysis, pooled 

estimates revealed statistically significant increased risk of ADRD incidence for people with 

low levels of social participation compared to higher levels of social participation (RR = 1.41, 

95% CI [1.13, 1.75]), for people with lower frequency of social contact compared to higher 

frequency of social contact (RR = 1.57, 95% CI [1.32, 1.85]), and for people who are lonely 

compared to not lonely (RR = 1.58, 95% CI [1.19, 2.09]). No statistically significant association 

with ADRD incidence was found for satisfaction with social networks (RR = 1.25, 95% CI [0.96, 

1.62]). Estimations for social network size and ADRD incidence could not be made due to 

heterogeneity in populations, outcomes, measures and methodological quality of the identified 

studies. It is suggested these results indicate that frequency of interactions plays a larger role 

in ADRD risk than size of social network with regards to social isolation, and that social 

connection is comparable to other known ADRD risk factors such as depression (e.g. Diniz et 

al., 2013), physical activity, hypertension, education attainment (e.g. Norton et al., 2014), and 

smoking (e.g. Beydoun et al., 2014). 

 

Alternatively, some consider that living status (i.e. living alone or with others) is a more 

objective proxy for objective social connection (Desai et al., 2020; Wenger et al., 1996). In a 

following review and meta-analysis, Desai and colleagues (2020) argue that the use of various 

aspects of social connection utilised by Kuiper and colleagues (2015) in their meta-analysis, 

and the variety of definitions of those aspects between the studies themselves, introduces 

heterogeneity which is likely to lead to less accurate interpretations. Living alone has been 

used as a proxy for social isolation in numerous longitudinal studies (Akbaraly et al., 2009; 

Arai et al., 2004; Bickel & Cooper, 1994; R. Chen et al., 2011; Fratiglioni et al., 2000; He et 

al., 2000; Helmer et al., 1999; Holwerda et al., 2014; Paillard-Borg et al., 2009; Rawtaer et al., 

2017; Rodriguez et al., 2018; Sörman et al., 2015) and pooled effect sizes reveal an 

association with a significant increase in ADRD incidence risk for people living alone, 

compared to people living with others (RR = 1.30, 95% CI [1.15, 1.46]; Desai et al., 2020). 
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Levels of heterogeneity within the analysis were found to be non-significant (𝜒2 = 9.23, df = 

11, p = .60, I2 < .001%), and ADRD incidence risk remained at similar levels after a sensitivity 

analysis removed three studies at medium risk of bias (RR = 1.31, 95% CI [1.13, 1.51]). Desai 

and colleagues estimated the population attributable fraction (PAF) of living alone to be 8.9%, 

concluding that social isolation, proxied by living alone, may contribute to greater ADRD 

incidence rates than previously thought. Though, the latest report by Livingston and 

colleagues (Livingston et al., 2024) reported weighted PAF calculations of 4.6%. 

 

Desai and colleagues (2020) do not consider loneliness in their analysis as a subjective aspect 

of social connection, despite some of the studies included in their review containing a measure 

of loneliness. The authors acknowledge that loneliness could be a more substantial driving 

factor than people intrinsically living alone, as some people seek living alone through 

preference. A systematic review and meta-analysis focusing specifically on the impact of 

loneliness to ADRD risk (as well as MCI risk) was conducted by Lara and colleagues (2019). 

In this review, the authors identified 11 longitudinal studies (R. Chen et al., 2011; He et al., 

2000; Holwerda et al., 2014; Lobo et al., 2008; Rafnsson et al., 2020; Rawtaer et al., 2017; 

Sutin et al., 2020; Wilson, Krueger, et al., 2007; Wilson et al., 2015; Zhou et al., 2018) all of 

which used self-report measures of loneliness. Pooled estimates for eight studies investigating 

ADRD incidence (Chen et al., 2011; He et al., 2000; Holwerda et al., 2014; Lobo et al., 2008; 

Rafnsson et al., 2017 Sutin et al., 2018; Wilson et al., 2007; Zhou et al., 2018a) revealed an 

increased risk of loneliness on ADRD incidence (RR = 1.26, 95% CI [1.14, 1.40]), with the 

level of heterogeneity across the studies found to be non-significant (𝜒2 = 9.10, df = 7, p = 

.25). Sensitivity analyses also confirmed these findings to be robust to potential confounding 

effects from exposure measurement, duration of follow-up, depression adjustment or risk of 

bias. Only two identified studies investigated the impact of loneliness on MCI incidence (Lobo 

et al., 2008; Wilson et al., 2015), however a meta-analysis could not be performed due to only 

one study reporting effect sizes. The study that did report effect sizes (Lobo et al., 2008) found 

a significant increase of loneliness on MCI incidence risk (OR = 2.05, 95% CI [1.31, 4.97]). 

Interestingly, the one study identified by the authors that explored the impact of loneliness on 

the transition between MCI and ADRD (Rawtaer et al., 2017) found no significant impact of 

loneliness (HR = 1.02, 95% CI [0.66, 1.57]). The authors conclude that their findings add 

further support to the evidence of the impact of loneliness on ADRD incidence, building upon 

previous findings such as those of Kuiper and colleagues (2015). 

 

In contrast, a systematic review into social connection, loneliness and ADRD risk by 

Penninkilampi and colleagues (Penninkilampi et al., 2018) found an increased risk in people 

with poor social networks (RR = 1.59, 95% CI = 1.31, 1.96, I2 = 0.00%) and poor social support 
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(RR = 1.28, 95% CI = 1.01, 1.62, I2 = 55.51%), and decreased risk in people with good social 

engagement (RR = 0.88, 95% CI = 0.80, 0.96, I2 = 0.00%). The review did not find a significant 

association between loneliness and associated incidence risk (RR = 1.38, 95% CI = 0.98, 

1.94, I2 = 45.32). Similarly, a longitudinal study utilising data from the UK Biobank (Elovainio 

et al., 2020) found a significant associated increased risk between ADRD incidence and 

isolation (HR = 1.34, 95% CI = 1.11, 1.60, p = 0.003), but not loneliness (HR = 0.96, 95% CI 

= 0.75, 1.23, p = 0.716). The latest report by Livingston and colleagues (Livingston et al., 

2024) does not offer a PAF calculation for loneliness. 

 

1.3.4 Measures of Social Connection 

 

As well as the proxies discussed in the previous sections, studies often use measurement 

tools to identify aspects of social connection. Chen and colleagues (2011) used a single yes/no 

response item, asking if the participant had good relationships with others/ease in acquiring 

friends to determine loneliness. While this item may address some of the subjective disparity 

between desired and achieved level of social relationships, it does not seem to consider that 

some people may prefer solitude. Therefore, the question may instead be inadvertently 

tapping into the objective measure of quantity of social interactions/engagements. In their 

study on psychosocial risk factors for AD, He and colleagues (2000) refer to the use of a 100-

item psychosocial factors questionnaire. In a results section table showing the findings from 

the 10-year follow-up, there is a variable referred to as simply, ‘Lonely’, along with percentages 

of AD incidence, relative risk, confidence intervals and population attributable factor. Holwerda 

and colleagues (2014) used a single-item yes/no question, “Do you feel lonely or very lonely?” 

This was adapted for use by Zhou and colleagues (2018) by shortening the question to, “Do 

you feel lonely?” with 5 response options, “never”, “seldom”, “sometimes”, “often”, or “always”. 

Dropping, “or very lonely” from the original question seems inconsequential, when Holwerda 

and colleagues did not make a distinction between lonely and very lonely people in their 

analysis. One study (Lobo et al., 2008) utilised the loneliness question from the Geriatric 

Mental State (Copeland et al., 1992). 

 

Two studies (Rafnsson et al., 2020; Sutin et al., 2020) utilised the three-item version of the 

UCLA Loneliness Scale (M. E. Hughes et al., 2004). This shortened version of the 

questionnaire asks the participant to answer three questions prefaced by, “how much of the 

time do you feel… (1) you lack companionship? (2) left out? (3) isolated from others?” This 

last item on feelings of isolation arguably may not accurately reflect feelings of loneliness, as 
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a person may feel they are isolated, yet not feel lonely. A further two studies (Wilson, Krueger, 

et al., 2007; Wilson et al., 2015) utilised a modified version of the de Jong-Gierveld Loneliness 

Scale (de Jong Gierveld & van Tilburg, 1999), with items answered using a 1-5 scale, with 5 

indicating higher loneliness agreement. Other examples of psychometric approaches to social 

connection include the Lubben Social Network Scale (Lubben, 1988), a ten-item measure of 

social network quantity that was developed to address the use of single-item indicators of 

social isolation. The scale includes three items on family networks, three items on friend 

networks, two items on confidant relationships, one item (in two parts) on helping others, and 

one item on living arrangements. Several studies used a 12-item psychometric scale on 

frequency of social negative social interactions (Krause & Rook, 2003; Newsom et al., 2003; 

Wilson et al., 2015).  

 

1.3.5 Social Connection and Cognitive Reserve 

 

Engaging in higher levels of social connection may enhance cognitive reserve, thereby 

contributing to the brain’s ability to withstand and adapt to neuropathological damage, thus 

leading to greater preservation of cognitive function (Sommerlad et al., 2018, 2019). The 

increased risk of ADRD incidence associated with certain social connection proxies (see 

section 1.3.3), such as widowed marital status, could be mediated through stress. Adverse 

stress negatively impacts neuronal plasticity in the hippocampus, an area of the brain critically 

involved in learning and memory, and brain oxidation, affecting neurons’ capacity to 

metabolise energy. These effects parallel those observed in AD pathology (Rothman & 

Mattson, 2010). Such findings may elucidate the mechanisms by which certain marital 

statuses influence cognitive reserve, and may suggest approaches for modifying behaviour in 

order to preserve long-term function (Rothman & Mattson, 2010; Sommerlad et al., 2018). 

Furthermore, Engagement with socially rich environments may help to promote additional 

and/or maintain existing neuronal pathways through cognitive stimulation (Evans, et al., 2019; 

Wang et al., 2012). Cognitive reserve has been found to moderate the interaction between 

social connection and cognitive function, suggesting that individuals who are more socially 

integrated receive more cognitive stimulation, which is beneficial for their late-life cognitive 

function (Evans et al., 2018). Previous imaging studies have shown links between CBF and 

social activity (Scarmeas et al., 2003). 

 

Evidence from Bennett and colleagues (Bennet et al., 2006), utilising data from the Rush 

Memory and Aging Project longitudinal cohort suggests that social connection, specifically 
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social network size, moderates the interaction between cognition and global pathology, as well 

as cognition and NFTs, such that participants with larger social networks maintain higher 

cognitive function despite higher global pathology and despite higher NFTs, whereas 

participants with smaller social networks experience more severe cognitive decline as global 

pathology and NFTs increased. The interaction between Aβ load and social network size, 

however, was not statistically significant. The specific domains of memory moderated by social 

network size were episodic memory (NFTs), semantic memory (NFTs and global pathology), 

and working memory (NFTs). Bennett and colleagues discuss these findings in relation to 

brain and cognitive reserve theories and suggest limbic and associational cortical and 

subcortical brain regions may be involved in the underlying processes, due to their overlap in 

involvement in both social cognition and the episodic and semantic memory domains. 

 

Fratiglioni and colleagues (Fratiglioni et al., 2004) suggest that the possible mechanisms 

underlying social connection and cognitive reserve may be linked to Berkman and colleagues’ 

Social Integration model (Berkman et al., 2000) through its implications for health outcomes. 

This framework draws from attachment theory (Bowlby, 1979) and the work of Émile Durkheim 

on social integration (see Scheff, 2007, for an overview) to offer a multifaceted interpretation 

of social connection and its relation to health outcomes. From a downstream perspective, 

behavioural pathways include provision of social support, social influence and its impact on 

engagement and attachment, and access to resources and materials. These operators are 

proposed to then influence upstream pathways that are more closely linked to health 

outcomes, such as stress, health-damaging behaviours (e.g. smoking), exposure to infectious 

disease agents, and psychological aspects (e.g. self-esteem). 

 

Complementary to this theoretical framework, research by Perry and colleagues (Perry, 

McConnell, Coleman, et al., 2022; Perry, McConnell, Peng, et al., 2022; Perry, Roth, et al., 

2022) also highlights the significance of upstream social determinants in influencing cognitive 

ageing. They specifically propose two pathways: social bridging and social bonding (Perry, 

McConnell, Peng, et al., 2022). Social bridging, involving expansive social networks and 

diverse casual relationships, is suggested to contribute to cognitive enrichment by exposing 

individuals to novel social stimuli, potentially leading to neurogenesis and neuronal 

maintenance, and accumulation of cognitive reserve. Social bonding, characterised by 

cohesive networks of close ties, is proposed to influence brain health through neuroendocrine 

pathways and by protecting against the negative impacts of stress (Perry, McConnell, Peng, 

et al., 2022; Perry, Roth, et al., 2022). The authors argue that social connection, as an 

upstream factor, can disrupt multiple cascading pathogenic processes occurring downstream 

(Perry, McConnell, Coleman, et al., 2022). Their findings suggest that social bridging (e.g. 
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network size, density and presence of weak ties) and social bonding (e.g. marriage, 

cohabitation), can moderate the associations between atrophy and cognitive function, and 

perceived stress and cognitive stress, indicating their contribution to cognitive reserve (Perry, 

McConnell, Peng, et al., 2022; Perry, Roth, et al., 2022). 

 

1.4 Research Aims 

 

It is well established that social isolation is a risk factor for ADRD incidence and is associated 

with cognition in old age. Similarly, there is evidence to suggest that loneliness also plays a 

role. Often, studies investigating incidence risk do not continue their analyses post-diagnosis, 

and studies investigating cognition in old age exclude ADRD patients (or people who go on to 

receive a diagnosis). Therefore, it is less well understood how these two components of social 

connection impact cognition and rates of cognitive change in patients with an ADRD diagnosis. 

Electronic healthcare records (EHRs) offer rich clinical data that can be utilised retrospectively 

but are relatively underutilised for assessing the impact of lifestyle factors on patient outcomes 

(see section 3.1). A clearer understanding of how social isolation and loneliness impact pre- 

and post-diagnosis cognitive trajectories would provide crucial insights with potential 

implications for patient care. This thesis focuses on proxies of social isolation and loneliness 

attainable from EHRs, aiming to provide novel insights into their impact on the cognition and 

cognitive trajectories of patients with an ADRD diagnosis, thereby bridging the gap between 

the understanding of social connection’s impact on pre- and post-diagnosis cognitive changes 

in ADRD patients. The central hypothesis posits that patients experiencing social isolation and 

loneliness will have more adverse outcomes with regards to cognition and rates of cognitive 

decline. While a direct measure of disease pathology (e.g. imaging showing atrophy) is not 

accessible within the EHRs, this hypothesis generally aligns with the broader concept of 

cognitive reserve, suggesting that social connection modulates cognitive decline. 

 

The following chapter (Chapter 2) aims to investigate the existing literature regarding the 

impact of social connection on the cognition of specifically patients with an ADRD diagnosis. 

This is followed by an overview of the methods used throughout the modelling studies 

conducted as part of this thesis (Chapter 3). The first study (Chapter 4) looks to develop and 

test a model of social isolation, based on the literature regarding social connection and 

cognition, ADRD incidence, and cognitive reserve reviewed in Chapters 1 and 2. This study 

uses multilevel models to assess how social isolation moderates the association between 

cognitive function and diagnosis duration in a retrospective cohort of ADRD patients. The 
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second study (Chapter 5) builds upon the first study by advancing the statistical analysis 

techniques used to better assess the non-linear change in cognition across diagnosis duration. 

The final study (Chapter 6) aims to further advance the model by using natural language 

processing to integrate proxies of both social isolation and loneliness. The non-linear 

modelling techniques developed in Chapter 5 are used to test the moderating effects of these 

new proxies on the association between cognition and diagnosis duration. Finally, Chapter 7 

provides a discussion of the study findings in the context of the previous literature, as well as 

limitations of the current approaches and suggestions for further research. 
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2. The Impact of Social Connection on Cognition in 

Patients with Alzheimer's Disease and Related 

Diseases: A Scoping Review 
 

2.1 Introduction 

 

2.1.1 Rationale 

 

The impact of social connection on the risk of Alzheimer’s Disease and related diseases 

(ADRD) incidence is well documented. Previous meta-analyses (Desai et al., 2020; Kuiper et 

al., 2015; Penninkilampi et al., 2018; Sommerlad et al., 2018, 2019) and subsequent 

longitudinal cohort studies (Elovainio et al., 2020; Shen et al., 2022) have established a 

connection between proxies of social isolation, the objective lack of social connection (de Jong 

Gierveld et al., 2006), and increased ADRD risk. Similarly, previous meta-analyses have 

established an association between proxies of social isolation and reduced cognitive function 

in older adults without an ADRD diagnosis, though warn against overinterpretation due to 

possible bias from heterogeneity (Evans et al., 2019; Kuiper et al., 2016; Piolatto et al., 2022). 

In two meta-analyses (Kuiper et al., 2015; Lara et al., 2019), loneliness – the subjective 

disparity between desired and perceived social connection (de Jong Gierveld et al., 2006) – 

has been found to be associated with increased ADRD incidence, though this association was 

not found in a third meta-analysis (Penninkilampi et al., 2018), nor two subsequent longitudinal 

cohort studies (Elovainio et al., 2020; Shen et al., 2022). Five additional longitudinal cohort 

studies (Akhter-Khan et al., 2021; Freak-Poli et al., 2022; Salinas et al., 2022; Shibata et al., 

2021; Sutin et al., 2020) investigating the connection between loneliness and ADRD incidence 

did find a significant association between increased risk and some (though not all) loneliness 

domains. As with social isolation, meta-analyses found loneliness to be associated with 

reduced cognitive function in older adults, though, again, there was significant heterogeneity 

between included studies (Kuiper et al., 2016; Piolatto et al., 2022).  

 

Unlike the well-documented connections to ADRD incidence risk and cognition in older adults 

without an ADRD diagnosis, the impact of social connection factors on the cognition and 
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cognitive trajectories of adults at and post-ADRD diagnosis is considerably less reported, and 

synthesis of findings is relatively lacking. Two systematic reviews with meta-analyses provide 

some insight, albeit primarily focusing on the specific context of COVID-19 social restrictions. 

Prommas and colleagues (2023) reported that approximately 54% of ADRD patients 

experienced worsening cognition as a result of COVID-19. This finding was based on studies 

relying on structured telephone interviews and paper- and online-based surveys, the majority 

of which were performed with caregivers rather than the patients themselves. Landsteiner and 

colleagues (2025) also reviewed the impact of COVID-19 social restrictions on ADRD patients, 

focussing on studies using MMSE as a measure of cognitive function. Their meta-analysis 

revealed a significant decline in MMSE scores when comparing pre-restriction assessments 

(measured no more than one year prior to restrictions) to those taken during or up to one year 

after restrictions. For general dementia, the standardised mean difference in MMSE scores 

was 0.34 points lower (p < .001, 95% CI [0.18, 0.50]), and for AD specifically it was 0.39 points 

lower (p < .001, 95% CI [0.21, 0.57]). However, these findings were accompanied by high 

heterogeneity (I2 = 65.91% and 56.16%, respectively). While these studies provide valuable 

insight into the impact of COVID-19 pandemic on the cognition of ADRD patients, they do not 

consider the impact of other social connection proxies outside of this timeframe, or other 

clinically used measures of cognition (e.g. MoCA, HONOS, ACE etc.).   

 

2.1.2 Objectives 

 

Despite previous reviews, there is still a need to further clarify what approaches to 

investigating the impact of social isolation and loneliness (as concepts of social connection) 

in people with ADRD or dementia, and to summarise their findings. As such, the aims of the 

current scoping review are set out below: 

1. Identify the types of study designs (e.g. cross-sectional, cohort etc.) that have been 

used to investigate the impact of social connection on cognition in people with ADRD 

and dementia; 

2. Identify the social connection variables used in these studies and how they are defined; 

3. Identify the commonly used measures of cognition and statistical models used to 

analyse it; 

4. Summarise the findings of the various studies, commenting on common themes. 
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2.2 Methods 

 

2.2.1 Protocol and Registration 

 

The initial protocol for this study, originally outlined as a systematic review, is registered with 

the PROSPERO international prospective register of international reviews: 

https://www.crd.york.ac.uk/PROSPERO/view/CRD42022352273. Adaptation of this protocol 

to a scoping review was decided due to time and resource constraints. The aims of this review 

are still broadly in line with the original review objectives outlined in the PROSPERO 

registration but have been adapted in order to better fit the strengths provided by scoping 

review methodology (Tricco et al., 2018). 

 

2.2.2 Eligibility Criteria 

 

The inclusion criteria for this review are: 

● Studies that involve a sample of patients with a clinical ADRD (e.g. Alzheimer’s 

disease, vascular dementia, dementia with lewy bodies etc.) diagnosis, or dementia, 

but not limited to pre-morbid conditions (e.g. mild cognitive impairment) and/or carers 

of people with dementia; 

● Studies that report patients’ social connection (i.e. level of social isolation and/or 

loneliness), related factors (e.g. social network size, level of social engagement, 

marital status etc.), exposure to prolonged periods of time with reduced social 

connection (e.g. periods of imposed social restrictions due to the COVID-19 

pandemic), and/or participation in/exposure to interventions specifically intended to 

improve levels of social connection; 

● Studies that report cognition as the outcome measure, using validated methods (e.g. 

Mini-Mental State Examination, Montreal Cognitive Assessment etc.), for at least one 

time point from or including the point of ADRD incidence; 

● Studies that, where relevant, report comparisons between patients with poor vs good 

social connection, rate of cognitive change over time, and/or comparisons of pre vs 

post intervention/intervention group vs control; 

● Studies that are published in peer-reviewed journals available in English language.  
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2.2.3 Information sources 

 

Database searches were conducted for Web of Science (6th March 2022), Scopus (7th March 

2022), PsycINFO (9th March 2022), and PubMed (12th March 2022). Search term 

development and database searches were performed by this thesis’ author, JACM. Forward 

and backward citation searches of included articles from the database searches were 

performed using Rayyan (Ouzzani et al., 2016) by JACM on 16th April 2025. The length of 

time between the initial database search and the forward and backward search likely explains 

the large number of articles identified at the forward and backward search (see section 2.3.1). 

 

2.2.4 Search Strategy 

 

An example of the terms used to search the Web of Science database is shown in Table 2.1. 

The application of the search strategy for the Web of Science search is as follows. Line 1 

covers terms related to social connection, such as social isolation or loneliness. Line 2 covers 

terms relating to cognition, such as cognitive decline or cognitive impairment. Line 3 covers 

terms related to Alzheimer's disease or related diseases, such as dementia, AD, or FTD. 

Individual search terms in Lines 1-3 are connected using the Boolean term OR, meaning that 

a result will be returned if either one or more of these terms is identified within the fields 

associated with the article Topic (the title, the abstract and the keywords). Lines 1-3 are 

connected using the Boolean term AND, meaning that a result will only be returned if it 

identifies at least one search term from Line 1 and at least one search term from Line 2 and 

at least one search term from Line 3. Line 4 provides search terms related to unwanted or 

irrelevant terms, separated by OR, and connected to Lines 1-3 with the Boolean term NOT, 

meaning a result will be returned if an article meets the criteria for the search terms in Lines 

1-3 and does not contain any of the search terms from Line 4 in the article title. Appendix A 

shows complete search strategies for all remaining databases. 
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Table 2.1 
Web of Science Search Terms 

 

Line Boolean term Search terms 

1 - (Topic) "social* isolat*" OR "lonel*" OR "social connect*" 

2 AND (Topic) "cognitive decline" OR "cognition" OR "cognitive 
impairment" 

3 AND (Topic) "dementia" OR "alzheimer*" OR "AD" OR "FTD"  

4 NOT (Title) "parkinson*" OR "down* syndrome" OR "mouse" OR 
"mice" OR "rat$" OR "animal$" OR "rodent*" OR "dog$" 

Note. The * is used to represent any sequence of characters, while the $ is used to represent 

zero or one character 

 

2.2.5 Study Selection 

 

Titles and abstracts of articles identified in the database search and forward/backward search 

were screened for relevance by JACM, after removal of duplicate articles. Full texts for articles 

deemed potentially relevant (or that could not be ruled out as being irrelevant), based on the 

titles and abstracts, were collected and reviewed against the inclusion criteria by author JACM. 

A screening tool was used to judge each full text article against the eligibility criteria. Examples 

of the screening tool can be found in Appendix B.  

 

2.3 Results 

 

As mentioned in section 2.2.3, the database search was conducted in March 2022. The 

articles identified at the database search, therefore, provided scope on the literature that 

informed or motivated decisions made in the three modelling chapters outlined later in this 

thesis (Chapters 4, 5, and 6). Forward and backwards citation searches were completed in 

April 2025 in order to provide a more complete and up to date picture of the literature for the 

sake of this scoping review, even though some of the articles identified at citation search stage 

were not identified until after all three modelling chapters were completed. To provide clarity 

the findings of the database search and citation search are presented together to give a more 
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cohesive narrative to the scoping review findings as a whole. A table of the studies identified 

for inclusion at the database search and at the citation search is included in Appendix C. 

 

2.3.1 Search Findings 

 

The PRISMA diagram illustrating the results of the study selection processes is shown in 

Figure 2.1. This figure was created using the PRISMA Flow Diagram tool (Haddaway et al., 

2022). Through database searches following the search strategies outlined in section 2.2.4, 

2,530 records were identified. Duplicated records were removed leaving 1,899, which had 

their titles and abstracts screened for relevance against the eligibility criteria. Consequently, 

1,709 records were excluded, leaving 190 records to have their full-text articles assessed for 

eligibility. Two studies could not be retrieved. Of the 188 full-text articles assessed, a total of 

165 were deemed to not meet the eligibility criteria (70 for not using a sample including people 

with a formal ADRD or dementia diagnosis; 68 for not reporting the desired outcome variable, 

e.g. only reporting incidence risk; 14 for not including a validated measure of cognition, e.g. 

MMSE, or measure of social connection; 11 for being an ineligible format, e.g. unpublished 

manuscripts or texts that had not been through peer review, posters, grey literature). The 

remaining 25 articles were deemed to have met the eligibility criteria and were therefore 

included in the review.  

 

Forward and backward searches of articles identified through the database searches that were 

deemed to have met the eligibility criteria yielded 1,742 articles, of which 111 were duplicates. 

After removing duplicates, 1,631 articles had their titles and abstracts screened for relevance 

against the eligibility criteria, resulting in 1,536 articles being excluded. Of the remaining 95 

articles, 19 had already been assessed as part of the database search full-text eligibility 

screening (9 previously included, 10 previously excluded), therefore these were not 

reassessed as part of the forward and backward search full-text screening. One article could 

not be retrieved. From the remaining 75 articles, full-text reviews led to 53 articles being 

deemed not to meet the eligibility criteria (18 for not using a sample including people with a 

formal ADRD or dementia diagnosis; 28 for not reporting the desired outcome variable; 5 for 

not including a validated measure of cognition, or measure of social connection; 2 for being 

an ineligible format). The remaining 23 articles were deemed to have met the eligibility criteria 

and were additionally included in the review. 
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Figure 2.1 
PRISMA Flow Diagram 

 

 
 

2.3.2 Study Approaches 

 
The most commonly used study design used a prospective longitudinal approach (n = 18,  

database = 6, citation = 12). These studies followed participants over time using cohorts 

recruited from clinical settings (Z.-C. Chen et al., 2021; Defrancesco et al., 2024; Gan et al., 

2021; Harsányiová & Prokop, 2018; Te Boekhorst et al., 2009; Tsatali et al., 2023), or through 

disease research related programmes (Bakker et al., 2023; D. A. Bennett et al., 2006; Clare 

et al., 2020, 2024; Ebly et al., 1999; Laininger et al., 2024; Lehmann et al., 2010; Manca et 

al., 2022; Perry, McConnell, Peng, et al., 2022; Perry, Roth, et al., 2022; Tsatali et al., 2021). 

Follow-up durations varied, ranging from 6 months to several years.  

 

Cross-sectional approaches were also frequently employed (n = 14; database = 10, citation = 

4). Of these, seven studies recruited participants through clinical and/or care settings 

(Azevedo et al., 2021; Balouch et al., 2019; Borelli et al., 2021; Dobrzyn-Matusiak et al., 2014; 

Li et al., 2022; Mohammadian et al., 2022; Nikmat, Hawthorne, et al., 2015). The other seven 

utilised data from longitudinal cohorts assessed at a single time point, such as at baseline 

(Abbott & Pachucki, 2017; Clare et al., 2020; Edwards & Morris, 2007; Lampinen et al., 2022; 

Missotten et al., 2009; Tuokko et al., 1999; Victor et al., 2020).  
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Nine Studies (database = 4, citation = 5) used a retrospective, or mixture of retrospective and 

prospective design. For these studies, cohorts were sourced from a variety of settings, 

including data from data from a hospital patient registry and follow-up telephone interview 

(Barguilla et al., 2020), patients identified from randomised control trials (Dura-Perez et al., 

2022), data from clinical records (Gan et al., 2021; Joo et al., 2022), national health insurance 

data (T. W. Lee et al., 2014), adult day centre records (Sánchez-Valdeón et al., 2023), and a 

dementia diagnosis centre (Sun et al., 2021).  

 

Furthermore, three studies from the database search investigated pre- and post-intervention 

outcomes (Fritsch et al., 2014; J. Lee & Lee, 2020; Maggio et al., 2023), while another 

combined a cross-sectional approach with a longitudinal analysis of a subgroup of participants 

with follow-up assessment data (Zhang et al., 2022). One study from the citation search 

combined prospective data collection with autopsy data (Lao et al., 2024), and another 

analysed data from a randomised control trial (Dyer et al., 2021). Finally, one study from the 

database search investigated an individual case of an 87-year-old woman living in a long-term 

care facility (LeVasseur, 2021). 

 

2.3.3 Social Connection Variables 

 
A variety of social connection variables were used across the studies identified for inclusion 

in the review. The majority of these studies (n = 41; database = 20, citation = 21) assessed at 

least one social isolation variable. One type of social isolation proxy utilised by 18 studies 

(database = 10, citation = 8) included isolation associated with the COVID-19 pandemic, such 

as lockdowns or social restrictions (Azevedo et al., 2021; Bakker et al., 2023; Barguilla et al., 

2020; Borelli et al., 2021; Z.-C. Chen et al., 2021; Defrancesco et al., 2024; Dura-Perez et al., 

2022; Gan et al., 2021; Joo et al., 2022; LeVasseur et al., 2021; Manca et al., 2022; 

Mohammadian et al., 2022; Perach et al., 2023; Pereiro et al., 2021; Sánchez-Valdeón et al., 

2023; Tondo et al., 2021; Tsatali et al., 2021, 2023). Living status, used by 10 studies 

(database = 5, citation = 5), measured whether participants were living alone or with others 

(X. Chen et al., 2020; Clare et al., 2020; Dura-Perez et al., 2022; Ebly et al., 1999; Edwards 

& Morris, 2007; Harsányiová & Prokop, 2018; Lehmann et al., 2010; Sun et al., 2021; Tuokko 

et al., 1999; Victor et al., 2020). Accommodation status was used by a further six studies 

(database = 3, citation = 3) to assess whether participants were living in supported 

accommodation, such as nursing or care homes, or in home/community dwelling settings 
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(Dobrzyn-Matusiak et al., 2014; Edwards & Morris, 2007; Harsányiová & Prokop, 2018; T. W. 

Lee et al., 2014; Nikmat et al., 2015; Te Boekhorst et al., 2009). Two intervention studies from 

the database search included participation in social activities in group settings (Fritsch et al., 

2014; Maggio et al., 2023). 

 

Other studies used more direct measures of social isolation including the frequency of social 

contact (n = 5; database = 4, citation = 1; Abbott & Pachucki, 2017; Clare et al., 2020; 

LeVasseur, 2021;Perach et al., 2023; Pereiro et al., 2021), social/personal network 

size/connections (n = 5; database = 4, citation = 1; Abbott & Pachucki, 2017; Bennett et al., 

2006; Norton et al., 2009; Perry, McConnell, Coleman, et al., 2022; Perry, Roth, et al., 2022), 

and responses to the Friendship Scale (Hawthorne, 2006; Hawthorne & Griffith, 2000; n = 1; 

Nikmat et al., 2015). Six studies (database = 6, citation = 6; Balouch et al., 2019; Dyer et al., 

2021; Laininger et al., 2024; Li et al., 2022; Mohammadian et al., 2022; Victor et al., 2020) 

assessed responses to the Lubben Social Network Scale (Lubben, 1988).  

 

Eight studies (database = 5, citation = 3) used at least one measure of loneliness. Four studies 

(Balouch et al., 2019; Mohammadian et al., 2022; Lao et al., 2024; Victor et al., 2019) from 

the database search included responses to the de Jong Gierveld Loneliness scale (De Jong 

Gierveld & Tilburg, 1999). One study (Sun et al., 2021) from the citation search utilised 

responses from the UCLA Loneliness scale (Russell, 1996). Two studies (database = 1, 

citation = 1) assessed loneliness using a binary response question (Lampinen et al., 2022; 

Zhang et al., 2022). One intervention study (J. Lee & Lee, 2020) from the database search 

focussed on combating loneliness. 

 

2.3.4 Measures of Cognition and Analytical Approaches 

 

The Mini-Mental State Examination (MMSE; Folstein et al., 1975) was the most used (n = 34; 

database = 18, citation = 16) cognitive measure from the studies identified (Abbott & Pachuki, 

2017; Bakker et al., 2023; Balouch et al., 2019; Bennett et al., 2006; Borelli et al., 2021; Z.-C. 

Chen et al., 2021; Clare et al., 2020, 2024; Defrancesco et al., 2024; Dobrzyn-Matusiak et al. 

2014; Dura-Perez et al., 2022; Ebly et al., 1999; Edwards & Morris, 2007; Gan et al., 2021; 

Harsányiová & Prokop, 2018; Joo et al., 2022; Laininger et al., 2024; Lampinen et al., 2022; 

J. Lee & Lee, 2020; Lehman et al., 2010; Maggio et al., 2022; Manca et al., 2022; Missotten 

et al., 2009; Nikmat et al., 2015; Norton et al., 2009; Pereiro et al., 2021; Sánchez-Valdeón et 

al., 2023; te Boekhorst et al., 2009; Tondo et al., 2021; Tsatali et al., 2021, 2023; Tuokko et 
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al., 1999; Victor et al., 2020). The Montreal Cognitive Assessment (MoCA; Nasreddine, 2005) 

was the next most used (n = 9, database = 5, citation = 4; Z.-C. Chen et al., 2021; Gan et al., 

2021; Laininger et al., 2024; Mohammadian et al., 2022; Perry, McConnell, Coleman, et al., 

2022; Perry, McConnell, Peng et al., 2022; Perry, Roth, Peng et al., 2022; Tsatali et al., 2021, 

2023). Another well used measure (n = 8; database = 3, citation = 5; Barguilla et al., 2020; Z.-

C. Chen et al., 2021; Defrancesco et al., 2024; Dyer et al., 2021; Gan et al., 2021; Joo et al., 

2022; Perach et al., 2023; Pereiro et al., 2021) included the Clinical Dementia Rating scale 

(CDR; Morris, 1993). Two studies (database = 1, citation = 1; Clare et al., 2020, 2024) used 

Addenbrooke's Cognitive Examination III (ACE-III; Noone, 2015). One study (LeVasseur, 

2021) from the database search used the Brief Interview for Mental Status (Saliba et al., 2012). 

Another two (database = 1, citation = 1; Dyer et al., 2021; Zhang et al., 2022) used the 

Alzheimer’s Disease Assessment Scale-cognitive component (ADAS-cog; Rosen et al., 

1984). The study by Fritsch and colleagues (2014) utilised the the CERAD Word List Memory 

Test (Morris et al., 1989) and the Wechsler Memory Scale (Wechsler, 1945). The study by 

Tsatali and colleagues (Tsatali et al., 2021), in addition to the MMSE and MoCA, also utilised 

Rey’s Verbal Learning Test (Rey, 1958), the Phonemic Verbal Fluency test (Borkowski et al., 

1967), the Rey Complex Figure Test (see Jerskey & Meyers, 2011), and the Wechsler Adult 

Intelligence Scale (Wechsler, 2012). Bennett and colleagues (2006) utilised AD pathology, 

amyloid load, and neurofibrillary tangle data from autopsy as markers of disease progression, 

while Zhang and colleagues (2022) utilised amygdala volume. 

 

In examining the analytical approaches employed across the reviewed articles, a diverse 

range of statistical techniques were utilised to address their respective research questions. 

The most prevalent category (n = 29; database = 12, citation = 17) of analysis utilised 

regression-based techniques, such as linear regression, multiple regression, and logistic 

regression (including multinomial and disordered multi-class variations; Bakker et al., 2023; 

Balouch et al., 2019; Bennett et al., 2008; Borelli et al., 2021; Z.-C. Chen et al., 2021; Clare et 

al., 2020, 2024; Defrancesco et al., 2024; Dura-Perez et al., 2022; Dyer et al., 2021; Ebly et 

al., 1999; Edwards & Morris, 2007; Fritsch et al., 2014; Gan et al., 2021; Harsányiová & 

Prokop, 2018; Joo et al., 2022; Lampinen et al., 2022; Lao et al., 2024; Lee et al., 2014; 

Lehmann et al., 2010; Manca et al., 2022; M. C. Norton et al., 2009; Perry, McConnell, 

Coleman, et al., 2022; Perry, Roth, et al., 2022; Sánchez-Valdeón et al., 2023; te Boekhorst 

et al., 2009; Tuokko et al., 1999 Victor et al., 2020), to model the influence of predictor 

variables on outcome variables and to identify potential risk factors or determinants. Another 

prevalent (n = 25; database = 13, citation = 12) analysis technique involved comparisons 

between groups or conditions, such as t-tests, ANOVA (and non-parametric equivalents like 

Kruskal-Wallis and Mann-Whitney U-tests) and chi-square tests to discern statistically 
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significant differences in demographic, clinical, cognitive, and other relevant variables 

(Azevedo et al., 2021; Barguilla et al., 2020; Z.-C. Chen et al., 2021; Defrancesco et al., 2024; 

Dobrzyn-Matusiak et al., 2014; Dura-Perez et al., 2022; Ebly et al., 1999; Edwards & Morris, 

2007; Gan et al., 2021; Joo et al., 2022; Laininger et al., 2024; Lampinen et al., 2022; Lee et 

al., 2014; J. Lee & Lee, 2020; Maggio et al., 2022; Manca et al., 2022; Missotten et al., 2009; 

Nikmat et al., 2015; Te Boekhorst et al., 2009; Tondo et al., 2021; Tsatali et al., 2021, 2023; 

Tuokko et al., 1999; Victor et al., 2019; Zhang et al., 2022).  

 

Several studies (n = 7; database = 3, citation = 4) also used covariance-based analyses, 

specifically ANCOVA and repeated-measures ANCOVA and mixed-measures ANOVA 

(Dobrzyn-Matusiak et al., 2014; Missotten et al., 2009; Laininger et al., 2024; Manca et al., 

2022; Pereiro et al., 2021; Tsatali et al., 2023; Victor et al., 2020). Additionally, seven studies 

(database = 4, citation = 3) assessed the relationship between variables using correlational 

techniques including Pearson's and Spearman's correlation coefficients (Abbott & Pachucki, 

2017; Azevedo et al., 2021; Dobrzyn-Matusiak et al., 2014; Lampinen et al., 2022; Lehmann 

et al., 2010; Sun et al., 2021). Less commonly used analyses included Path analysis was 

employed by Perach and colleagues (2023) using Structural Equation Modelling (SEM) to 

build a path model examining loneliness as an outcome, with social resources, wellbeing, and 

cognitive impairment as predictors, adjusting for background variables and utilizing Latent 

Growth Curves for repeated measures. Finally, principal component analysis (PCA) was used 

by Defrancesco and colleagues (2024) to reduce the dimensionality of variables from a social 

factor questionnaire before including the extracted factors in a logistic regression model to 

predict newly occurring loneliness. 

 

2.3.5 Summary of Included Article Findings 

 

2.3.5.1 Cognitive Decline and COVID-19 Related Social Isolation  

 

Studies often reported perceived cognitive decline during the COVID-19 pandemic and 

associated social isolation (Azevedo et al., 2021; Barguilla et al., 2020; Borelli et al., 2021). 

Caregivers frequently observed worsening memory, attention, and orientation in ADRD 

patients. Despite these perceptions, some studies did not find a significant difference in 

objective cognitive measures (e.g. MMSE or CDR scores) pre- and post-lockdown, despite 

also reporting increased neuropsychiatric issues (Bakker et al., 2023; Barguilla et al., 2020; 
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Borelli et al., 2021; Dura-Perez et al., 2022; Gan et al., 2021; Joo et al., 2022; Manca et al., 

2022).  

 

Conversely, other studies did find evidence linking COVID-19 related social isolation to 

cognitive outcomes. For instance, more severe CDR dementia groups showed lower MMSE 

scores, even when accounting for social contact during lockdown (Pereiro et al., 2021). A 

notable finding was that of a greater loss of cognitive function in patients visiting dementia 

centres during the pandemic compared to previous years, with cognitive decline in AD patients 

worsening year-on-year (Perach et al., 2023, Tondo et al., 2021; Tsatali et al., 2021). This 

decline was strongly linked to worsening neuropsychiatric disturbances, which the authors 

suggest is potentially influenced by the impact of the COVID-19 pandemic (Tsatali et al., 

2021). Additional findings suggest a decline in cognition from before lockdown to during 

lockdown could be linked with reduced social contact, depending on ADRD diagnosis (Z.-C. 

Chen et al., 2021). Further studies similarly indicated increased dementia severity and faster 

rates of cognitive decline during the COVID-19 pandemic, particularly during periods of home 

confinement (Perach et al., 2023; Sánchez-Valdeón et al., 2023; Tsatali et al., 2023). In their 

case report, LeVasseur (2021) comments that their patient’s Brief Interview for Mental Status 

declines from 11 to 9 to 0 over seven months of COVID-19 lockdown, indicating a progression 

from mild to severe cognitive impairment. Manca and colleagues (2022) reported no significant 

changes in MMSE from before lockdown, however time spent under social restrictions was a 

significant predictor of worse cognition in both immediate and delayed recall tests. 

 

2.3.5.2 Social Network Characteristics and Cognition 

 

Beyond the context of the COVID-19 pandemic, studies utilising other social isolation proxies, 

such as social network size and frequency, revealed important associations with cognition. 

Specifically, a larger network size, smaller network density, and weaker ties were often 

associated with higher cognitive function in cognitively normal adults (Perry, Roth, et al., 

2022). These three variables also significantly moderated the association between amygdala 

atrophy and cognitive function, whereas smaller and denser networks were associated with 

ADRD and MCI (Perry, McConnell, Coleman, et al., 2022). Furthermore, there was not a 

significant relationship between marital status and cognitive function, nor stress and cognitive 

function, but there was a significant interaction between the three variables when considering 

widowed, divorced, and never married marital statuses, but not married or cohabitating. 

Network diversity and frequency of contact, but not size of network, were positively associated 

with cognitive function in ADRD patients (Perry, Roth, McConnell, et al., 2022).  
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However, these findings were not always consistent, as the study by Abbott and Pachucki 

(2017) found a significant inverse relationship between network size and cognition (as 

measured by MMSE) in one cohort but not the subsequent two. Balouch and colleagues 

(Balouch et al., 2019) found that the size of and frequency of contact with the friendship 

network (as measured by the LSNS), significantly predicted cognition (B = 0.284, SE = 0.107, 

p = 0.01, 95% CI = 0.078 to 0.492), and this finding was independent of all other predictors. 

However, the authors comment that the model overall did not explain a significant amount of 

the variance within the data. Dyer and colleagues (2021) reported that poor social networks 

were significantly associated with dementia severity at baseline, controlling for age, gender, 

diagnosis duration, and years of formal education when measured with the CDR-Sb, but not 

when measured with the ADAS-Cog. There was additionally no impact of social network 

scores at baseline on dementia progression at 18 months using either dementia severity 

measure. Laininger and colleagues (2024) found a significant difference between MMSE of 

those with poor social networks and average/good social networks. Although they found no 

differences in MMSE at 12-month follow-up between poor and average/good social network 

groups when controlling for baseline MMSE, age, gender, education, housing and activities of 

daily living. Li et al (2022) reported a negative association between social contact and 

cognitive decline. Pathway analysis revealed a significant direct effect of social contact on 

cognitive decline, and an indirect effect of frailty on cognitive decline through social contact. 

 

Bennett and colleagues (2006) found that social networks were associated with social activity 

and cognitive activity, but did not significantly predict global AD pathology score, amyloid-beta 

load, nor neurofibrillary tangle density as a main effect. The interaction between social 

networks and global disease pathology was significant (B = 0.097, SE = 0.039, p = 0.016), as 

was the interaction between social networks and neurofibrillary tangles (B = 0.011, SE = 0.003, 

p = 0.001). Additional regression modelling revealed the interaction between social network 

and global disease pathology was significant predictor of semantic memory (B = 0.116, SE = 

0.047, p = 0.016), but no other category of cognition (episodic memory, working memory, 

perceptual speed, or visuospatial ability). The interaction between social networks and 

neurofibrillary tangles was a significant predictor of episodic memory (B = 0.009, SE = 0.004, 

p = 0.023), semantic memory (B = 0.015, SE = 0.004, p = 0.0005), and working memory (B = 

0.015, SE = 0.005, p = 0.005), but not perceptual speed or visuospatial activity. The interaction 

between social networks and amyloid burden was not a significant predictor of any cognitive 

function domain. The authors propose that these results suggest social network size plays a 

mitigating role on the impact of neurofibrillary tangles on cognition. 
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The quality of caregiver relationships also played a role, with closer caregiver relationships 

and spouse caregivers being associated with slower rates of cognitive decline (M. C. Norton 

et al., 2009). Furthermore, it was also found that patients with spouse caregivers were also 

more likely to be living at home and cohabiting patients, and cohabiting patients generally had 

higher MMSE scores (M. C. Norton et al., 2009). Though, generally, studies exploring living 

status (whether a person was living alone or cohabiting) found mixed results. Living alone was 

a predictor of institutionalisation, and dementia severity was a predictor of living alone (Ebly 

et al., 1999). Some studies found that patients living alone exhibited better cognitive scores 

than those living with others (Clare et al., 2020, 2024; Ebly et al., 1999; Edwards & Morris, 

2007, Lehman et al., 2010). However, others found no significant effect (Tuokko et al., 1999).  

 

When considering accommodation status (e.g. patients living in supported accommodation vs 

mainstream housing), severity of cognitive impairment was significantly higher in patients 

living in institutional long-term care and in-home care settings than in those receiving a mix of 

institutional day care and in-home day care (Dobrzyn-Matusiak et al., 2014; Lee et al., 2014). 

Harsányiová & Prokop (2018) reported patients’ mean MMSE scores significantly differed 

between the patients living alone, patients living in nursing homes, and patients living with 

family. Post-hoc tests revealed patients living alone had significantly lower scores than 

patients living in nursing homes. Patients living with family had significantly higher scores than 

patients living in nursing homes. Patients living with family, and patients living alone scored 

significantly lower than patients living in nursing homes. Nikmat and colleagues (2015) 

reported patients living in community settings showed higher average cognitive scores than 

those living in nursing homes, but this difference did not reach statistical significance (t = 1.86, 

df = 47, p = 0.07). Place of residence has a significant impact on social interaction, depending 

on dementia severity, with patients with very severe dementia having higher social interaction 

scores when living in an at-home setting than in an institutional setting, whereas for patients 

with less severe dementia, this finding is reversed (Missotten et al., 2009). Rates of decline 

were not protected by accommodation status (Te Boekhorst et al., 2009). 

 

2.3.5.3 Loneliness and Cognition 

 
The evidence regarding the impact of loneliness on cognition was also mixed. Victor and 

colleagues (Victor et al., 2020) reported no difference in MMSE scores, loneliness severity, 

nor disease subtype (e.g. AD, VaD) and loneliness severity. MMSE did not predict moderate 

loneliness, nor severe loneliness. Additionally, Zhang and colleagues (2022) found lonely AD 

patients had higher (indicating more impairment) baseline scores on the Japanese adaptation 
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of the Alzheimer Disease Assessment Scale – Cognitive subscale (ADAS-Jcog; Honma, 

1992). However adjusted models did not show loneliness as a significant predictor of ADAS-

Jcog score change over time in AD but was a significant predictor in MCI patients. Similarly, 

no significant differences in regional grey matter volume (rGMV) were found between lonely 

and non-lonely AD patients, however lonely people in the MCI group exhibited decreased 

rGMV in the cerebellar vermal lobules I-V and the region containing the middle occipital gyrus. 

On the other hand, Mohammadian and colleagues (2022) found positive associations between 

Functional Assessment Staging (FAST; Sclan & Reisberg, 1992) scores (with higher scores 

indicating more cognitive impairment) and avoidance scores, social loneliness, and total 

loneliness scores. 

 

2.3.5.4 Intervention Efficacy 

 

Fritsch and colleagues’ (Fritsch et al., 2014) findings suggested mixed effectiveness of their 

memory club intervention in terms of cognition (see above for more details). In contrast, Lee 

and Lee (2020) report positive impacts on cognition following intervention, finding that patients 

recruited from dementia centres with cognitive impairment showed an increase in mean 

MMSE scores from pre- to post-intervention. This improvement in the cognitively impaired 

group was greater than the improvement seen in the cognitively normal group (0.83 points 

improvement, p < 0.01). Similarly, Maggio and colleagues (2023) reported both experimental 

and control groups experienced statistically significant increases in mean MMSE scores from 

baseline to follow-up. The experimental group also showed significant improvements in social 

functioning as measured by the Social Adaptation Self-Evaluation Scale. 

 

2.4 Discussion 

 

This scoping review aimed to further clarify and summarise the findings of studies investigating 

the impact of social connection on cognition specifically in people with an ADRD diagnosis or 

dementia by considering the types of study approaches, as well as the social connection 

proxies, cognitive function measures, and analytical techniques used. Longitudinal studies 

utilised a mixture of prospective and retrospective approaches. Less common study 

approaches included intervention studies and one case study. The most frequently used 

proxies/measures of social connection were social isolation related to the COVID-19 

pandemic, living arrangements, social network measures and loneliness measures. 
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Loneliness was less studied than social isolation amongst the included articles. Widely 

adopted cognitive and functional measures such as the MMSE, MoCA, CDR and ACE-III were 

the most commonly used measures of cognition.  

 

There were mixed findings with regards to the impact of social connection on cognition. 

Without suitable meta-analytic synthesis, it is difficult to make direct comparisons with 

previous systematic review and meta-analyses investigating social connection proxies in 

regard to ADRD risk (e.g. Penninkilampi et al., 2018) or cognitive function in people without 

dementia (e.g. Kuiper et al., 2016). However, through an overview of the study designs and 

measures, there is demonstrable heterogeneity amongst approaches of studies included in 

the current scoping review. That a large proportion of studies utilised a cross-sectional 

approach presents a limitation of the existing literature, due to the inability to assess longer 

term impacts on cognitive trajectories. The variation in analytical techniques, definitions and 

proxies of social connection and measures of cognitive outcomes likely explains a proportion 

of the variation in study findings. That direct cognitive impact appears less clearly evidenced 

across the studies in this scoping review, compared to the findings of previous meta-analyses 

highlighted in the introduction, suggests that mechanisms by which social connection 

influences cognition may differ or be compounded by other factors in individuals already 

experiencing neurodegeneration. This is supported by the findings of Zhang and colleagues 

(2022) who reported that loneliness predicted reduced rGMV in MCI patients, but not in AD 

patients, suggesting that changes in rGMV associated with loneliness may occur earlier in the 

disease course. 

 

Studies investigating the impact of COVID-19 related social isolation described worsening 

self- or carer-reported cognition. However, these reports were frequently not supported by 

statistically significant changes in cognitive functioning. Instead, significant differences in 

functional ability (e.g. Borelli et al., 2021) and neuropsychiatric symptoms (e.g. Barguilla et al., 

2020) were reported during the same timeframe as perceived cognitive decline. It may be the 

case, then, that patients and/or their caregivers were mistaking declines in functional capacity 

and/or an exacerbation of neuropsychiatric symptoms as worsening of cognitive functions. 

Neuropsychiatric symptoms, such as agitation, depression, anxiety, apathy and psychosis are 

highly prevalent in ADRD and can profoundly affect quality of life and functional independence 

(Borda et al., 2023). The findings by Z.-C. Chen et al. (2021) further support this potential 

connection, suggesting that worsening neuropsychiatric symptoms during COVID-19 may be 

associated with a reduction in social contact. Though, in their study, reduced social contact 

was not associated with changes in MMSE scores, the association with increased 

neuropsychiatric symptoms was significant. Loss of structured activity and social engagement, 
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such as that presumably experienced by ADRD patients during periods of the COVID-19 

pandemic, may directly lead to increased neuropsychiatric symptoms such as increased 

boredom, apathy or withdrawal due to lack of opportunities to engage, and increased 

neuropsychiatric symptoms may affect attention, motivation, or executive functions, potentially 

giving the impression of cognitive decline, even if core cognitive abilities remain intact. 

Increased caregivers burden (Borelli et al., 2021) and diminished contact with patients could 

potentially skew impressions of patient cognitive decline as well as other symptoms. 

Worsening of patient cognition could add further distress to caregivers, as these factors were 

found to be associated (Borelli et al., 2021). Changes in caregiver-patient relationship 

closeness may also have a direct impact on rates of cognitive and functional decline (M. C. 

Norton et al., 2009). ‘Brain fog’ is a well reported symptom of COVID-19 infection, though 

infection is not necessarily reported in these studies, this could be one pathway through which 

infected patients experience a temporary, or in some cases more long-term, impairment of 

cognitive functions during this time period (Nouraeinejad, 2022). 

 

Studies using longitudinal analyses to explore the change in cognition over time related to 

social connection describe significant impacts of social isolation proxies more consistently 

than other study designs. For example, Balouch et al. (2021) found that frequency of social 

contact with friends significantly predicted cognition, such that increased frequency was 

associated with better cognitive function. The authors comment that it is unclear whether 

maintaining friendship contact acts as a protective factor, or whether severity of cognitive 

impairment leads to difficulties maintaining friendships. Z.-C. Chen et al. (2021) reported 

significant changes in MMSE scores for AD and DLB patients during their 1 year follow-up, 

but not MCI patients. Changes in AD MMSE were comparable with previous studies' rates of 

cognitive decline, but the rate of decline in DLB patients was roughly twice as much as that of 

AD patients, and more than a point per year higher than comparable studies. The authors 

suggest that DLB patients may have been particularly vulnerable to cognitive decline during 

the COVID-19 pandemic. Harsányiová and Prokop (2018) report different rates of cognitive 

decline across living arrangements, with patients living in nursing homes displaying faster 

rates of decline that those living with family, and those living alone displaying faster rates of 

decline that those living in nursing homes. Norton et al. (2009) report that patient-caregiver 

relationships predict rates of cognitive decline, with stronger relationships associated with 

slower rates of cognitive decline. In one study, Perry and colleagues (Perry, McConnell, 

Coleman, et al., 2022) reported that social network size, density, and strength moderate the 

association between brain atrophy and cognitive function (thus demonstrating cognitive 

reserve, i.e. Stern et al., 2020, 2023). Additionally, the authors found a moderating effect of 

marital status on the association between perceived stress and cognitive function. The authors 
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suggest that their findings have implications for downstream pathophysiological processes. In 

another study, Perry and colleagues (Perry, Roth, et al., 2022) reported that having a more 

complex social network structure was associated with better cognitive outcomes, as well as 

moderated the association between amygdala volume and cognition. The authors suggest 

complex social network structures may promote cognitive stimulation and therefore increase 

cognitive reserve. Fritsch et al. (2014) report mixed findings of their intervention designed to, 

in part, improve social isolation. This may reflect the effectiveness of the intervention, rather 

than the specific impact of social isolation. 

 

Some studies investigating living arrangements found a negative association between living 

status (whether a person lives with others vs alone) and cognitive function, in that patients 

living alone were more likely to have higher cognitive function (Clare et al., 2020; Edwards & 

Morris, 2007). Conversly, the study by Harsányiová & Prokop (2018) found a positive 

association between living status and cognitive function, in that patients living with others were 

more likely to have higher cognitive function. In line with the theory that living status is the 

most objective measure of social connection (Desai et al., 2020) and that higher social 

isolation is linked to worse cognitive outcomes in patients without ADRD diagnoses or 

dementia, and increased risk of incidence (Kuiper et al., 2015, 2016), living alone would be 

expected to have a negative impact on patient cognition, yet this is not the case in two out of 

the three studies that investigate this included in this review. These findings could suggest 

that living alone only exacerbates declines in cognitive functioning earlier in the 

neurodegenerative process. Alternatively, this may reflect a difference in more general 

function between ADRD patients, as many patients living with others may live in supported 

accommodation. Those living alone may retain more function to enable living independently. 

Clare et al (2020) report that, despite being more likely to be lonely, and more likely to have 

smaller social networks, people living alone are more likely to have higher frequency of social 

contact. Harsányiová & Prokop (2018) suggest that patients living alone and in nursing homes 

having increased cognitive decline compared to patients living with family may reflect patients 

living alone and in nursing homes living in impoverished conditions. This conclusion could 

represent geo-cultural issues surrounding supported accommodation standards/funding, or 

(lack of) support for elderly living alone etc. 

 

Two studies found evidence for the impact of loneliness on cognition/rates of cognitive 

change: Mohammadian et al. (2022), found higher levels of loneliness were associated with 

worse cognition and functional ability; while Zhang et al. (2022), found loneliness was 

associated with increased loss of rGMV and increased rates of cognitive decline, though this 

was only in MCI patients. The study by Balouch et al. (2019), however, failed to find evidence 
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for the impact of loneliness on cognition in ADRD patients. Studies identified at the forward 

and backward citation search stage mostly mirrored the findings of the main database search. 

There was, again, a mixture of findings with regards to cognitive changes over the COVID-19 

pandemic. More studies demonstrated an association between living alone and increased 

cognition (Clare et al., 2024; Ebly et al., 1999; Lehmann et al., 2010), while one failed to find 

evidence of an effect of living alone on cognition (Tuokko et al., 1999). Patient social 

interaction in different accommodation settings may be mediated by dementia severity 

(Missotten et al., 2009). Social networks may moderate the association between NFTs and 

episodic, semantic and working memory (D. A. Bennett et al., 2006). 

 

2.5 Conclusion 

 

The articles identified at the database search provided insight into exposures for social 

isolation, particularly marital status, living arrangements and social networks, that would 

inform the analyses in the following empirical modelling chapters. Overall, the literature 

suggests a complex and multifaceted relationship between social factors, including social 

isolation and loneliness, and cognitive function in ADRD patients. While the COVID-19 

pandemic highlighted a perceived and, in some cases, actual acceleration of cognitive decline 

in the context of increased social isolation, the impact of other social isolation proxies (e.g. 

marital status, living arrangements, social networks) on cognitive trajectories is not always 

straightforward and can vary depending on the cognitive measure used and the stage of the 

disease. Studies investigating the impact of social connection factors on cognitive and 

functional performance in patients with ADRD diagnoses and dementia found mixed evidence 

for its impact. These findings are hard to compare to previous meta-analyses without formal 

synthesis, though numerous studies reported associations between living alone and improved 

cognitive functioning, going against what would be expected based on previous literature 

regarding social isolation and cognition and ADRD incidence risk. Studies utilising longitudinal 

analyses were most consistent in finding evidence for the effect of social isolation on cognitive 

outcomes, though the effect of loneliness was not as consistently reported. Several studies 

utilising direct measures of disease progression, such as rGMV, suggest social connection 

plays a role in increasing cognitive reserve, but this effect may be more prominent earlier in 

the disease manifestation. 
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3 Overview of Methodological Approaches 
 

This chapter outlines several methods which are used frequently throughout studies 

conducted as part of this thesis. The objective of this chapter is to provide the reader with an 

insight into these methods before reading the study chapters, in order to prepare the reader 

and minimise repetition across those chapters. Methods that are specific to one study will be 

explained in more detail in that specific study chapter. 

 

3.1 Electronic Healthcare Records 

 

Electronic healthcare records (EHRs) offer an accessible yet secure means of potentially 

comprehensively recording patient interactions with primary and secondary healthcare 

providers (Goodday et al., 2020; Pagliari et al., 2007). Research utilising EHRs can lead to 

positive clinical outcomes, such as improving the quality of patient care, as well as improved 

population health (Menachemi & Collum, 2011). The longitudinal data comprising the EHRs 

allows the study of complex interactions between outcome effects and variables of interest 

(Vaci et al., 2020). However, due to the high proportion of unstructured, natural text within 

EHRs, it is necessary to adopt algorithm-based approaches to data extraction for the sake of 

time and resources (Goodday et al., 2020; Murdoch & Detsky, 2013; Vaci et al., 2020). 

Previous studies have demonstrated that natural language processing (NLP) algorithms can 

be utilised for data extraction of key variables within EHRs (Gligic et al., 2020; Kormilitzin et 

al., 2021; Liu et al., 2022; Senior et al., 2020; Vaci et al., 2020), and how such data can then 

be used to investigate the interaction(s) between variables pertaining to ADRD, such as 

medication and cognitive testing, from a retrospective cohort of patients (Liu et al., 2022; Vaci 

et al., 2021).  

 

The data collected in the EHRs used in the studies included in this thesis are from patients 

from Oxford Health NHS Foundation Trust between 1995 and 2022. The data are accessible 

through the UK-CRIS system and have been maintained by Akrivia Health 

(https://akriviahealth.com/). The system allows access to structured information, e.g. 

demographic information and diagnosis code, as well as unstructured textual information, 

such as clinical records. These documents collect free-text information on the history of mental 

disorders under treatment, relevant cognitive assessments, and any other clinically relevant 

discussion between services and support that went on throughout the treatment. 
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3.2 Multilevel Models 

 

The multilevel (a.k.a. hierarchical, a.k.a. mixed-effects) models conducted as part of this thesis 

are done so based on the author’s interpretation of Gelman and Hill (2006) and Wood (2017), 

along with guidance and feedback from the author’s supervisory team, NV and TS. Multilevel 

models are a form of advanced regression used to analyse data that is within a nested (or 

‘hierarchical’) structure, therefore not assumed to be independent like traditional regression. 

Rather data are assumed to be more likely to be similar within nested groups compared to 

between groups.  

 

Multilevel models estimate regression coefficients at a first-level (as in a traditional regression; 

in ‘mixed-effect’ models, these are referred to as ‘fixed effects’), and at a higher-level (‘random 

effects’), accounting for the variability between groups, assuming group-specific parameters 

are drawn from a common distribution. A classic example of a multilevel model (Gelman and 

Hill, 2006) gives an educational study where data are collected from students from various 

schools. Parameters at the student-level (e.g. sex, test results, parental education), and 

hyperparameters at the school-level (e.g. average class size, school funding) can be 

estimated. This could be expanded further by adding estimates at the district level (e.g. district 

policies). In this expanded example model there are students nested within schools nested 

within districts. 

 

Repeated measures also follow a multilevel structure. In such cases, observations are nested 

within persons, and persons may be nested within other higher-level groups. A strength of 

multilevel models is that they are capable of handling missing data, making them particularly 

suitable for longitudinal studies. Assuming data are missing at random, multilevel models 

leverage observed data from within an individual or within their group to make estimations. As 

higher level effects are estimated as deviations from the grand mean, missing data estimations 

are pulled closer to the grand mean. 

 

3.2.1 Linear Multilevel Regression Models 

 

Linear multilevel regression models (LMRMs) are used across all three study chapters, with 

observations nested within patients. Various factors are collected at the observation level, 

while others are collected at the patient level. LMRMs have been previously used to assess 
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the impact on ADRD patients’ cognitive trajectories of APOE alleles (X. R. Chen et al., 2021) 

and ADRD medications (Vaci et al., 2021). 

 

Equation 3.1 

Multilevel Equation 

 

YCognitionjt = 𝛽0 + 𝛽0j + (𝛽1 + 𝛽1j)XDiagnosis durationjt * XSI proxyj + XControlsj + 𝜀jt 
 

Figure 3.1 
Multilevel Structure for a Two-Level Longitudinal Model for Observations of Timepoints Nested 

Within Patients. 

 

 

3.2.2 Generalised Additive Multilevel Models 

 

Generalised additive multilevel models (GAMMs) are used in studies 2 and 3. GAMMs are a 

non-linear data driven approach that can be used to model repeated measures over time.  

Previous studies have demonstrated how cognitive decline in ADRD patients is non-linear, 

often displaying a period of stabilisation around diagnosis and greater variability in the years 

proceeding and following diagnosis (Vaci et al., 2021). GAMMs use smooth functions to model 

the relationship between a predictor variable (such as diagnosis duration) and the outcome 

variable (such as cognition) without forcing a rigid linear assumption, while the multilevel 

component accounts for the repeated observations nested within the same individuals. 

GAMMs offer a flexible framework to model how cognition changes non-linearly over time 

while simultaneously acknowledging the inherent variability between patients and the 

dependence within patients given the repeated observations. Therefore, they may model the 

change in ADRD patient cognition over time more accurately than linear techniques. However, 

their output is often difficult to interpret and relies on coefficient estimates from parametric 

model outputs to ease interpretation. 
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3.3 Study Design, Data Sources, and Sample 

 

This study utilised a retrospective cohort design, collecting secondary data from EHRs of 

patients from Oxford Health NHS Foundation Trust. The trust employs approximately 6,500 

staff over 150 sites, providing a range of health services for approximately 2.5 million people 

across Buckinghamshire, Oxfordshire, Wiltshire and Swindon, and Bath and North East 

Somerset (Oxford Health NHS Foundation Trust, 2024). EHRs were accessible through UK-

CRIS, maintained by Akrivia Health (https://akriviahealth.com/). The full cohort consisted of 

6,388,715 records from 34,469 patients with ICD codes matching an ADRD diagnosis (F00 – 

F00.9, F01, F02, F03, G30), excluding MCI (F06.7), between March 2008 and June 2022. 

NLP processes were implemented by the primary supervisor of this project, NV, to extract 

information from the rich clinical texts. Ethical approval for the use of the data was acquired 

from the local UK-CRIS oversight committees. The University of Sheffield Ethics Application 

Review Board approved the project (ID: 045869) after self-declaration that the research will 

involve only existing clinical data that is robustly anonymised and is unlikely to cause offence 

to those who originally provided the data should they become aware of it. Due to the 

anonymised nature of the data, it was not possible or necessary to obtained informed consent.  

 

Data extracted from the EHRs regarding patients’ demographics, type of ADRD diagnosis, 

accommodation status and cognitive function were imported to RStudio (v1.3.1093; RStudio 

Team, 2020), in long format, merged and prepared for longitudinal data analysis. Due to the 

nature of the clinical assessments reflected in the EHRs, timepoints between observations 

were sporadic. Data were amended to remove or correct for errors presumed to have occurred 

during the NLP extraction, or as a result of an encoding/reporting error, using a combination 

of functions from the ‘dplyr’ (v1.0.6 – Wickham et al., 2021), ‘lubridate’ (v1.7.10 – Grolemund 

& Wickham, 2011) and ‘parsedate’ (v1.3.0 – Csárdi & Torvalds, 2022) packages, such as 

removing observations of patient IDs that had been incorrectly extracted, transforming dates 

into a uniform format, or removing observations of impossible dates (such as those indicating 

a date outside of possible record date parameters). The extracted EHR data were restricted 

to patients aged at least 50 years.  All patients had, or would go on to receive a factual, 

affirmed ADRD diagnosis, with data collected regarding ADRD cause and date of diagnosis. 

To capture the critical period of disease onset, observations were included from 5 years 

(18,250 days) prior to diagnosis, a timeframe during which symptoms and neuropathological 

processes often occur. This 5-year window was also applied post-diagnosis to capture 

following changes that may result from progressing neuropathology and/or care changes. This 

±5-year boundary was chosen to strike a balance between observing a clinically meaningful 



55 

period of change surrounding diagnosis, and ensuring data reliability, which tended to 

decrease the further away from diagnosis the observation was made. Figure 3.2 shows a flow 

chart describing the steps in the data processes. 

 
Figure 3. 
Data Processing Flow Chart 
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3.4 Ubiquitous Variables 

 

3.4.1 Cognitive Function 

 

The outcome variable, cognition, was captured using either the Mini-Mental State examination 

(MMSE – Folstein et al., 1975) or Montreal Cognitive Assessment (MoCA – Nasreddine et al., 

2005), two cognitive assessment measures that are widely used as cognitive screening tools 

in memory assessment clinics within the UK National Health Service. Both measures have 

been found to be able to accurately discern cognitive impairment from healthy cognition 

(Pezzotti et al., 2008; Roalf et al., 2013) and both tests result in a score with a denominator of 

30. They share several tested domains, including orientation, memory recall, and attention. 

However, the MoCA is considered more sensitive for detecting MCI and early AD (Ciesielska 

et al., 2016; Jia et al., 2021; Nasreddine et al, 2005; Pendlebury et al., 2012; Wang et al., 

2013), DLB (Wang et al., 2013), and cognitive deficits in PD (Lessig et al., 2012), placing 

greater emphasis on executive function and visuospatial skills (Lessig et al., 2012; Nasreddine 

et al., 2005; Siqueira et al., 2019). Conversely, the MMSE has been used when tracking 

cognitive decline in more advanced AD (Panegyres et al., 2013; Ward et al., 2002; Wattmo et 

al., 2016), yet research suggests it could be susceptible to floor effects when adjusting for 

education level (Franco-Marina et al., 2010).  

 

Mentions of patients’ cognitive scores on MMSE or MoCA were derived from the free text by 

the NLP model (see Vaci et al., 2021). Patient’s scores with denominators of 28 and 29 could 

have resulted from patients with difficulties reading or writing being unable to answer related 

questions. As such these results were transformed, adding 2 or 1 respectively to the numerator 

and denominator to give scores with a denominator of 30. Scores with denominators of less 

than 28 or more than 30 were considered NLP-related errors, possibly resulting from a 

misclassification of dates or other numbers as MMSE/MoCA scores, and these observations 

were excluded from the dataset. Similarly, patients without any cognitive assessment score 

data (e.g. where scores were given as ‘null’ or ‘NA’) were removed. A maximum of one 

cognitive measure per month per patient was retained in the dataset, prioritising the earliest 

cognitive measure observation when more than one was extracted. For data analyses, 

separate datasets and models were created for observations using MMSE as the measure of 

cognitive function, and observations using MoCA as the measure of cognitive function. 
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3.4.2 Diagnosis Duration 

 

The time variant, diagnosis duration, was calculated for each patient by finding the difference 

in time between the date of diagnosis and the date of cognitive assessment, extracted from 

the EHRs during the NLP process, for each measure of cognitive function (MMSE or MoCA), 

expressed in years. Where multiple diagnosis dates were found, the oldest date attributed to 

a factual and affirmed ADRD diagnosis was used. When available, where patients reached 

full ADRD diagnosis but also had cognitive assessments prior to full diagnosis (within the 5-

year threshold) those pre-diagnosis observations were included, therefore negative diagnosis 

duration values represent their respective time before the date of diagnosis, positive diagnosis 

durations represent their respective times after the date of diagnosis, and zero represents the 

point of diagnosis. 

 

3.4.3 Control Variables 

 

Variables regarding patients’ diagnosis cause (e.g. AD, DLB, VaD), age, ethnicity, and sex 

were collected (or calculated, in the case of age) from structured clinical and demographic 

data. One diagnosis cause and diagnosis date were recorded per patient. Where multiple 

diagnosis causes were found for a given patient, the most recent cause information attributed 

to a factual/affirmed observation was taken to be the most accurate/up to date, and conflicting 

data were transformed to reflect the most recent data. Where multiple diagnosis dates were 

found for a given patient, the oldest diagnosis date information attributed to a factual/affirmed 

observation was used. Patients’ ages were calculated for each observation by calculating the 

difference between their date of birth and the document date corresponding to each cognitive 

assessment observation, expressed in years. In order to avoid an uninterpretable intercept 

prediction from the model caused by extrapolation, the age variable was centred by 

transforming age of 0 years to represent a patient aged 50 years (18,250 days). The choice 

of 50 years was primarily motivated by improving statistical interpretation (Gelman & Hill, 

2006), however, from a clinical perspective, 50 years old represents a critical mid-life point 

where modifiable risk-factors such as SI exert their greatest influence on dementia risk 

(Livingston et al., 2024).  
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3.5 Patient Characteristics 

 

Table 3.1 shows the characteristics of the full sample after the data processing steps 

described in sections 3.3 and 3.4. The total sample included 27,734 observations from 10,438 

patients. The mean age of patients at first observation was 81.13 years, while the mean age 

of patients across all observations was 80.78 years. Data were split into two sets depending 

on whether cognition was measured using MMSE or MoCA: 17,750 observations were 

available for 6,974 patients (2.55 average observations per patient) for the MMSE data; 9,984 

observations were available for 5,097 patients for the MoCA data (1.96 average observations 

per patient). The exact number of units (patients and timepoints/observations) available for 

each model varied depending on data that were available for the predictors included in the 

model. 

 
Table 3.1 
Sample Cohort Characteristics 

 

Variable Full sample MMSE MoCA 

Number of 
observations 

27,734 17,750 9,984 

Number of patients 10,438 6,974 5,097 

Average 
observations per 
patient 

2.66 2.55 1.96 

Mean cognitive 
score at first 
observation* (SD) 

- 21.68 (5.83) 17.93 (6.00) 

Mean cognitive 
scores across all 
observations (SD) 

- 21.60 (5.77) 18.19 (5.85) 

Marital status, by 
patient (%) 

   

Partner† 3,031 (29.04) 2,221 (31.85) 1,298 (25.47) 

Separated† 326 (3.12) 213 (3.05) 170 (3.34) 

Single‡ 330 (3.16) 277 (3.97) 88 (1.73) 
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Widowed‡ 2,140 (20.50) 1,624 (23.29) 791 (15.52) 

Not known 4,611 (44.18) 2,639 (37.84) 2,750 (53.95) 

Marital status, by 
observation (%) 

   

Partner† 9,500 (34.25) 6,762 (38.10) 2,738 (27.42) 

Separated† 914 (3.30) 582 (3.28) 332 (3.33) 

Single‡ 897 (3.23) 722 (4.07) 175 (1.75) 

Widowed‡ 5,904 (21.29) 4,316 (24.32) 1,588 (15.91) 

Not known 10,519 (37.93) 5,368 (30.24) 5,151 (51.59) 

Accommodation 
status, by patient 
(%) 

   

Mainstream 
housing† 

2,449 (23.46) 1,077 (15.44) 1,904 (37.36) 

Supported 
accommodation‡ 

887 (8.50) 563 (8.07) 509 (9.99) 

Clinical‡ 32 (0.31) 20 (0.29) 19 (0.37) 

No fixed abode‡ 32 (0.31) 13 (0.19) 23 (0.45) 

Incarceration‡ 2 (0.02) - 2 (0.04) 

Not known 7,036 (67.41) 5,301 (76.01) 2,640 (51.80) 

Accommodation 
status, by 
observation (%) 

   

Mainstream 
housing† 

6,851 (24.70) 2,828 (15.93) 4,023 (40.29) 

Supported 
accommodation‡ 

2,793 (10.07) 1652 (9.31) 1,141 (11.43) 

Clinical‡ 92 (0.33) 42 (0.24) 50 (0.50) 

No fixed abode‡ 76 (0.27) 31 (0.17) 45 (0.45) 

Incarceration‡ 2 (< 0.01) - 2 (< 0.01) 

Not known 17,920 (64.61) 13,197 (74.35) 4,723 (47.31) 
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Living status, by 
patient (%) 

   

Cohabiting† 984 (9.43) 457 (6.55) 746 (14.64) 

Alone‡ 483 (4.63) 210 (3.01) 379 (7.44) 

Not known 8,018 (76.82) 5,711 (81.89) 3419 (67.08) 

Living status, by 
observation (%) 

   

Cohabiting† 3129 (11.28) 1,482 (8.35) 1,647 (16.50) 

Alone‡ 1233 (4.45) 480 (2.70) 753 (7.54) 

Not known 20,409 (73.59) 14,063 (79.23) 6,346 (63.56) 

Mean age at first 
observation (SD)* 

81.13 (7.61) 81.33 (7.68) 80.77 (7.46) 

Mean age across all 
observations (SD)* 

80.78 (7.38) 80.97 (7.44) 80.46 (7.25) 

Sex, by patient (%)    

Female 6,308 (60.43) 4308 (61.77) 2,959 (58.05) 

Male 4,128 (39.55) 2664 (38.20) 2,138 (41.95) 

Not known 2 (0.01) 2 (0.03) - 

Ethnicity, by patient 
(%) 

   

White 6,851 (65.64) 5,104 (73.19) 2,785 (54.64) 

Non-White 141 (1.35) 96 (1.38) 66 (1.29) 

Not known 3,446 (33.01) 1,774 (25.44) 2,246 (44.07) 

Diagnosis, by 
patient (%) 

   

AD 4,681 (44.85) 3,142 (45.05) 2,368 (46.46) 

VaD 868 (8.32) 589 (8.45) 416 (8.16) 

DLB 190 (1.82) 125 (1.79) 93 (1.82) 

FTD 34 (0.33) 19 (0.27) 22 (0.43) 

Mixed AD-VaD 154 (1.48) 80 (1.15) 93 (1.82) 
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Other 1 (<0.01) - 1 (0.02) 

Unspecified 3,762 (36.04) 2,572 (36.88) 1,701 (33.47) 

Not known 673 (6.45) 405 (5.81) 357 (7.00) 

Patients Reports    

Social Isolation - 545 624 

Loneliness - 694 543 

No reports 
(controls) 

- 5,735 3,930 

† Considered to be a non-socially isolated category 
‡ Considered to be a socially isolated category 

 

3.6 Missingness 
 

Missing data were present across outcome, predictor (exposures), and control variables 

(covariates). Missingness was addressed through a combination of pre-processing removal, 

explicit modelling of missing categories, and default complete case analysis (listwise deletion) 

by the statistical packages. Specifically, missingness in the outcome variable, cognition, was 

addressed prior to analyses being conducted. As detailed in section 3.4.1, observations were 

removed from the dataset where cognitive scores were missing or deemed to be recorded in 

error. For categorical control variables, such as ethnicity, sex and diagnosis (and including 

marital status, accommodation status and living status in the SI and loneliness report models 

in Chapter 6), missingness was explicitly modelled by retaining distinct categories, such as 

‘not known’ or ‘unspecified’, within the analyses. Missingness in the predictor variables (e.g. 

the SI proxy variables marital status, accommodation status and living status), such as a 

record of ‘NA’, were handled by listwise deletion by lme4::lmer and mgcv::bam. The use of 

listwise deletion for the predictor variable relies on the assumption that the data are missing 

at random. This assumption posits that the probability of the predictor being missing depends 

only on the other observed variables in the model (i.e. the covariates, e.g. age, sex, ethnicity 

etc.). By explicitly modelling the covariates, systematic reasons for missingness in the 

predictor variable are captured, and therefore model bias is mitigated (Gelman and Hill, 2006). 

 

It is important to distinguish the handling of missing variable data from the ‘missingness’ 

resulting from unbalanced timepoints, which relies on restricted maximum likelihood (REML) 



62 

estimation. In practice, the pre-processing removal of observations, followed by the creation 

of explicit variable categories, occurs before the analyses, at the data preparation stage. When 

the analysis functions are run, the listwise deletion of missing predictor variable observations 

is undertaken by the function before completing the analysis. During the analyses, REML 

estimations account for the non-standardised timepoints and varying number of observations 

per patient by modelling the average trajectories – the fixed effects – and individual patient 

trajectories – the random effects – using all available data from the participants who were 

retained after the listwise deletion step (Gelman & Hill, 2006; Wood, 2017). 

 

The chosen approach has two main limitations. The first is that if the assumption that the data 

are missing at random is incorrect, then this would likely result in biased results. There is a 

general impossibility of proving that data are missing at random (Gelman & Hill, 2006), 

however the models included all relevant explicit variables to cover for this possibility. Even 

so, an inherent limitation of using secondary data is that one is without full control of the data 

that is collected, and it could be the case that potential unobserved variables predict 

missingness. The second is that the use of explicit modelling of missing covariates using 

categories, such as ‘not known’, as distinct can potentially bias the estimated coefficients of 

other variables in the model, as it is likely that these explicit missing categories are 

heterogeneous (Gelman & Hill, 2006). Overall, despite the limitations outlined, the approach 

for handling missingness was chosen as the most pragmatic and robust solution for the EHR 

dataset. 
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4 Study 1: Development of Social Isolation Proxies, 

and their Impact on Cognitive Decline 
 

4.1 Introduction 

 

4.1.1 Overview 

 

Social isolation (SI) constitutes an objective lack of social connection (Holt-Lunstad, 2021), 

such as a lack of social contact or living alone. SI differs from loneliness, which represents a 

subjective disparity between a desired level/quality of social connection and a perceived 

level/quality of social connection (de Jong-Gierveld, 1987; de Jong-Gierveld & Tilburg, 2006; 

Perlman & Peplau, 1981). SI is inversely associated with cognitive functioning in older adults 

without an ADRD diagnosis (Kuiper et al., 2016; Piolatto et al., 2022) as well as 

neuropsychiatric symptoms in ADRD patients (Leung et al., 2015; Manca et al., 2020). 

Furthermore, SI has been identified as a modifiable risk factor for ADRD incidence (Desai et 

al., 2020; Kuiper et al., 2015; Lazzari & Rabottini, 2022; Livingston et al., 2017, 2020, 2024; 

Penninkilampi et al., 2018; Sommerlad et al., 2018, 2019) meaning that, in contrast to non-

modifiable risk factors such as age (e.g. Carone et al., 2014) or genetic factors (e.g. Corder 

et al., 1993), addressing and reducing SI may offer an avenue for intervention. The theoretical 

links between SI and cognitive reserve (Stern et al., 2020, 2023), which have been supported 

by studies investigating how SI moderates the relationship between disease progression and 

cognitive symptoms (Perry, McConnell, Coleman, et al., 2022; Perry, Roth, et al., 2022), 

suggest that reducing SI could have an impact on cognition throughout the disease course. If 

this were the case, it could have implications for patient care by considering SI’s impact on 

patients after diagnosis, not just as a risk-factor. 

 

Previous studies that investigated the impact of SI on cognitive change in patients with an 

ADRD/dementia diagnosis have found mixed evidence of its impact. As shown in Chapter 2, 

studies using longitudinal designs found evidence for the impact of SI on ADRD patients’ 

cognition more frequently than studies using cross-sectional designs. EHRs offer a relatively 

underutilised method of collecting and assessing real-world, retrospective, longitudinal data. 

Data regarding SI may not be regularly collected as part of mainstream clinical practices 
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regarding ADRD patients, however. Without direct measures of SI, such as social network 

size and frequency of social interactions, analysing the impact of SI relies on the identification 

and use of proxy variables. For example, marital status has previously been identified as a 

key component of SI (Livingston et al., 2020; Saito et al., 2018; Wenger et al., 1996) that can 

impact ADRD risk, with lifelong single and widowed people found to have a 42% and 20% 

increased ADRD risk, respectively, compared to married people, while no overall ADRD 

difference in risk was found between divorced people and married people (Sommerlad et al., 

2018). Marital status is associated with the frequency of social interactions (Kuiper et al., 

2015), and also with participating in more or less adverse health behaviours (Fuller & Tech, 

2010; Joung et al., 1995) as well as level of stress (Rothman & Mattson, 2010), all of which 

are thought to influence ADRD risk and cognitive reserve (Sommerlad et al., 2018). 

 

Living status is another key component of SI, which is argued to be a more objective and 

precise measure than attempting to discern the value and/or frequency of social contacts 

(Desai et al., 2020). Living alone has been shown to lead to increased risk of ADRD incidence 

in a systematic review and meta-analysis (Desai et al., 2020), as well as steeper rates of 

cognitive decline for patients with an existing ADRD diagnosis in a longitudinal study 

(Harsányiová & Prokop, 2018). Conversely, a cross-sectional comparison of older African 

American patients with dementia (Edwards & Morris, 2007) revealed significantly higher 

MMSE scores for patients living alone (M = 18.38, SD = 6.9) than patients living with others  

(M = 15.05, SD = 7.3, t = 4.28, p = 0.001). Similarly, a logistic regression analysis of a cross-

section of ADRD patient data from the IDEAL cohort study (Clare et al., 2020) revealed that 

patients who were living alone were more likely to have higher MMSE than patients living with 

others (OR = 1.08, 95% CI = 1.04, 1.13, p < 0.001), including when patients were living alone 

with low levels of support (OR = 1.18, 95% CI = 1.08, 1.28, p < 0.001). Significant odds ratios 

were also found when using total ACE-III scores as the measure of cognition. These studies 

also reported that people living alone had significantly more caregivers than those living with 

others (Edwards & Morris, 2007) and were more likely to have higher social contact with 

people from other households than those living with others (Clare et al., 2020). It could be the 

case, therefore, that the people in these studies were experiencing higher levels of social 

connection, despite living alone. One study (Clare et al., 2020) also reported that patients 

living alone had higher self-reported general functioning than patients living with others. 

Functional deficiencies may create a necessity for people to live with others, in order to have 

support, whereas those with better functional abilities are able to live more independently. As 

these studies were cross-sectional, it is not possible to gauge the change in cognition over 

time or how living alone or with others might impact any change. 
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Proportionally more ADRD patients will spend some time living in supported accommodation, 

such as a care home, compared to non-ADRD aged-matched controls (G. E. Smith et al., 

2000). Prevalence of perceived social isolation in older adults with cognitive impairment living 

in nursing homes could be as high as 95.5% in emerging countries with ageing populations 

(Nikmat, Hashim, et al., 2015). Feelings of poor social connection or lack of care network may 

prompt some people to seek a move to supported accommodation (Scocco et al., 2006). 

ADRD patients living in supported accommodation show slower rates of cognitive decline than 

those living alone, but faster rates of cognitive decline than those living with family 

(Harsányiová & Prokop, 2018). Cross-sectional comparisons (Nikmat, Hawthorne, et al., 

2015) suggest that ADRD patients receiving care in community settings have higher cognitive 

scores on the short MMSE (M = 6.63, SD = 3.11) than patients receiving care in a supported 

accommodation (e.g. nursing home) setting (M = 5.20, SD = 2.28), though these differences 

did not reach statistical significance (t = 1.86, p = 0.07). A study (Harmand et al., 2014) utilising 

data from a longitudinal cohort of older adults without cognitive impairment from France 

revealed a significant reduction in predicted MMSE scores from participants after admittance 

into nursing home care by almost 3 MMSE points (B = -2.82, SE = 0.137, p < 0.0001). 

Furthermore, the predicted rate of cognitive decline was faster for participants living in 

institutional care by around 0.2 MMSE points per year (B = -0.218, SE = 0.044, p < 0.0001). 

Similar changes in cognition and rates of cognitive decline were observed for AD patients 

recruited from the Rush Alzheimer’s Disease Centre in Chicago, USA (Wilson, McCann, et 

al., 2007), with patients estimated MMSE scores reducing by around 0.3 MMSE points after 

admission to nursing homes (B = -0.340, SE = 0.048, p < 0.001) and cognitive decline 

predicted around 0.3 MMSE points per year faster in nursing homes (B = -0.303, SE = 0.096, 

p = 0.002). 

 

4.1.2 Aims and Study Expectations 

 

Previous studies have focussed on SI as a modifiable risk factor, without consideration of its 

impact also on post-diagnosis trajectories. Additionally, some studies have only considered 

cross-sectional timepoints to make comparisons regarding cognition and SI. This study aims 

to address these gaps by utilising a longitudinal prospective cohort of ADRD patient data from 

EHRs to predict the impact of three SI proxy variables on cognitive trajectories both before 

and after ADRD diagnosis. Marital status, living status (i.e. whether a person is living alone or 

cohabiting) and accommodation status (i.e. whether a person is living independently in 

mainstream housing/community setting or is in supported or clinical/institutionalised 
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accommodation) are three factors linked to SI that stand as potential proxy variables 

discernible from EHR records. Identification of these three proxies offers potential avenues for 

exploring the impact of SI on cognition and rates of cognitive change of ADRD patients, 

utilising a wealth of real-world longitudinal data from the EHRs. The aims of this study are to 

explore the use of these proxies as predictors of cognitive trajectories in ADRD patients by 

developing linear multilevel models and comparing the resulting models. In line with the 

expectation that the three proxy variables are linked to SI, and SI has been linked to ADRD 

incidence and worse cognitive outcomes, it is hypothesised that patients exhibiting SI will have 

lower cognition at diagnosis (intercept) and faster rates of cognitive decline per year of 

diagnosis duration (slope). 

 

4.2 Methods 

 

4.2.1 Study Design, Data Sources, Sample, Ubiquitous Variables, and 

Patient Characteristics 

 

The study design, data sources, sample, variables that are ubiquitous to all three modelling 

studies – cognitive function, diagnosis duration, and control variables – and patient 

characteristics information is set out in the Overview of Methodological Approaches chapter 

(Chapter 3), sections 3.3 to 3.5. Diagnosis duration represents the time from diagnosis at 

which the observation of cognitive function took place, with negative times representing time 

before diagnosis, positive time representing the time after diagnosis, and zero representing 

the time at which diagnosis occurred. 

 

4.2.2 Social Isolation Proxies 

 

It is necessary to rely on convenience proxies of social behavioural factors that are assumed 

to contribute to protection to cognitive function (Stern et al., 2020). Three different SI proxies 

– marital status, accommodation status, and living status – were chosen based on their 

connection to SI and cognitive function (as outlined in section 4.1), as well as their 

discernability from the structured data within the EHRs. 
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Marital status data are routinely collected in clinical settings, therefore frequently available 

within the structured EHR data. Married patients, patients in a civil partnership and patients 

who were cohabiting were assumed to share a similar partner structure (i.e. the presence of 

a significant other) and levels of social engagement, and therefore these categories represent 

the absence of SI (non-SI). The family/partner structure of divorced patients was less clear, 

leading to the possibility of three theoretical assumptions. The first assumes that divorced 

patients, considering their age and previous marriage, would have a similar family structure 

as married/civil partnership patients, such as possibly having children, grandchildren, and a 

new partner, and should be considered a non-SI category. The second assumes that divorced 

patients instead share similarities with widowed patients, in that they no longer have the 

presence of a significant other and should be considered an SI category. The third assumes 

that they are somewhere in-between the first two assumptions and should be considered 

separately to the SI and non-SI categories. A previous finding that divorced people do not 

differ significantly from married couples in terms of ADRD risk (Sommerlad et al., 2018), 

supports the first assumption, and therefore divorced patients were considered non-SI proxies 

for the final marital status model. Separated patients were grouped with divorced patients due 

to relatively few observations and assumed similarities, resulting in comparisons of two non-

SI categories in the main analyses (separated/divorced patients compared to patients with 

partners). Single (never married) and widowed marital statuses were considered as proxies 

for SI, based on their assumed partner/family structure and level of social engagement, and 

their association with higher ADRD risk (Sommerlad et al., 2018).  

 

A previous study had established that living in supported accommodation, compared to living 

in one’s own home, contributed to faster rates of cognitive decline in dementia patients 

(Harsányiová & Prokop, 2018). Accommodation status was derived from structured EHR data 

of patients’ accommodation at the time of clinical assessment. Accommodations were grouped 

based on similar characteristics to form six living status levels: mainstream housing, no fixed 

abode, supported accommodation, clinical, incarceration, not specified. Living in mainstream 

housing was considered a non-SI proxy, whereas the other categories were considered SI 

proxies. 

 

Living status is not a variable that is routinely collected in the clinical setting, therefore this 

data was not readily available from the EHRs. Instead, the living status proxy used in this 

study was developed by assuming whether each patient was likely to be living alone or not, 

based on a combination of their marital status and accommodation status. Patients whose 

marital status indicated they would be living with a partner (civil partnership, cohabiting, 

married) were assumed to have a ‘cohabiting’ living status if they were living in mainstream 
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housing. Following the previously described findings that divorced and married people do not 

differ significantly in ADRD risk (Sommerlad et al., 2018), divorced and separated patients 

were again assumed to be equivalent to married patients, therefore divorced and separated 

patients were considered to have a ‘cohabiting’ living status if they were also living in 

mainstream housing. Patients who had single or widowed marital statuses and were living in 

mainstream housing were considered to have a ‘living alone’ living status. As patients living in 

supported accommodation or clinical settings may be living away from their partner, even if 

their marital status indicates they are likely to have one, it was decided that ‘supported 

accommodation’ living status would be assigned to any patient living in supported 

accommodation or clinical setting regardless of marital status. Patients with unknown 

accommodation or marital statuses could not have a living status assigned and these 

observations were excluded in listwise fashion from the living status analyses, as were 

patients with no fixed abode, living in a clinical setting and incarcerated patients due to having 

too few observations to make meaningful interpretations from. Figure 4.1 shows a flow 

diagram describing the processing of living status categories from marital status and 

accommodation status. 
 
Figure 4.1 

Flow Chart of Living Status Processing 

 

 
 

4.2.3 Data Analysis 

 

Multilevel models were conducted using the ‘lme4’ (v1.1-29; Bates et al., 2015) R package, 

using restricted maximum likelihood estimation, with ‘lmerTest’ (v3.1-3; Kuznetsova et al., 

2017) for additional interpretation of output. Additionally, ‘insight’ (v0.19.7; Lüdecke et al., 
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2019) and ‘performance’ (v0.9.1; Daniel Lüdecke et al., 2021) packages were used for model 

assessment. In order to avoid errors with model convergence, a maximal approach to model 

fitting was used in which all possible model variables were included as coefficients based on 

the data structure, removing variables based on the data where appropriate (Gelman & Hill, 

2006).  

 

Multilevel models were developed with two levels: multiple observations over time (Level 1) 

nested within patients (Level 2). The outcome variable cognition and the time variable 

diagnosis duration were recorded at Level 1, while the predictor variables SI proxy, and control 

variables age, ethnicity, sex, and diagnosis cause were recorded at Level 2. Table 4.1 shows 

a multilevel table containing information on the levels, subindexes, variable identifiers and 

variables used within the models. Random slopes and intercepts were added to account for 

the outcome measure variance between and within patients. Separate analyses were 

conducted for models where the outcome variable was measured using MMSE and using 

MoCA. Separate analyses were conducted for the models where the predictor variable SI 

proxy used marital status, accommodation status and living status. Model equations for the 

final models presented in this chapter are presented in Appendix D. Due to relatively few 

observations of civil partnership and cohabitation levels of marital status, these patients were 

grouped with married and separated patients to create a ‘partner’ marital status category. The 

combination of variables and interactions used for the final models resulted in six model 

outputs reported in the main results section for this study. Unconstrained models are reported 

in Appendices E-G.  

 

Table 4.1 
A Multilevel Table to Show the Levels, Subindexes, Variable Identifiers, and Predictors (X) 

and Outcome (Y) Variables. 

 

Level Subindex* Variable identifier Variables** 

Patient j = 1, …, n Patient ID X2SI proxy
j 

X4Ethnicity
j 

X5Sex
j 

X6Diagnosis cause
j 

Time  t = 1, …, Tj Diagnosis duration 
(years) 

YCognition
jt 

X1Diagnosis duration
jt 

X3Age
jt 
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Note. 

* The total number of patients, n, differs depending on the model and complete data available 

for all variables. Similarly, the total number of timepoints, Tj, differs from patient to patient; 

timepoints are determined by assessments at memory clinics, therefore timepoint spacing 

between and within patients is sporadic. 

** Variables index: YCognition
jt a continuous outcome variable, representing measures of 

cognitive function using either Mini-Mental State examination or Montreal Cognitive 

assessment depending on the specific model; X1Diagnosis duration
jt a continuous time variable, 

representing time from diagnosis in years, with minus times being pre-, positive times being 

post-, and zero times being at-the-point-of-diagnosis, calculated as the difference in diagnosis 

date and cognitive assessment date; X2SI proxy
j a categorical predictor variable, representing a 

proxy of social isolation, either a factor value of marital status, or accommodation status 

depending on the specific model; X3Age
j a continuous control variable, representing the 

patients age in years, adjusted for the sake of interpretation so that age 0 in the variable is 

equivalent to a person aged 50 years in real life, calculated by finding the difference between 

the date of the cognitive assessment and the patient’s date of birth (expressed in years) minus 

50; X4Ethnicity
j a categorical control variable, representing a patient’s ethnicity;  X5Sex

j a bivariate 

control variable, representing the patient’s sex as either female or male; X6Diagnosis cause
j a 

categorical control variable, representing a patient’s diagnosis cause. 

 

4.3 Results 

 

4.3.1 Model Comparisons 

 

Null models predicting cognition as a result of diagnosis duration (in years) were developed 

to compare random-intercept-random-slope designs against fixed-intercept-random-slope 

and random-intercept-fixed-slope designs. For models with MMSE as the cognitive measure, 

adjusted intraclass correlation coefficient calculations (ICC; performance::icc) revealed that 

the random-intercept-random-slope model accounted for the greatest proportion of total 

variance within the cognitive scores (ICC = 0.76 vs fixed-intercept-random-slope ICC = 0.23 

vs random-intercept-fixed-slope = 0.70). Specifically, approximately 76% of the total variance 

in MMSE scores can be explained by individual-level differences in baseline MMSE 

performance and individual-specific rates of cognitive change associated with diagnosis 
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duration. Furthermore, model comparisons (stats::anova) consistently showed that the 

random-intercept-random-slope model was the best fit for the data based on Akaike’s 

Information Criterion (AIC; Akaike, 1974) and Bayesian Information Criterion (BIC; Schwarz, 

1978).  

 

Similarly, with MoCA as the cognitive measure, adjusted intraclass correlation coefficient 

calculations revealed that the random-intercept-random-slope model accounted for the 

greatest proportion of total variance within the cognitive scores (ICC = 0.75 vs fixed-intercept-

random-slope ICC = 0.20 vs random-intercept-fixed-slope = 0.74). Specifically, approximately 

75% of the total variance in MoCA scores can be explained by individual-level differences in 

baseline MoCA performance and individual-specific rates of cognitive change associated with 

diagnosis duration. Again, model comparisons consistently showed that the random-intercept-

random-slope model was the best fit for the data based on AIC, BIC. A comparison of model 

statistics is shown in Table 4.2. All together, these indicators suggest that the random-slope-

random-intercept model provides a more appropriate and comprehensive representation of 

the data structure. With the random-slope-random-intercept model, the slopes represent the 

trajectories of cognitive scores over time (from diagnosis, termed ‘diagnosis duration’), 

whereas the intercept represents the value at which the slope crosses 0 on the x-axis. In this 

case, the x-axis represents diagnosis duration, therefore the intercept is the predicted value 

when diagnosis duration is equal to zero, i.e. the point of diagnosis. The term ‘random’ means 

the slopes and intercepts are allowed to vary by the random-effect, which in this case is the 

patient ID. Hence, the model can capture both individual differences in initial cognitive status 

and individual variations in the trajectories of cognitive change over diagnosis duration and at 

diagnosis. 
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Table 4.2 
Model Comparison Statistics for Different Random Effect Structures 
 

Structure Adjusted ICC* AIC** BIC*** 

MMSE    

Random slopes, 
random intercepts 

0.76 103,605 103,652 

Random slopes 
fixed intercept 

0.23 110,948 110,948 

Fixed slopes, 
random intercepts 

0.70 104,298 104,329 

MOCA    

Random slopes, 
random intercepts 

0.75 28,474 28,532 

Random slopes, 
fixed intercept 

0.20 30,313 30,359 

Fixed slopes, 
random intercepts 

0.74 28,494 28,593 

 
Note. 

*Adjusted intraclass correlation coefficient (ICC) quantifies the proportion of total variance in 

the outcome variable that is attributable to the grouping structure. 

** Akaike’s information criterion (AIC) quantifies a goodness of fit for the model, with lower 

scores preferable. 

*** Bayesian information criterion (BIC) also quantifies goodness of fit, utilising different 

penalisations than AIC. Again, lower scores are preferable. 

 

4.3.2 Effects of SI Proxies on MMSE Trajectories 

 

4.3.2.1 Marital Status 

 

Controlling for age, sex, diagnosis cause and ethnicity, the constrained model investigating 

the effect of marital status on MMSE scores predicted that the average score of the reference 

group, female, White, AD patients with partners, at diagnosis (intercept) was 25.46 points (𝛽 
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= 25.46, SE = 0.38, t-value = 66.75, p < 0.001). There was no significant main effect of being 

widowed on diagnosis scores, indicating similar scores to patients with partners. Single patient 

MMSE scores at diagnosis were also estimated to be similar to patients with partners. 

Separated marital status was a significant predictor of higher MMSE scores at diagnosis, 

estimated to be 1.09 points higher on average (𝛽 = 1.09, SE = 0.39, t-value = 2.78, p = 0.005). 

Rates of cognitive change for the reference group were estimated to decline at 0.96 MMSE 

points per year (𝛽 = -0.96, SE = 0.05, t-value = -17.49, p < 0.001). There was a significant 

interaction between single marital status and diagnosis duration, with estimates showing that 

single patients’ decline was 0.42 MMSE points per year better off, indicating slower rates of 

decline (𝛽 = 0.42, SE = 0.16, t-value = 2.58, p = 0.010). There were no other significant 

interactions between marital status and diagnosis duration, indicating that separated and 

widowed patients’ rates of cognitive change were similar to that of patients with partners. 

Estimates for the control variables revealed average MMSE scores reduced by 0.12 points 

per additional year of age of the patient (𝛽 = -0.12, SE = 0.01, t-value = -10.83, p < 0.001). 

Furthermore, average MMSE scores for male patients were 0.51 points higher than female 

patients (𝛽 = 0.51, SE = 0.18, t-value = 2.84, p = 0.005), while scores for non-White patients 

were 1.70 points lower on average than White patients (𝛽 = -1.71, SE = 0.61, t-value = -2.79, 

p = 0.005). Estimates for MMSE scores reduced by -0.12 points for each advanced year of 

age at cognitive measure (𝛽 = -0.12, SE = 0.01, t-value = -10.83, p < 0.001). The model 

coefficients are shown in Table 4.3. 

 

Table 4.3 

Model Coefficients for a Linear Multilevel Regression Model Predicting MMSE as a Function 

of the Interaction Between Marital Status and Diagnosis Duration Controlling for Age, Sex, 

Ethnicity and Diagnosis Cause 

 

Factor Estimate Standard 
Error 

df t-value p-value 

Main 
Exposures 

     

Intercept*† 25.46 0.38 4156 66.75 < 0.001 

Diagnosis 
duration** 

-0.96 0.05 1358 -17.49 < 0.001 

Separated / 
Divorced† 

1.09 0.39 4136 2.78 0.005 
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Single‡ -0.03 0.45 4175 -0.10 0.924 

Widowed‡ 0.32 0.19 4088 1.64 0.100 

Diagnosis 
duration x 
Separated 

0.23 0.18 1349 1.28 0.201 

Diagnosis 
duration x 
Single 

0.42 0.16 1538 2.58 0.010 

Diagnosis 
duration x 
Widowed 

0.11 0.09 1406 1.23 0.218 

Demographi
c Factors 

     

Years of 
age at 
cognitive 
measure 

-0.12 0.01 4166 -10.83 < 0.001 

Male 0.51 0.18 4083 2.84 0.005 

Non-White -1.71 0.61 4071 -2.79 0.005 

Ethnicity not 
known 

0.43 0.32 4187 1.36 0.174 

Diagnosis 
Factors 

     

VaD -0.76 0.34 4252 -2.22 0.026 

DLB -0.19 0.61 4025 -0.31 0.757 

FTD 2.72 1.46 4122 1.86 0.063 

Mixed AD-
VaD 

-0.14 0.72 3586 -0.20 0.842 

PPD -1.87 1.15 4204 -1.63 0.103 

Unspecified -0.42 0.18 4092 -2.33 0.020 

Diagnosis 
not known 

0.83 0.35 3846 2.35 0.019 
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* The Intercept represents the estimated coefficients, when time is equal to zero, for the reference 

group, female, White, AD patients with partners. Estimates for other main exposures, demographic 

factors, and diagnosis factors, are relative to the reference group. 

** The diagnosis duration represents the change in estimated coefficient given a one unit increase in 
time for the reference group. Estimates for other interaction effects, such as diagnosis duration x single, 

are relative to the diagnosis duration for the reference group. 
† Considered to be a non-socially isolated category 
‡ Considered to be a socially isolated category 

 

4.3.2.2 Accommodation Status 

 

Controlling for age, sex, diagnosis cause and ethnicity, the constrained model investigating 

the effect of accommodation status on MMSE scores predicted that the average score of the 

reference group, female, White, AD patients living in mainstream housing, at diagnosis 

(intercept) was 25.14 points (𝛽 = 15.14, SE = 0.54, t-value = 46.91, p < 0.001). There was a 

significant main effect of living in a clinical setting, despite low numbers in the sample for this 

category (43 observations from 20 patients), with estimated MMSE scores at diagnosis 

predicted to be 2.85 points lower than that of patients living in mainstream housing (𝛽 = -2.85, 

SE = 1.11, t-value = -2.57, p < 0.010). There was also a significant main effect of supported 

accommodation status, with estimates for MMSE scores at diagnosis for these patients being 

predicted to be 1.67 points lower (𝛽 = -1.67, SE = 0.25, t-value = -6.60, p < 0.001). The main 

effect of no fixed abode accommodation status was not significant, indicating similar MMSE 

scores to the reference group. MMSE scores for people living in mainstream housing were 

predicted to decline by 0.66 points per year (𝛽 = -0.66, SE = 0.07, t-value = -9.82, p < 0.001). 

There were no additional significant interactions with diagnosis duration, suggesting rates of 

cognitive change were similar across all accommodation status groups. Age at cognitive 

measure predicted worse MMSE scores by 0.06 points for every advanced year of age (𝛽 = -

0.06, SE = 0.02, t-value = -3.78, p = 0.002).  The model coefficients are shown in Table 4.4. 
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Table 4.4. 
Model Coefficients for a Linear Multilevel Regression Model Predicting MMSE as a Function 

of the Interaction Between Accommodation Status and Diagnosis Duration Controlling for Age, 

Sex, Ethnicity and Diagnosis Cause 

 

Factor Estimate Standard 
Error 

df t-value p-value 

Main 
Exposures 

     

Intercept*† 25.14 0.54 1528 46.91 < 0.001 

Diagnosis 
duration** 

-0.66 0.07 593 -9.82 < 0.001 

Supported 
accommoda
tion‡ 

-1.67 0.25 1537 -6.60 < 0.001 

Clinical‡ -2.85 1.11 1663 -2.57 0.010 

No fixed 
abode‡ 

0.59 1.39 1675 0.43 0.668 

Diagnosis 
duration x 
supported 
accommodat
ion 

-0.04 0.11 529 -0.33 0.739 

Diagnosis 
duration x 
clinical 

-0.51 0.52 674 -0.97 0.335 

Diagnosis 
duration x no 
fixed abode 

-0.80 0.52 393 -1.52 0.129 

Demographi
c Factors 

     

Years of 
age at 
cognitive 
measure 

-0.06 0.02 1559 -3.78 < 0.001 
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Male 0.28 0.24 1545 1.13 0.257 

Non-White -0.37 0.82 1519 -0.45 0.652 

Ethnicity 
not known 

-0.75 0.26 1596 -2.88 0.004 

Diagnosis 
Factors 

     

VaD -0.33 0.46 1665 -0.72 0.469 

DLB 0.09 0.83 1504 0.11 0.914 

FTD 3.29 1.76 1284 1.87 0.062 

Mixed AD-
VaD 

-0.04 1.09 1355 -0.04 0.972 

PPD 0.66 1.47 1528 0.45 0.652 

Unspecified -0.11 0.26 1542 -0.41 0.684 

Diagnosis 
not known 

0.74 0.51 1444 1.43 0.152 

* The Intercept represents the estimated coefficients, when time is equal to zero, for the reference 

group, female, White, AD patients with living in mainstream housing. Estimates for other main 

exposures, demographic factors, and diagnosis factors, are relative to the reference group. 

** The diagnosis duration represents the change in estimated coefficient given a one unit increase in 
time for the reference group. Estimates for other interaction effects, such as diagnosis duration x 

supported accommodation, are relative to the diagnosis duration for the reference group. 
† Considered to be a non-socially isolated category 
‡ Considered to be a socially isolated category 

 

 

4.3.2.3 Living Status 

 

Controlling for age, sex, diagnosis cause and ethnicity, the constrained model investigating 

the effect of living status on MMSE scores predicted that the average score of the reference 

group, female, White, AD, patients assumed to be cohabiting, at diagnosis (intercept) was 

25.00 points (𝛽 = 25.00, SE = 0.60, t-value = 41.38, p < 0.001). There was no significant effect 

of living alone on diagnosis scores, indicating that patients who were living alone and patients 

who were cohabiting had similar MMSE scores at diagnosis. There was a significant effect of 

patients living in supported accommodation, with model estimates predicting their MMSE 
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scores to be 1.91 points lower than cohabiting patients (𝛽 = -1.91, SE = 0.32, t-value = -5.91, 

p < 0.001). Similarly, patients living in clinical care settings also had lower predicted MMSE 

scores at diagnosis by 2.99 points (𝛽 = -2.99, SE = 1.13, t-value = -2.64, p = 0.008), though 

this was again based on relatively few observations. Estimates for the reference group 

predicted a 0.72 loss in MMSE score per year of diagnosis duration (𝛽 = -0.72, SE = 0.09, t-

value = -7.63, p < 0.001). There were no other significant interactions between other living 

status groups and diagnosis duration, indicating that all patients, regardless of living status, 

experienced similar rates of cognitive decline. There was a significant effect of age, with 

estimates predicting that, for each increased year of age at the time of cognitive measure, 

cognitive scores decreased by 0.05 points (𝛽 = -0.05, SE = 0.02, t-value = -2.83, p = 0.005) 

There were no significant effects of any of the other control variables. The model coefficients 

are shown in Table 4.5. 
 
Table 4.5 
Model Coefficients for a Linear Multilevel Regression Model Predicting MMSE as a Function 

of the Interaction Between Living Status and Diagnosis Duration Controlling for Age, Sex, 

Ethnicity and Diagnosis Cause 

 

Factor Estimate Standard 
Error 

df t-value p-value 

Main 
Exposures 

     

Intercept*† 25.00 0.60 1156 41.38 < 0.001 

Diagnosis 
duration** 

-0.72 0.09 440 -7.63 < 0.001 

Alone‡ 0.18 0.43 1225 0.42 0.674 

Supported 
accommoda
tion‡ 

-1.91 0.32 1155 -5.91 < 0.001 

Clinical‡ -2.99 1.13 1274 -2.64 0.008 

No fixed 
abode‡ 

0.35 1.41 1288 0.25 0.802 

Diagnosis 
duration x 
alone 

0.18 0.18 450 1.03 0.302 
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Diagnosis 
duration x 
supported 
accommodat
ion 

0.02 0.13 431 0.12 0.906 

Diagnosis 
duration x 
clinical 

-0.47 0.53 579 -0.88 0.381 

Diagnosis 
duration x no 
fixed abode 

-0.76 0.53 343 -1.43 0.154 

Demographi
c Factors 

     

Years of 
age at 
cognitive 
measure 

-0.05 0.02 1170 -2.83 0.005 

Male 0.367 0.286 1161 1.28 0.200 

Non-White -0.17 0.92 1174 -0.19 0.853 

Ethnicity not 
known 

-0.35 0.36 1121 -0.97 0.332 

Diagnosis 
Factors 

     

VaD -0.53 0.52 1253 -1.02 0.307 

DLB 0.15 0.92 1111 0.17 0.868 

FTD 3.83 1.90 926 2.02 0.044 

Mixed AD-
VaD 

-0.30 1.20 1098 -0.25 0.804 

PPD -0.27 1.82 1053 -0.15 0.884 

Unspecified -0.05 0.30 1166 -0.17 0.862 

Diagnosis 
not known 

0.89 0.59 1070 1.50 0.133 

* The Intercept represents the estimated coefficients, when time is equal to zero, for the reference 

group, female, White, AD, patients assumed to be cohabiting. Estimates for other main exposures, 

demographic factors, and diagnosis factors, are relative to the reference group. 
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** The diagnosis duration represents the change in estimated coefficient given a one unit increase in 

time for the reference group. Estimates for other interaction effects, such as diagnosis duration x alone, 

are relative to the diagnosis duration for the reference group. 
† Considered to be a non-socially isolated category 
‡ Considered to be a socially isolated category 

 

 

4.3.3 Effects of SI Proxies on MoCA Trajectories 

 

4.3.3.1 Marital Status 

 

Controlling for age, sex, diagnosis cause and ethnicity, the constrained model investigating 

the effect of marital status on MoCA scores predicted that the average score of the reference 

group, female, White, AD patients with partners, at diagnosis (intercept) was 20.91 points (𝛽 

= 20.91, SE = 0.54, t-value = 38.65, p < 0.001). Single patients were predicted to have lower 

MoCA scores at diagnosis than patients with partners by 1.45 points (𝛽 = -1.45, SE = 0.63, t-

value = -2.30, p = 0.022). Estimates for separated and widowed patients were not significantly 

different from patients with partners, indicating similar MoCA scores at diagnosis. Patients 

with partners were predicted to lose 0.48 MoCA points per year (𝛽 = -0.48, SE = 0.07, t-value 

= -7.20, p < 0.001). Interactions between other marital statuses and diagnosis duration were 

not significant indicating rates of cognitive change were similar amongst all martial statuses. 

For each year of increased age of the patient, the model estimated a reduction in MoCA scores 

by 0.10 (𝛽 = -0.10, SE = 0.02, t-value = -5.80, p < 0.001). Being male increased predicted 

MoCA scores by 1.12 point compared to being female (𝛽 = 1.12, SE = 0.24, t-value = 4.59, p 

< 0.001). Non-White patients’ scores were predicted to decrease by 1.59 MoCA points 

compared to White patients (𝛽 = -1.59, SE = 0.80, t-value = -1.99, p = 0.046). The model 

coefficients are shown in Table 4.6. 
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Table 4.6 

Model Coefficients for a Linear Multilevel Regression Model Predicting MoCA as a Function 

of the Interaction Between Marital Status and Diagnosis Duration Controlling for Age, Sex, 

Ethnicity and Diagnosis Cause 

 

Factor Estimate Standard 
Error 

df t-value p-value 

Main 
Exposures 

     

Intercept*† 20.91 0.54 2332 38.65 < 0.001 

Diagnosis 
duration** 

-0.48 0.07 465 -7.20 < 0.001 

Separated / 
Divorced† 

0.03 0.47 2187 0.07 0.946 

Single‡ -1.45 0.63 2074 -2.30 0.022 

Widowed‡ -0.14 0.28 2180 -0.50 0.615 

Diagnosis 
duration x 
Separated 

0.19 0.21 487 0.91 0.365 

Diagnosis 
duration x 
Single 

0.30 0.29 628 1.04 0.300 

Diagnosis 
duration x 
Widowed 

-0.03 0.12 482 -0.29 0.772 

Demographi
c Factors 

     

Years of 
age at 
cognitive 
measure 

-0.10 0.02 2330 -5.80 < 0.001 

Male 1.12 0.24 2262 4.59 < 0.001 

Non-White -1.59 0.80 2296 -1.99 0.046 

Ethnicity not 
known 

0.45 0.37 2257 1.24 0.216 
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Diagnosis 
Factors 

     

VaD -0.444 0.50 2258 -0.89 0.376 

DLB 0.50 0.88 2102 0.57 0.568 

FTD -0.80 1.73 2367 -0.46 0.643 

Mixed AD-
VaD 

-0.16 0.89 2142 -0.18 0.860 

PPD -1.36 1.22 1992 -1.12 0.263 

Unspecified 0.359 0.261 2285 1.38 0.169 

Diagnosis 
not known 

1.37 0.43 2081 3.17 0.002 

* The Intercept represents the estimated coefficients, when time is equal to zero, for the reference 

group, female, White, AD patients with partners. Estimates for other main exposures, demographic 
factors, and diagnosis factors, are relative to the reference group. 

** The diagnosis duration represents the change in estimated coefficient given a one unit increase in 

time for the reference group. Estimates for other interaction effects, such as diagnosis duration x 

separated, are relative to the diagnosis duration for the reference group. 
† Considered to be a non-socially isolated category 
‡ Considered to be a socially isolated category 

 

 

4.3.3.2 Accommodation Status 

 

Controlling for age, sex, diagnosis cause and ethnicity, the constrained model investigating 

the effect of accommodation status on MoCA scores predicted that the average score of the 

reference group, female, White, AD patients in mainstream accommodation, at diagnosis 

(intercept) was 18.77 points (𝛽 = 18.77, SE = 0.51, t-value = 36.97, p < 0.001). Patients living 

in supported accommodation were predicted to have lower MoCA scores than patients living 

in mainstream accommodation by 1.77 points (𝛽 = -1.77, SE = 0.27, t-value = -6.55, p < 0.001). 

Incarcerated patients had much lower predicted MoCA scores still, predicted to be 10.65 

points lower than patients living in mainstream accommodation (𝛽 = -10.66, SE = 5.38, t-value 

= -1.98, p = 0.048). While this estimation did reach statistical significance, it is likely that there 

are too few patients in this group to draw strong conclusions, and this is reflected by the high 
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SE and relatively low t-value. Cognition change for the reference group was estimated to be 

a loss of 0.58 MoCA points per year (𝛽 = -0.58, SE = 0.06, t-value = -9.96, p < 0.001). There 

were no other significant interactions with diagnosis duration for any of the other 

accommodation statuses, indicating rates of change amongst patients in different 

accommodation status groups was similar. Male patients had higher predicted MoCA scores 

by 1.18 points (𝛽 = 1.18, SE = 0.22, t-value = 5.36, p < 0.001). The model coefficients are 

shown in Table 4.7. 

 

Table 4.7 

Model Coefficients for a Linear Multilevel Regression Model Predicting MoCA as a Function 

of the Interaction Between Accommodation Status and Diagnosis Duration Controlling for Age, 

Sex, Ethnicity and Diagnosis Cause 

 

Factor Estimate Standard 
Error 

df t-value p-value 

Main 
Exposures 

     

Intercept*† 18.77 0.51 2389 36.97 < 0.001 

Diagnosis 
duration** 

-0.58 0.06 477 -9.96 < 0.001 

Supported 
accommoda
tion 

-1.77 0.27 2373 -6.55 < 0.001 

Clinical‡ -2.30 1.24 2338 -1.85 0.064 

No fixed 
abode‡ 

-0.12 1.13 2415 -0.10 0.92 

Incarceratio
n‡ 

-10.66 5.38 2749 -1.98 0.048 

Diagnosis 
duration x 
supported 
accommodat
ion 

-0.10 0.12 491 -0.82 0.412 

Diagnosis 
duration x 
clinical 

0.64 0.46 337 1.38 0.168 
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Diagnosis 
duration x no 
fixed abode 

-0.62 0.55 629 -1.14 0.256 

Diagnosis 
duration x 
incarceration 

-8.69 6.29 2493 -1.38 0.167 

Demographi
c Factors 

     

Years of age 
at cognitive 
measure 

-0.03 0.02 2405 -1.95 0.051 

Male 1.18 0.22 2375 5.36 < 0.001 

Non-White -1.06 0.81 2386 -1.30 0.194 

Ethnicity 
not known 

-0.73 0.23 2388 -3.24 0.001 

Diagnosis 
Factors 

     

VaD -0.58 0.44 2345 -1.33 0.185 

DLB 0.79 0.74 2253 1.07 0.284 

FTD -0.34 1.59 2520 -0.21 0.833 

Mixed AD-
VaD 

-061 0.82 2278 -0.74 0.457 

PPD -0.31 1.06 2155 -0.30 0.768 

Unspecified -0.35 0.25 2407 -1.40 0.162 

Diagnosis 
not known 

0.65 0.42 2200 1.56 0.119 

* The Intercept represents the estimated coefficients, when time is equal to zero, for the reference 

group, female, White, AD patients in mainstream accommodation. Estimates for other main exposures, 

demographic factors, and diagnosis factors, are relative to the reference group. 

** The diagnosis duration represents the change in estimated coefficient given a one unit increase in 

time for the reference group. Estimates for other interaction effects, such as diagnosis duration x 

supported accommodation, are relative to the diagnosis duration for the reference group. 
† Considered to be a non-socially isolated category 
‡ Considered to be a socially isolated category 
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4.3.3.3 Living Status 

 

Controlling for age, sex, diagnosis cause and ethnicity, the constrained model investigating 

the effect of living status on MoCA scores predicted that the average score of the reference 

group, female, White, AD patients assumed to be cohabiting, at diagnosis (intercept) was 

19.15 (𝛽 = 19.15, SE = 0.60, t-value = 32.10, p < 0.001). Estimates for patients living alone 

were not significant, indicating scores were similar to cohabiting patients. Patients living 

supported accommodation had lower predicted MoCA scores at diagnosis by 2.37 points (𝛽 = 

-2.37, SE = 0.33, t-value = -7.14, p < 0.001). Incarcerated patients (𝛽 = -11.39, SE = 5.32, t-

value = -2.14, p = 0.032) and patients living in clinical settings (𝛽 = -3.08, SE = 1.25, t-value = 

-2.47, p = 0.014) had lower MoCA estimates at diagnosis, yet these findings are unlikely to be 

meaningful, despite statistical significance, due to relatively few observations. The estimated 

change in MoCA scores for cohabiting patients was a decline of 0.57 points per year (𝛽 = -

0.57, SE = 0.08, t-value = -6.83, p = 0.001). No other significant interactions between living 

status and diagnosis duration were found, indicating rates of cognitive change were similar 

across all living status groups. Male patients were predicted to have higher scores than female 

patients by 1.33 MoCA points (𝛽 = 1.33, SE = 0.27, t-value = 4.89, p < 0.001). For every 

increase in year of age at time of cognitive measure, MoCA estimates reduced by 0.04 points 

(𝛽 = -0.04, SE = 0.02, t-value = -2.19, p = 0.029). The model coefficients are shown in Table 

4.8. 

 

Table 4.8 

Model Coefficients for a Linear Multilevel Regression Model Predicting MoCA as a Function 

of the Interaction Between Living Status and Diagnosis Duration Controlling for Age, Sex, 

Ethnicity and Diagnosis Cause 

 

Factor Estimate Standard 
Error 

df t-value p-value 

Main 
Exposures 

     

Intercept*† 19.15 0.60 1628 32.10 < 0.001 

Diagnosis 
duration** 

-0.57 0.08 308 -6.83 < 0.001 

Alone‡ -0.09 0.36 1619 -0.27 0.791 

Supported -2.37 0.33 1614 -7.11 < 0.001 
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accommoda
tion 

Clinical‡ -3.08 1.25 1584 -2.47 0.014 

Incarceratio
n‡ 

11.39 5.32 1864 -2.14 0.032 

No fixed 
abode‡ 

-0.57 1.14 1633 -0.50 0.617 

Diagnosis 
duration x 
alone 

0.07 0.16 361 0.43 0.667 

Diagnosis 
duration x 
supported 
accommodat
ion 

-0.08 0.14 331 -0.61 0.546 

Diagnosis 
duration x 
clinical 

0.66 0.46 238 1.43 0.155 

Diagnosis 
duration x no 
fixed abode 

-0.64 0.54 449 -1.18 0.239 

Diagnosis x 
incarceration 

-8.84 6.23 1667 -1.42 0.156 

Demographi
c Factors 

     

Years of 
age at 
cognitive 
measure 

-0.04 0.02 1636 -2.19 0.029 

Male 1.33 0.27 1613 4.89 < 0.001 

Non-White -0.80 0.93 1650 -0.86 0.388 

Ethnicity not 
known 

-0.03 0.34 1626 -0.10 0.923 

Diagnosis 
Factors 

     

VaD -0.38 0.53 1601.83 -0.71 0.479 
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DLB 0.39 0.91 1538 0.43 0.667 

FTD 0.38 1.83 1776 0.21 0.834 

Mixed AD-
VaD 

-0.68 1.00 1486 -0.69 0.493 

PPD -0.85 1.15 1486 -0.74 0.457 

Unspecified 0.07 0.30 1637 0.23 0.815 

Diagnosis 
not known 

0.92 0.50 1530 1.83 0.068 

* The Intercept represents the estimated coefficients, when time is equal to zero, for the reference 

group, female, White, AD patients assumed to be cohabiting. Estimates for other main exposures, 

demographic factors, and diagnosis factors, are relative to the reference group. 

** The diagnosis duration represents the change in estimated coefficient given a one unit increase in 

time for the reference group. Estimates for other interaction effects, such as diagnosis duration x alone, 
are relative to the diagnosis duration for the reference group. 
† Considered to be a non-socially isolated category 
‡ Considered to be a socially isolated category 

 

4.4 Discussion 

 

4.4.1 Summary of Findings 

 

This study aimed to utilise ADRD patient data from EHRs to investigate the impact of three SI 

proxies – marital status, accommodation status, and living status – and their interaction with 

diagnosis duration – the time from diagnosis at which the observation of cognitive function 

took place, with negative time representing time before diagnosis, positive time representing 

the time after diagnosis, and zero representing the time at which diagnosis occurred. 

Controlling for demographic and diagnostic characteristics, multilevel linear regression models 

gave estimates for patients’ cognitive function scores at diagnosis, measured by either MMSE 

or MoCA, and rates of cognitive change relative to the SI proxy group. It was hypothesised 

that patients in proxy groups associated with greater SI would experience worse overall 

cognition as well as faster rates of cognitive decline. However, only partial evidence for this 

hypothesis was found. In one model, contradictory evidence was found.  
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Considering marital status as the SI proxy, MMSE models did not predict statistically 

significant differences between the intercept scores (scores at diagnosis) of patients with 

partners (non-SI) and single (SI) nor widowed (SI) patients. Separated (non-SI) patients, 

however, were predicted to have higher intercepts by more than 1.09 points. Previous studies 

have equated married people and divorced people with regards to ADRD incident risk 

(Sommerlad et al., 2018), therefore it is surprising that the current model indicates that patients 

that have separated/divorced marital status (either divorced or separated) show higher 

cognitive scores at diagnosis. Conversely, MoCA models do not show greater cognitive scores 

for separated patients at diagnosis, with estimates instead showing scores for these patients 

are comparable to patients with partners, in line with expectations based on previous literature 

(Sommerlad et al., 2018). Furthermore, the MoCA model predicted that single patients had 

lower cognitive intercept scores than patients with partners by 1.45 points. This finding is in 

line with the study expectations that low SI proxy groups would experience lower cognitive 

function at diagnosis. The difference in findings regarding single patients’ intercept scores 

between the MMSE and MoCA models could reflect a difference in sensitivities between the 

two measures. For instance, it could be that the cognitive domain most affected by SI related 

to life-long single marital status is more acutely captured by the MoCA than the MMSE. 

Widowed patients were not found to have intercept scores that were significantly different to 

patients with partners when measured with either MMSE or MoCA in the full models. However, 

the unconstrained MMSE and MoCA models showed a significant effect of widowed marital 

status on patient intercept scores (see Appendix E). Therefore, it seems that introducing 

control variables mitigated the effect of marital status for this group. Single patients’ rates of 

cognitive decline predicted by the MMSE model was slower than the other marital statuses. 

This finding directly contradicts the study expectations, as single marital status was 

considered an SI proxy. However, in the MoCA model, single patients had worse cognition at 

intercept, while all marital statuses were predicted to decline at similar rates, indicating that 

single patients have lower MoCA scores throughout the diagnosis window. The improvements 

in MMSE slopes for single patients may indicate these patients are exposed to other protective 

factors that protects their decline. For example, previous studies have found that patients living 

alone, as single patients are assumed to be, display higher levels of cognitive and functional 

ability that enable their independence (Clare et al., 2020). However, as similar findings were 

not predicted in the MoCA model, such differences could again indicate differences in the 

measures and their sensitivity regarding different cognitive domains. 

 

For the accommodation status proxy, models consistently predicted lower cognitive scores at 

diagnosis for patients living in supported accommodation compared to the reference group of 
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patients living in mainstream housing. This remained true regardless of which cognitive 

measure was used. There were no significant interactions between the accommodation status 

groups and diagnosis duration (time from diagnosis duration), indicating that the predicted 

lower cognitive scores for patients in supported accommodation persists across the diagnosis 

duration window (± 5 years either side of diagnosis). This finding partially supports the study 

expectation in that intercept scores for patients living in supported accommodation (SI) were 

lower than patients living in mainstream housing (non-SI), however slopes were not 

statistically different, indicating rates of decline were similar. The model predictions for patients 

in clinical, no fixed abode and incarcerated accommodation statuses are likely uninterpretable, 

despite some reaching statistical significance, due to relatively small numbers of patient 

observations represented in these groups (see section 3.5). Rates of decline were shown to 

be similar across all accommodation statuses across the two different cognition measure 

models, and therefore does not provide evidence to support the study expectation that SI 

proxy groups would experience faster rates of decline than non-SI proxy groups. A previous 

study found increased rates of cognitive decline in those living in a supported accommodation 

setting compared to those living with others attributed this finding, at least in part, to exposure 

to inadequate conditions within the supported accommodation (Harsányiová & Prokop, 2018). 

That the current study finds patients living in supported accommodation have lower cognitive 

scores at diagnosis may partially reflect those patients’ need to be in supported 

accommodation in the first place, for instance if this impaired cognition also impairs activities 

of daily living. The current study, unlike the previously mentioned study, did not find differences 

in rates of decline of patients living in supported accommodation and those living in 

mainstream housing. This may reflect national differences in mainstream or supported 

accommodation conditions. A further explanation could be the misclassification of patients 

living in mainstream housing as a non-SI proxy, for instance if the majority of those patients 

are living alone. 

 

This is somewhat addressed by the living status model which attempted to further define 

patients as either living alone or cohabiting based on a combination of their marital status and 

accommodation status. In these models, patients living in supported accommodation again 

had lower intercept scores, but again there were no significant interactions between the living 

statuses and diagnosis duration, indicating that rates of cognitive change across all living 

statuses were similar to the reference group, cohabiting patients (a loss of around 0.72 MMSE 

or 0.57 MoCA points per year). Interestingly, neither the MMSE nor the MoCA model predicted 

a significant difference in intercept or slope scores between cohabiting patients and patients 

living alone. Assuming alone living status represents an SI proxy, and cohabiting living status 

represents a non-SI proxy, these findings do not provide evidence towards the study 
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expectations that SI patients would experience worse cognition and faster rates of cognitive 

decline. That there were no differences between patients living alone and patients living with 

others in the current study perhaps reflects the difference in findings amongst the literature, 

with some previous studies suggesting that living alone increased ADRD incidence risk (Desai 

et al., 2020) and worse cognition in later life, and others indicating those living alone may have 

increased cognition and social participation outside of the home than those living with others 

(Clare et al., 2020; Edwards & Morris, 2007). 

 

4.4.2 Limitations and Suggestions for Further Research 

 

The finding across most models that rates of cognitive decline were similar across SI proxies 

may reflect a limitation in the choice of analysis approach used in the current study. Previous 

studies have demonstrated that decline in ADRD may not accurately be represented by linear 

modelling. For example, a study by Vaci and colleagues (Vaci et al., 2021) demonstrated that 

ADRD patients experience a period of cognitive stability around diagnosis, likely due to early 

clinical interventions such as the administration of acetylcholinesterase inhibitors or other 

medication. Further research should look to use non-linear models to better capture these 

nuanced changes in cognition over time. Another limitation of the current study is its reliance 

on assumed patient characteristics. For example, due to lack of more objective measures 

within the EHRs, assumptions were made about associations between patients’ demographic 

factors and their level of social isolation. This may not accurately reflect levels of patients’ 

social connection, and future research should look to develop a method of quantifying social 

connection from the EHRs that makes less assumptions about the data. 

 

4.4.3 Conclusion 

 

In conclusion, the models tested in this study provide limited evidence that SI negatively 

impacts the cognition and rates of cognitive decline of ADRD patients. In one circumstance, 

rates of cognitive decline were actually improved by belonging to a SI group. Lifelong single 

patients experience lower cognition across the five years either side of diagnosis when MoCA 

is used as the cognitive outcome measure, however they experience similar cognitive scores 

at diagnosis groups as other marital statuses and slower rates of cognitive decline when 

MMSE is the measure. Patients living in supported accommodation were consistently 

predicted to have lower cognition across the diagnosis window but were predicted to have 
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similar rates of decline. Rates of decline were similar across most models, which could indicate 

more nuanced modelling techniques are required to find any meaningful differences between 

groups. Differences in MMSE and MoCA models may reflect differences in the sensitivities of 

the two measures to the cognitive domains that may be impacted by SI proxies. Specifically, 

the MoCA is known to be more sensitive to early cognitive deficits, whereas MMSE can be 

prone to ceiling effects. As such, the cognitive deficits related to social isolation may be more 

pronounced in domains more sensitively measured by the MoCA, such as executive functions 

and visuospatial skills. These deficits may be missed by the MMSE, particularly in patients 

with milder impairments, due to the MMSE’s known ceiling effects. 
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5 Study 2: Linear and Non-Linear Approaches to 

Modelling ADRD Patient Cognitive Trajectories 

Using Linear Multilevel Regression and 

Generalised Additive Multilevel Models 
 

5.1 Introduction 

 

5.1.1 Overview 

 

Multilevel models (MLMs) are useful tools for analysing longitudinal data due to their ability to 

accommodate within person variance and due to their flexibility of use with missing data, non-

randomised and non-counterbalanced repeated measures conditions, and non-uniform 

observation increments (Long, 2011; Wagner et al., 2024). MLMs are also capable of 

performing inferences for small sample size groups by striking a middle ground between overly 

noisy within-group estimates and overly simplistic regression models that neglect group-

specific characteristics (Gelman & Hill, 2006). Various forms of analyses have been used in 

previously published articles to explore late-life cognitive trajectories in adults with no 

neuropathology at study outset (Jo et al., 2021; Sørensen et al., 2023; Wagner et al., 2020, 

2024; Wilson et al., 2020a, 2020b) and those with ADRD neuropathology (Ito et al., 2011; Vaci 

et al., 2021; Wilkosz et al., 2010), to predict the impact of modifiable (Amieva et al., 2014; 

Harsányiová & Prokop, 2018; Hsu & Bai, 2022; Terrera et al., 2014) and non-modifiable 

(Casanova et al., 2020; Martins et al., 2005) risk factors for ADRD on rates of cognitive 

change, to explore the changes clinical symptoms prior to ADRD diagnosis (Amieva et al., 

2008; Cavaillès et al., 2022; Jacqmin-Gadda et al., 2006), and to examine the impact of 

neuropathology on cognition in the lead up to death (Boyle et al., 2017).  

 

Study 1 used linear multilevel regression models (LMRMs) to analyse the relationship between 

cognition, diagnosis duration and various proxies of SI (marital status, accommodation status, 

and living status), controlling for age, sex, diagnosis cause (e.g. Alzheimer’s disease, vascular 

dementia, Lewy body disease), and ethnicity. The LMRMs used in Study 1 (Chapter 4) 
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included an interaction term between diagnosis duration and the SI proxy as fixed effects at 

the patient level (Level 2) and diagnosis duration varying by Patient ID as random effects at 

the observation level (Level 1). By using this random effect structure, the models accounted 

for variations in the effect of diagnosis duration across individual patients, predicting individual-

specific slopes. Overall, this gave an indication of patient cognition at the moment of diagnosis 

and how cognition changed over time (± 5 years from diagnosis) between SI proxy groups. 

While the models found varying intercept scores across SI proxies, all but one (using marital 

status as the SI proxy predictor, and MMSE as the measure of cognition) interaction terms 

were not significant, indicating that rates of cognitive decline were similar across SI proxies. 

This finding did not support the expected finding that socially isolated groups would experience 

faster rates of cognitive decline based on the presumed association between SI proxies and 

ADRD incidence (Desai et al., 2020; Livingston et al., 2017, 2020, 2024; Sommerlad et al., 

2018), and with cognition (Harmand et al., 2014; Harsányiová & Prokop, 2018; Wilson, 

McCann, et al., 2007). Nor with SI’s presumed impact on cognitive reserve (Perry, McConnell, 

Coleman, et al., 2022; Perry, Roth, et al., 2022; Zhang et al., 2022). 

 

One possible explanation for the results of Study 1 not meeting the pre-study expectation that 

socially isolated patients would exhibit faster rates of cognitive decline is that LMRM slopes 

may not be able to capture the nuanced changes in cognition over time. It has been proposed 

that the rate of cognitive change in later life is not linear, but instead exhibits a sudden, non-

linear drop towards the end of life (the ‘terminal drop’ hypothesis), indicating an association 

between cognition and general health rather than being specifically an age-related decline 

(Kleemeier, 1962; Riegel & Riegel, 1972). Findings from a more recent meta-analysis from 

Boyle and colleagues (Boyle et al., 2017) support cognitive trajectories experiencing a sudden 

drop off within the last 5 years of a person’s life, in line with the terminal drop hypothesis. In 

ADRD, cognitive trajectories have been shown to experience a period of stability around 

diagnosis following prescription of medications, preceded and succeeded by periods of 

cognitive decline (Vaci et al., 2021). There is evidence to suggest that a person’s level of 

cognition before the initial decline and the rate of that decline influences the length of time 

before diagnosis (Amieva et al., 2014). For example, people with higher theorised cognitive 

reserve may exhibit more years of slower cognitive decline before reaching a ‘threshold’ for 

diagnosis (see section 1.2), whereas people with lower theorised cognitive reserve may exhibit 

less years of cognitive decline and/or faster rates of decline to reach the same threshold. 

Rates of cognitive decline following stabilisation around diagnosis have been shown to be 

similar to pre-stabilisation rates of decline (Vaci et al., 2021). Generalised additive multilevel 

models (GAMMs) offer a flexible, data-driven, non-parametric approach to fitting smooth 
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functions of covariates (Wood, 2017) that could be used to capture the nuanced changes in 

cognition in later life and in ADRD patients (Sørensen et al., 2023; Vaci et al., 2021). 

 

5.1.2 Aims and Study Expectations 

 

The aims of the current study are to expand upon the LMRMs used in Study 1 by (1) exploring 

non-linear changes in patient cognition by using GAMMs and (2) to investigate whether the 

expected impact of SI on cognition is predicted by these models. The hypothesis for the 

current study remains much the same as Study 1, that patients in more socially isolated groups 

will exhibit lower cognition at diagnosis and steeper rates of cognitive decline across the 

diagnosis duration window.  

 

5.2 Methods 

 

5.2.1 Study Design, Data Sources, Sample, Variables, and Patient 

Characteristics 

 

The study design, data sources, sample, variables that are ubiquitous to all three modelling 

studies – cognitive function, diagnosis duration, and control variables – and patient 

characteristics information is set out in the Overview of Methodological Approaches chapter 

(Chapter 3), sections 3.3 to 3.5. The SI proxies used as predictor variables in this study – 

marital status, accommodation status, and living status – are the same as those developed in 

Study 1 (Chapter 4). See section 4.2.2 for an overview. Diagnosis duration represents the time 

from diagnosis at which the observation of cognitive function took place, with negative times 

representing time before diagnosis, positive time representing the time after diagnosis, and 

zero representing the time at which diagnosis occurred. 

 

5.2.2 Data Analysis 

 

GAMMs were performed using the bam function from the mgcv package (v1.8-31; see Wood, 

2017). The bam function is particularly useful for larger datasets because it is computationally 
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more efficient than the standard gam function, resulting in less memory use and faster 

computation (Wood et al., 2015). The bam function simultaneously estimates the parametric 

(linear) effects of the covariates and the non-parametric (smooth) relationships, presenting the 

parametric coefficients as fixed effects in the output in a similar way to linear mixed effect 

regression models (e.g. lme4::lmer; see Chapter 4). The non-parametric estimates are more 

difficult to interpret without the use of visualisations, therefore figures have been added to aid 

interpretation (see section 5.3). The itsadug package (v2.4.1; van Rij et al., 2022) was also 

used to aid the evaluation, interpretability and visualisation of the models.  

 

For the model structure, cognition (MMSE or MoCA) was defined as the outcome variable. 

Fixed effect term variables had a direct, linear, or categorical effect on cognition. The SI proxy 

(marital status, accommodation status, or living status) was the main effect predictor, while 

the control variables (age, sex and ethnicity) were also defined as fixed terms. The smooth 

terms allowed for non-linear relationships between predictors and cognition. A smooth 

interaction term was added for diagnosis duration (years) by SI proxy, allowing the smooth 

effect of diagnosis duration on cognition to vary depending on the levels of the SI proxy (e.g. 

partner, separated, single, widowed). A cubic spline basis term for this interaction was chosen 

as a balance between providing flexibility and smoothness. A smooth random effects term for 

patient ID was also added to account for the non-independence of observations within the 

same patient, and therefore the variability in cognition that is attributable to individual 

differences. Separate models were run (mgcv::bam) for each cognitive measure and for each 

SI proxy, controlling for Age, Sex, Diagnosis Cause and Ethnicity, utilising a maximal approach 

to model building, resulting in 6 final models: (1) MMSE as a function of marital status; (2) 

MMSE as a function of accommodation status; (3) MMSE as a function of living status; (4) 

MoCA as a function of marital status; (5) MoCA as a function of accommodation status; and 

(6) MoCA as a function of living status. Previously included accommodation status and living 

status proxies represented by less than 25 patients, ‘clinical’, ‘no fixed abode’, and 

‘incarceration’, were removed from the final models.  

 

5.3 Results 

 

5.3.1 Effects of SI Proxies on MMSE Trajectories 
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5.3.1.1 Marital Status 

 

The significant random effects term indicates significant between-patient variability in MMSE 

scores that are not explained by the fixed or smooth predictors (EDF = 3511.05, F = 5.90, p < 

0.001). The model performance output suggests that this model accounts for between 69.3% 

and 78.1% of the variance in MMSE scores (adjusted R2 = 0.693, explained deviance = 

78.1%). Controlling for age, diagnosis cause, sex, and ethnicity, the results of the GAMM for 

the linear effects of marital status on MMSE intercepts shows average MMSE scores at 

diagnosis for the reference group, female, White, AD patients with a partner to be 24.73 (𝛽 = 

24.73, SE = 0.29, t-value = 63.90, p < 0.001). The prediction for average MMSE scores for 

separated patients was significantly higher than patients with a partner (𝛽 = 1.27, SE = 0.40, 

t-value = 3.19, p = 0.001). No significant difference was predicted between patients with a 

partner and single patients (𝛽 = 0.18, SE = 0.35, t-value = 0.50, p = 0.614), nor widowed 

patients (𝛽 = 0.38, SE = 0.20, t-value = 1.85, p = 0.065). Of the control variables, there was a 

significant effect of age, with MMSE scores decreasing by 0.12 points for every increased year 

of age at the time of cognitive measurement (𝛽 = -0.12, SE = 0.01, t-value = -10.43, p < 0.001). 

There were also significant effects of sex and ethnicity, with male patients predicted to have 

higher MMSE scores by 0.58 points compared to female patients (𝛽 = 0.58, SE = 0.18, t-value 

= 3.22, p = 0.001), and non-White patients predicted to have lower MMSE scores by 1.77 

points compared to white patients (𝛽 = -1.77, SE = 0.62, t-value = -2.84, p = 0.005). The model 

coefficients are shown in Table 5.1. 
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Table 5.1 
Model Coefficients for the Parametric Output from a Generalised Additive Multilevel Model 

Predicting MMSE as a Function of the Interaction Between Marital Status and Diagnosis 

Duration Controlling for Age, Sex, Ethnicity and Diagnosis Cause 

 

Factor Estimate Standard Error t-value p-value 

Main Exposures     

Intercept*† 24.73 0.39 63.90 < 0.001 

Separated / 
Divorced† 

1.27 0.40 3.19 0.001 

Single‡ 0.18 0.35 0.50 0.614 

Widowed‡ 0.36 0.20 1.83 0.067 

Demographic 
Factors 

    

Years of age at 
cognitive 
measure 

-0.12 0.01 -10.43 < 0.001 

Male 0.58 0.18 3.22 0.001 

Non-White -1.77 0.62 -2.84 0.005 

Ethnicity not 
known 

0.50 0.32 1.56 0.119 

Diagnosis 
Factors 

    

VaD -0.62 0.35 -1.80 0.073 

DLB -0.02 0.61 -0.03 0.975 

FTD 3.08 1.45 2.12 0.034 

Mixed AD-VaD 0.01 0.74 0.02 0.984 

PPD -1.76 1.13 -1.56 0.119 

Unspecified -0.26 0.18 -1.46 0.145 

Diagnosis not 
known 

1.11 0.36 3.09 0.002 
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* The Intercept represents the estimated coefficients, when time is equal to zero, for the reference 

group, female, White, AD patients with a partner. Estimates for other main exposures, demographic 

factors, and diagnosis factors, are relative to the reference group. 
† Considered to be a non-socially isolated category 
‡ Considered to be a socially isolated category 

 

The non-linear effects of marital status on MMSE trajectories predicted by the GAMM indicates 

that the association between diagnosis duration and MMSE score is non-linear for all levels 

of marital status. The smooth term for patients with partners is significant, and the estimated 

degrees of freedom being above 5 suggests a highly complex non-linear shape (EDF = 5.50, 

F = 771.05, p < 0.001). The predicted smooth terms for separated patients (EDF = 4.25, F = 

30.46, p < 0.001), single patients (EDF = 3.09, F = 32.93, p < 0.001) and widowed patients 

(EDF = 4.60, F = 285.34, p < 0.001), suggest moderate to complex non-linear shapes, with 

estimated degrees of freedom between 3 and 5. Figure 5.1 displays the non-linear change in 

MMSE over diagnosis duration for the four levels of marital status. Figure 5.2A shows that the 

significant difference in MMSE scores between patients with partners and separated patients 

begins around 2 years before diagnosis and persists for the remainder of the diagnosis 

duration window, with separated patients observed to have higher MMSE scores than patients 

with partners. Figure 5.2B shows that single patients experience a period of higher MMSE 

scores than patients with partners between 5 and 4 years prior to diagnosis and then again 2 

to 5 years after diagnosis, despite similar scores around the time of diagnosis. Figure 5.2C 

shows that widowed patients experience significantly higher MMSE scores than patients with 

partners from around 2 years prior to diagnosis until the end of the diagnosis duration window. 
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Figure 5.1 
Predicted Non-Linear Changes in MMSE Over Diagnosis Duration by Marital Status Group 

 

 
 
Figure 5.2A 
The Predicted Non-Linear Difference Between Partner and Separated Marital Statuses 

 

 
 

Note. The red lines indicate periods of statistically significant scores 
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Figure 5.2B 
The Predicted Non-Linear Difference Between Partner and Single Marital Statuses 

 

 
 

Note. The red lines indicate periods of statistically significant scores 

 

Figure 5.2C 
The Predicted Non-Linear Difference Between Partner and Widowed Marital Statuses 

 

 
 

Note. The red lines indicate periods of statistically significant scores 
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5.3.1.2 Accommodation Status 

 

The significant random effects term indicates significant between-patient variability in MMSE 

scores that are not explained by the fixed or smooth predictors (EDF = 1211.61, F = 4.07, p < 

0.001). The model performance output suggests that this model accounts for between 62.8% 

and 73% of the variance in MMSE scores (adjusted R2 = 0.628, explained deviance = 73.0%). 

Controlling for age, diagnosis cause, sex, and ethnicity, the results of the GAMM for the linear 

effects of accommodation status on MMSE intercepts shows average MMSE scores at 

diagnosis for the reference group, female, White, AD patients living in mainstream housing to 

be 24.85 (𝛽 = 24.85, SE = 0.55, t-value = 45.28, p < .001). Patients living in supported 

accommodation had predicted MMSE scores that were 1.77 points lower than patients living 

in mainstream housing (𝛽 = -1.77, SE = 0.25, t-value = -7.01, p < 0.001). There was a 

significant effect of age, with MMSE scores decreasing by 0.06 points for every increased year 

of age at the time of cognitive measurement (𝛽 = -0.06, SE = 0.02, t-value = -3.61, p < 0.001). 

The model coefficients are shown in Table 5.2. 

 

Table 5.2 
Model Coefficients for a the Parametric Output from a Generalised Additive Multilevel Model 

Predicting MMSE as a Function of the Interaction Between Accommodation Status and 

Diagnosis Duration Controlling for Age, Sex, Ethnicity and Diagnosis Cause 

 

Factor Estimate Standard Error t-value p-value 

Main Exposures     

Intercept*† 24.85 0.55 45.28 < 0.001 

Supported 
accommodatio
n‡ 

-1.77 0.25 -7.01 < 0.001 

Demographic 
Factors 

    

Years of age at 
cognitive 
measure 

-0.06 0.02 -3.61 < 0.001 

Male 0.24 0.25 0.97 0.332 

Non-White -0.72 0.93 -0.87 0.387 
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Ethnicity not 
known 

-0.81 0.27 -3.05 0.002 

Diagnosis 
Factors 

    

VaD -0.06 0.47 -0.13 0.898 

DLB 0.18 0.84 0.22 0.829 

FTD 3.33 1.83 1.82 0.068 

Mixed AD-VaD 0.15 1.11 0.14 0.891 

PPD 0.31 1.53 0.20 0.841 

Unspecified -0.02 0.27 -0.09 0.926 

Diagnosis not 
known 

0.91 0.53 1.72 0.085 

* The Intercept represents the estimated coefficients, when time is equal to zero, for the reference 

group, female, White, AD patients living in mainstream housing. Estimates for other main exposures, 
demographic factors, and diagnosis factors, are relative to the reference group. 
† Considered to be a non-socially isolated category 
‡ Considered to be a socially isolated category 

 

 

The non-linear effects of accommodation status on MMSE trajectories predicted by the GAMM 

indicate that the association between diagnosis duration and MMSE score is non-linear for 

both patients living in mainstream housing (EDF = 4.36, F = 149.29, p < 0.001) and patients 

living in supported accommodation (EDF = 2.32, F = 90.57, p < 0.001). The estimated degrees 

of freedom predictions of between approximately 2 to 4 indicate moderately complex non-

linear interactions. Figure 5.3 demonstrates the complexity of the non-linear smooth term for 

mainstream housing is more complex than for supported accommodation, with patients in 

mainstream housing maintaining cognition for longer prior to diagnosis before rates of change 

around diagnosis matching those of supported accommodation. Rates of MMSE change of 

patients living in supported accommodation remain relatively stable. Figure 5.4 demonstrates 

that there is a significant difference between the MMSE scores of the two groups throughout 

the diagnosis duration window, with mainstream housing estimates consistently higher. 
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Figure 5.3 
Predicted Non-Linear Changes in MMSE Over Diagnosis Duration by Accommodation Status 

Group 

 
 
Figure 5.4 
The Predicted Non-Linear Difference Between Mainstream Housing and Supported 

Accommodation Statuses 

 

 
 

Note. The red lines indicate periods of statistically significant scores 
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5.3.1.3 Living Status 

 

The significant random effects term indicates significant between-patient variability in MMSE 

scores that are not explained by the fixed or smooth predictors (EDF = 917.06, F = 4.33, p < 

0.001). The model performance output suggests that this model accounts for between 63% 

and 72.6% of the variance in MMSE scores (adjusted R2 = 0.630, explained deviance = 

72.6%). Controlling for age, diagnosis cause, sex, and ethnicity, the results of the GAMM for 

the linear effects of living status on MMSE intercepts shows average MMSE scores at 

diagnosis for the reference group, female, White, AD patients assumed to be living with at 

least one other person to be 24.62 (𝛽 = 24.62, SE = 0.62, t-value = 39.76, p < .001). Like the 

accommodation status model, patients living in supported accommodation had predicted 

MMSE scores that were 2.02 points lower than cohabiting patients (𝛽 = -2.02, SE = 0.32, t-

value = -6.26, p < 0.001). There was a significant effect of age, with MMSE scores decreasing 

by 0.05 points for every increased year of age at the time of cognitive measurement (𝛽 = -

0.05, SE = 0.02, t-value = -2.66, p = 0.008). The model coefficients are shown in Table 5.3. 

 

Table 5.3 

Model Coefficients for a the Parametric Output from a Generalised Additive Multilevel Model 

Predicting MMSE as a Function of the Interaction Between Living Status and Diagnosis 

Duration Controlling for Age, Sex, Ethnicity and Diagnosis Cause 

 

Factor Estimate Standard Error t-value p-value 

Main Exposures     

Intercept*† 24.62 0.62 39.76 < 0.001 

Alone‡ 0.32 0.43 0.76 0.449 

Supported 
accommodatio
n‡ 

-2.02 0.32 -6.26 < 0.001 

Demographic 
Factors 

    

Years of age at 
cognitive 
measure 

-0.05 0.02 -2.66 0.008 

Male 0.31 0.29 1.06 0.287 
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Non-White -0.575 0.94 -0.61 0.541 

Ethnicity not 
known 

-0.38 0.37 -1.03 0.305 

Diagnosis 
Factors 

    

VaD -0.20 0.53 -0.38 0.702 

DLB 0.15 0.95 0.16 0.871 

FTD 3.99 1.96 2.03 0.042 

Mixed AD-VaD -0.10 1.22 -0.08 0.937 

PPD -0.86 1.91 -0.45 0.653 

Unspecified 0.05 0.31 0.15 0.879 

Diagnosis not 
known 

1.13 0.60 1.87 0.062 

* The Intercept represents the estimated coefficients, when time is equal to zero, for the reference 

group, female, White, AD patients assumed to be living with at least one other person. Estimates for 

other main exposures, demographic factors, and diagnosis factors, are relative to the reference group. 
† Considered to be a non-socially isolated category 
‡ Considered to be a socially isolated category 

 

The non-linear effects of living status on MMSE intercepts predicted by the GAMM indicates 

that the association between diagnosis duration and MMSE score is non-linear for all levels 

of living status. The smooth term for cohabiting patients is significant, and the estimated 

degrees of freedom between 3 and 4 suggests a moderately complex, non-linear shape (EDF 

= 3.51, F = 84.34, p < 0.001). The smooth term for patients living alone is also significant, and 

the estimated degrees of freedom suggests around 2 effective parameters (EDF = 2.46, F = 

10.40, p < 0.001). The smooth term for patients living in supported accommodation is also 

significant, with estimated degrees of freedom between 4 and 5, suggesting a complex non-

linear relationship (EDF = 4.72, F = 93.67, p < 0.001). Figure 5.5 shows the non-linear changes 

in MMSE over diagnosis duration depending on level of living status. Figure 5.6A shows 

estimates for cohabiting patients are consistently significantly higher than patients in 

supported accommodation throughout the diagnosis duration window. Conversely, Figure 5.5 

demonstrates that while cohabiting patients and patients living alone experience similar 

MMSE scores prior to and around the time of diagnosis, patients living alone begin to 

experience a relatively stable period of cognition after diagnosis, whereas cohabiting patients 
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continue to decline. As can be seen in Figure 5.6B, this difference becomes statistically 

significant from around 2 years after diagnosis. 

 

Figure 5.5 
Predicted Non-Linear Changes in MMSE Over Diagnosis Duration by Living Status Group 

 
 
Figure 5.6A 
The Predicted Non-Linear Difference Between Cohabiting and Supported Living Statuses 

 

 
 

Note. The red lines indicate periods of statistically significant scores 
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Figure 5.6B 
The Predicted Non-Linear Difference Between Cohabiting and Alone Living Statuses 

 

 
 

Note. The red lines indicate periods of statistically significant scores 

 

5.3.2 Effects of SI Proxies on MoCA Trajectories 

 

5.3.2.1 Marital Status 

 

The significant random effects term indicates significant between-patient variability in MoCA 

scores that are not explained by the fixed or smooth predictors (EF = 1887.97, F = 5.41, p < 

0.001). The model performance output suggests that this model accounts for between 73.4% 

and 83.9% of the variance in MoCA scores (adjusted R2 = 0.734, explained deviance = 

83.9%). Controlling for age, diagnosis cause, sex, and ethnicity, the results of the GAMM for 

the linear effects of marital status on MoCA intercepts shows average MoCA scores at 

diagnosis for the reference group, female, White, AD patients with a partner to be 20.84 (𝛽 = 

20.84, SE = 0.55, t-value = 38.15, p < 0.001). The prediction for average MoCA scores for 

separated patients was not significantly different than patients with a partner (𝛽 = 0.08, SE = 

0.47, t-value = 0.17 p = 0.869). Single patients had predicted MoCA scores that were lower 

than patients with a partner by 1.38 points (𝛽 = -1.38, SE = 0.62, t-value = -2.24, p = 0.025). 

Whereas, widowed patients’ predicted cognitive scores were not significantly different from 
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the reference group (𝛽 = -0.16, SE = 0.28, t-value = -0.56, p = 0.574). Of the control variables, 

there was a significant effect of age, with MoCA scores decreasing by 0.10 points for every 

increased year of age at the time of cognitive measurement (𝛽 = -0.10, SE = 0.02, t-value = -

6.23, p < 0.001). There was also a significant effect of sex, with male patients predicted to 

have higher MoCA scores by 1.12 points compared to female patients (𝛽 = 1.12, SE = 0.25, 

t-value = 4.57, p < 0.001). The model coefficients are shown in Table 5.4. 

 

Table 5.4 

Model Coefficients for a the Parametric Output from a Generalised Additive Multilevel Model 

Predicting MoCA as a Function of the Interaction Between Marital Status and Diagnosis 

Duration Controlling for Age, Sex, Ethnicity and Diagnosis Cause 

 

Factor Estimate Standard Error t-value p-value 

Main Exposures     

Intercept*† 20.84 0.55 38.15 < 0.001 

Separated / 
Divorced† 

0.08 0.47 0.17 0.869 

Single‡ -1.38 0.62 -2.24 0.025 

Widowed‡ -0.16 0.28 -0.56 0.574 

Demographic 
Factors 

    

Years of age at 
cognitive 
measure 

-0.10 0.02 -6.23 < 0.001 

Male 1.12 0.25 4.57 < 0.001 

Non-White -1.56 0.80 -1.95 0.051 

Ethnicity not 
known 

0.38 0.37 1.03 0.304 

Diagnosis 
Factors 

    

VaD -0.38 0.50 -0.76 0.447 

DLB 0.56 0.88 0.63 0.528 

FTD -0.93 1.72 -0.54 0.589 
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Mixed AD-VaD -0.07 0.90 -0.07 0.941 

PPD -1.42 1.23 -1.16 0.248 

Unspecified 0.42 0.26 1.60 0.109 

Diagnosis not 
known 

1.54 0.44 3.53 < 0.001 

* The Intercept represents the estimated coefficients, when time is equal to zero, for the reference 

group, female, White, AD patients with a partner. Estimates for other main exposures, demographic 

factors, and diagnosis factors, are relative to the reference group. 
† Considered to be a non-socially isolated category 
‡ Considered to be a socially isolated category 

 

The non-linear effects of marital status on MoCA trajectories predicted by the GAMM indicates 

that the association between diagnosis duration and MoCA score is non-linear for both 

patients with partners (EDF = 3.31, F = 201.17, p < 0.001) and widowed patients (EDF = 2.56, 

F = 97.16, p < 0.001), however not for separated patients (EDF = 0.90, F = 2.53, p = 0.098), 

nor single patients (EDF = 0.56, F = 0.71, p = 0.208). Figure 10 displays the cognitive 

trajectories from the model. Patients with partners have higher MoCA scores earlier in the 

diagnosis window than separated and single partners, then experience sharper declines. A 

similar pattern is seen with widowed patients. Figure 5.8A demonstrates that the difference in 

scores between patients with partners and separated patients is such that patients with 

partners have significantly higher scores approximately 5 to 2 years before diagnosis, followed 

by a period of similar scores around diagnosis, then by scores that a significantly lower than 

separated patients from approximately 2 years after diagnosis until the end of the diagnosis 

duration window. Despite similar rates of change between single and separated patients, 

average MoCA scores for single patients is lower throughout the diagnosis window. Compared 

to patients with partners, single patients exhibit significantly lower cognitive scores from the 

start of the diagnosis duration window until approximately 2 years after diagnosis, at which 

point the scores for the two groups become similar. 
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Figure 5.7 
Predicted Non-Linear Changes in MoCA Over Diagnosis Duration by Marital Status Group 

 
 
Figure 5.8A 
The Predicted Non-Linear Difference Between Partner and Separated Marital Statuses 

 

 
Note. The red lines indicate periods of statistically significant scores 

  



111 

Figure 5.8B 
The Predicted Non-Linear Difference Between Partner and Single Marital Statuses 

 

 
 

Note. The red lines indicate periods of statistically significant scores 

 

Figure 5.8C 
The Predicted Non-Linear Difference Between Partner and Widowed Marital Statuses 

 

 
 

Note. The red lines indicate periods of statistically significant scores 
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5.3.2.2 Accommodation Status 

 

The significant random effects term indicates significant between-patient variability in MoCA 

scores that are not explained by the fixed or smooth predictors (EF = 1930.41, F = 5.29, p < 

0.001). The model performance output suggests that this model accounts for between 73% 

and 83.2% of the variance in MoCA scores (adjusted R2 = 0.730, explained deviance = 

83.2%). Controlling for age, diagnosis cause, sex, and ethnicity, the results of the GAMM for 

the linear effects of marital status on MoCA intercepts shows average MoCA scores at 

diagnosis for the reference group, female, White, AD patients assumed to be living in 

mainstream housing to be 18.78 (𝛽 = 18.78, SE = 0.51, t-value = 36.52, p < 0.001). Patients 

living in supported accommodation had predicted MoCA scores that were 1.78 points lower 

than the reference group (𝛽 = -1.78, SE = 0.27, t-value = -6.59, p < 0.001). There was a 

significant effect of age, with MoCA scores decreasing by 0.04 points for every increased year 

of age at the time of cognitive measurement (𝛽 = -0.04, SE = 0.02, t-value = -2.31, p = 0.021). 

There was also a significant effect of sex, with male patients predicted to have higher MoCA 

scores by 1.19 points compared to female patients (𝛽 = 1.19, SE = 0.22, t-value = 5.33, p < 

0.001). The model coefficients are shown in Table 5.5. 

 

Table 5.5 

Model Coefficients for the Parametric Output from a Generalised Additive Multilevel Model 

Predicting MoCA as a Function of the Interaction Between Accommodation Status and 

Diagnosis Duration Controlling for Age, Sex, Ethnicity and Diagnosis Cause 

 

Factor Estimate Standard Error t-value p-value 

Main Exposures     

Intercept*† 18.75 0.51 36.52 < 0.001 

Supported 
accommodatio
n‡ 

-1.78 0.27 -6.59 < 0.001 

Demographic 
Factors 

    

Years of age at 
cognitive 
measure 

-0.04 0.02 -2.31 0.021 

Male 1.19 0.22 5.33 < 0.001 
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Non-White -0.97 0.83 -1.16 0.244 

Ethnicity not 
known 

-0.78 0.23 -3.42 0.001 

Diagnosis 
Factors 

    

VaD -0.66 0.44 -1.50 0.135 

DLB 0.81 0.74 1.09 0.276 

FTD -0.44 1.59 -0.28 0.783 

Mixed AD-VaD -0.57 0.82 -0.70 0.487 

PPD -0.26 1.07 -0.24 0.807 

Unspecified -0.30 0.25 -1.19 0.236 

Diagnosis not 
known 

0.80 0.42 1.91 0.057 

* The Intercept represents the estimated coefficients, when time is equal to zero, for the reference 

group, female, White, AD patients assumed to be living in mainstream housing. Estimates for other 

main exposures, demographic factors, and diagnosis factors, are relative to the reference group. 
† Considered to be a non-socially isolated category 
‡ Considered to be a socially isolated category 

 

The non-linear effects of accommodation status on MoCA trajectories predicted by the GAMM 

indicates that the association between diagnosis duration and MoCA score is non-linear for 

both patients living in mainstream housing (EDF = 3.67, F = 241.47, p < 0.001) and patients 

living in supported accommodation (EDF = 3.05, F = 98.93, p < 0.001). The estimated degrees 

of freedom predictions of between 3 to 4 indicate moderately complex non-linear interactions. 

Figure 5.9 plots the non-linear cognitive trajectories as predicted by the model. The smooth 

terms for mainstream housing and supported accommodation show similarities, with both 

experiencing periods of relative stability up until approximately 2 years prior to diagnosis, at 

which point both begin to experience increased rates of decline, with patients living in 

supported accommodation appearing to experience faster rates of decline than patients in 

mainstream housing. The term for patients in supported accommodation is lower than those 

for patients in mainstream housing throughout the diagnosis duration window, and this is 

further supported by Figure 5.10 which shows a statistically significant difference between the 

level lasts throughout, with patients in mainstream housing exhibiting higher MoCA scores. 
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Figure 5.9 
Predicted Non-Linear Changes in MoCA Over Diagnosis Duration by Accommodation Status 

Group 

 
 

 
Figure 5.10 
The Predicted Non-Linear Difference Between Mainstream Housing and Supported 

Accommodation Statuses 

 

 
 

Note. The red lines indicate periods of statistically significant scores 
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5.3.2.3 Living Status 

 

The significant random effects term indicates significant between-patient variability in MoCA 

scores that are not explained by the fixed or smooth predictors (EDF = 1303.95, F = 5.33, p < 

0.001). The model performance output suggests that this model accounts for between 73.5% 

and 83.4% of the variance in MoCA scores (adjusted R2 = 0.735, explained deviance = 

83.5%). Controlling for age, diagnosis cause, sex, and ethnicity, the results of the GAMM for 

the linear effects of living status on MoCA intercepts shows average the MoCA score at 

diagnosis for the reference group, female, White, AD patients assumed to be living with at 

least one other person was 19.26 (𝛽 = 19.26, SE = 0.61, t-value = 31.78, p < 0.001). There 

was no significant difference in predicted MoCA scores between cohabiting patients and 

patients living alone (𝛽 = 0.02, SE = 0.36, t-value = 0.04, p = 0.965). Patients living in 

supported accommodation, however, had predicted MoCA scores that were 2.29 points lower 

than the reference group (𝛽 = -2.29, SE = 0.33, t-value = -6.91, p < 0.001). There was a 

significant effect of age, with MoCA scores decreasing by 0.05 points for every increased year 

of age at the time of cognitive measurement (𝛽 = -0.05, SE = 0.02, t-value = -2.74, p = 0.006). 

There was also a significant effect of sex, with male patients predicted to have higher MoCA 

scores by 1.37 points compared to female patients (𝛽 = 1.37, SE = 0.28, t-value = 4.97, p < 

0.001). The model coefficients are shown in Table 5.6. 

 

Table 5.6 

Model Coefficients for the Parametric Output from a Generalised Additive Multilevel Model 

Predicting MoCA as a Function of the Interaction Between Living Status and Diagnosis 

Duration Controlling for Age, Sex, Ethnicity and Diagnosis Cause 

 

Factor Estimate Standard Error t-value p-value 

Main Exposures     

Intercept*† 19.26 0.61 31.78 < 0.001 

Alone‡ 0.02 0.36 0.04 0.965 

Supported 
accommodatio
n‡ 

-2.29 0.33 -6.61 < 0.001 

Demographic 
Factors 
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Years of age at 
cognitive 
measure 

-0.05 0.02 -2.74 0.006 

Male 1.37 0.28 4.97 < 0.001 

Non-White -0.71 0.96 -0.75 0.455 

Ethnicity not 
known 

-0.11 0.35 -0.31 0.757 

Diagnosis 
Factors 

    

VaD -0.55 0.54 -1.03 0.304 

DLB 0.36 0.91 0.40 0.690 

FTD 0.29 1.83 0.16 0.874 

Mixed AD-VaD -0.60 1.00 -0.60 0.551 

PPD -0.88 1.16 -0.76 0.447 

Unspecified 0.08 0.30 0.28 0.781 

Diagnosis not 
known 

1.00 0.51 1.97 0.049 

* The Intercept represents the estimated coefficients, when time is equal to zero, for the reference 

group, female, White, AD patients assumed to be living with at least one other person. Estimates for 

other main exposures, demographic factors, and diagnosis factors, are relative to the reference group. 
† Considered to be a non-socially isolated category 
‡ Considered to be a socially isolated category 

 

The non-linear effects of living status on MoCA trajectories predicted by the GAMM indicates 

that the association between diagnosis duration and MoCA score is non-linear for all levels of 

living status. The smooth term for cohabiting patients is significant, and the estimated degrees 

of freedom being close to 4 suggests a fairly complex, non-linear shape (EDF = 3.98, F = 

141.06, p < 0.001). The smooth term for patients living alone is also significant, and the 

estimated degrees of freedom suggests around 2 effective parameters (EDF = 1.91, F = 28.77, 

p < 0.001). The smooth term for patients living in supported accommodation is also significant, 

with estimated degrees of freedom close to 3, suggesting a moderately complex non-linear 

relationship (EDF = 2.90, F = 90.39, p < 0.001). Figure 5.11 displays the smooth terms 

estimated by the model for the three levels of living status. As the estimated degrees of 

freedom suggest, the term for cohabiting is more complex than the terms for alone and 
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supported accommodation. The estimated MoCA scores for supported accommodation are 

consistently below those of cohabiting and alone living statuses, as supported by Figure 

5.12A. Patients living alone and those cohabiting exhibit mostly similar cognitive scores except 

for a small period around 1.5 to 3 years after diagnosis. Estimates for this time period suggest 

patients living alone have significantly higher MoCA scores during this time, as evidenced in 

Figure 5.12B. 

 

Figure 5.11 
Predicted Non-Linear Changes in MoCA Over Diagnosis Duration by Living Status Group 
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Figure 5.12A 
The Predicted Non-Linear Difference Between Cohabiting and Supported Living Statuses 

 

 
 

Note. The red lines indicate periods of statistically significant scores 

Figure 5.12B 
The Predicted Non-Linear Difference Between Cohabiting and Alone Living Statuses 

 

 
 

Note. The red lines indicate periods of statistically significant scores 
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5.4 Discussion 

 

5.4.1 Summary of findings 

 

This study aimed to build upon the models developed in Study 1 by introducing non-linear 

terms to investigate the impact of SI proxies identified from EHRs on cognition and cognitive 

trajectories of ADRD patients from Oxford Health NHS Foundation Trust. As with Study 1, the 

expectation for the current study was that patients attributed to SI proxy groups – ‘single’ and 

‘widowed’ marital statuses, ‘supported accommodation’ accommodation status, and 

‘supported accommodation’ and ‘alone’ living statuses – would exhibit lower cognitive function 

scores and faster rates of decline than non-SI proxy groups – ‘partner’ and ‘separated’ marital 

statuses, ‘mainstream housing’ accommodation status, and ‘cohabiting’ living status. As with 

Study 1, the current study found only partial evidence to support this expectation. 

 

Considering marital status as the SI proxy and MMSE as the cognitive measure, model 

estimates for cognition at diagnosis showed patients with partners, single patients and 

widowed patients had similar levels of cognition, with separated patients having higher 

predicted scores. Age at cognitive measure decreased cognitive function by 0.12 MMSE 

points per increased year of age. Male participants had higher cognition at diagnosis than 

female patients by 0.58 MMSE points. Non-white patients had lower MMSE scores at 

diagnosis than white patients by 1.77 points on average. Non-linear analysis reveals that the 

difference between separated patients and patients with partners becomes statistically 

significant roughly 2.5 years before diagnosis, suggesting that separated patients are able to 

maintain stable cognitive function for longer, with their rate of cognitive decline less than 

patients with partners until around 0.5-1 year(s) after diagnosis, at which points rates of 

cognitive decline increase. Further analysis revealed more complex interactions between 

diagnosis duration – the time from diagnosis at which the observation of cognitive function 

took place, with negative times representing time before diagnosis, positive time representing 

the time after diagnosis, and zero representing the time at which diagnosis occurred – and 

cognition. Patients with partners remained similar to widowed patients throughout the 

diagnosis duration window. Whereas single patients had significantly higher cognitive scores 

in the years before diagnosis, experienced faster rates of decline to exhibit similar cognitive 

scores around diagnosis as widowed patients and patients with partners, then rates of decline 

become slower, resulting in significantly higher cognitive scores again from around 2 years 

after diagnosis. Such slowing rates of decline may be, at least partially, explained by patient 
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mortality: it would be expected that patients with faster rates of decline are experiencing more 

severe disease pathology and therefore may die sooner than patients experiencing less 

severe decline. As the model estimates group averages over time, the model may reach a 

point where it is observing disproportionately more relatively healthy patients, giving the 

illusion that rates of decline are slowing down. 

 

These findings give partial support to study expectations in that patients with partners and 

separated patients, as designated non-SI groups, were expected to have higher cognition and 

slower rates of cognitive decline, however this only seems to be the case for separated 

patients. Single and widowed patients were expected to have lower cognitive function 

estimates due their association with increased ADRD incidence risk (Sommerlad et al., 2018). 

Widowed patients were predicted by the model to have similar cognition and rates of cognitive 

change across the diagnosis window, whereas the study expectation was that, as an SI 

designated group, widowed patients would experience lower cognition and faster rates of 

decline than the non-SI groups. That this is the case for separated patients, but not patients 

with partners, could suggest an overlap between partner and widowed marital statuses within 

the EHRs. These variables are defined at the level of the patient, rather than the level of 

observation, therefore it is unclear whether some patients with partners become widowed over 

the course of their diagnosis or in the years before. Whether this is reflected in the EHRs likely 

relies on whether this is updated by the clinic, however it is not possible to see whether or 

when changes in marital status are recorded in the EHRs.  

 

When considering marital status as the SI proxy and MoCA as the cognitive measure, the 

model findings are more aligned with study expectations. Estimates of cognitive scores at 

diagnosis show patients with partners and separated patients have similar scores, as do 

widowed patients, however single patients have lower predicted MoCA scores by an average 

of 1.38 points. Age at cognitive measure decreased cognitive function by 0.10 MoCA points 

per increased year of age and male participants had higher cognition at diagnosis than female 

patients by 1.12 MoCA points. However, unlike the MMSE model, there were no predicted 

differences between White and non-White patients in terms of MoCA scores at diagnosis. 

Looking at the interactions between diagnosis duration and cognition predicted by this model, 

trajectories for partner and widowed patients are shown to be non-linear, whereas single and 

widowed are not. This suggests the change in cognition over time for partner and widowed 

marital statuses is more complex than for single and separated, which visualisations for the 

model show does not change much over time. This results in predictions for single patients 

that are significantly lower than patients with partners throughout the diagnosis duration 

window, until around 2 years after diagnosis, where scores for patients with partners have 



121 

declined to meet single patient predictions. Widowed patients appear similar to patients with 

partners throughout, which could again suggest an overlap in the categorisation of these 

patients within the EHRs. That such differences between the MMSE and MoCA models exist 

could suggest a difference in sensitivity between the two measures and the domains of 

cognition that could be affected by SI under the different circumstances observed and 

modelled. For example, the MoCA is more sensitive to early cognitive changes in executive 

functions and visuospatial memory, whereas MMSE can capture cognitive changes in 

established ADRD cases (Nasreddine et al., 2005; Smith et al., 2007; Trzepacz et al., 2015; 

Zadikoff et al., 2008). This may also, therefore, reflect differences in the patient populations 

that each measure capture, if MoCA is capturing cognition in patients earlier in their disease 

and MMSE later in their disease. 

 

Accommodation status and living status models are more consistent with their outcomes 

regardless of which measure of cognition is used. In accommodation status models, patients 

living in supported accommodation have cognitive scores that are consistently estimated to 

be lower at diagnosis than those of patients living in mainstream housing (average scores are 

1.77 points lower for the MMSE model and 1.78 points lower for the MoCA model). The non-

linear visualisation for the MoCA model shows that both accommodation status levels 

experience moderate cognitive stability up until 2 years before diagnosis, at which point the 

rate of decline for patients in supported accommodation increases. Patients in mainstream 

housing maintain cognition for longer, before rates of decline start to increase 1 year prior to 

diagnosis. The MMSE model visualisation is similar for patients in mainstream housing, 

however the estimated change in cognition over time for patients in supported accommodation 

seems to be stable (a more consistent decline from 5 years before diagnosis to five years after 

diagnosis). Living status models consistently show patients in supported accommodation have 

lower estimated cognition at diagnosis and throughout the diagnosis duration window than 

cohabiting patients and patients living alone. Patients living alone exhibit similar cognitive 

scores at diagnosis as cohabiting patients at diagnosis, and non-linear analysis shows scores 

are similar over time, with patients living alone having significantly higher cognitive scores for 

a period of time towards the end of the diagnosis duration window. 

 

5.4.2 Limitations and Suggestions for Further Research 

 

That the models consistently did not find evidence for a difference in cognition, whether at 

diagnosis or over the diagnosis duration window, between patients with partners and widowed 
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patients suggests there could be some level of overlap between these groups. That it is not 

possible to understand more clearly the nature of the marital relationship each patient is 

experiencing at the time of their observations is a limitation of using secondary data in this 

manner. Similarly, that assumptions had to be made regarding the patients’ levels of SI limits 

the conclusiveness of the study findings, though convenience proxies are often relied on, due 

to their association with cognition or disease progression (Stern et al., 2020).  

 

A further limitation that may influence all the non-linear trajectories presented is selective 

attrition due to mortality. This study includes a high-mortality population of ADRD patients. If 

patients with more severe disease progression and faster cognitive decline are also more 

likely to die (or be lost to follow-up) during the diagnosis duration window, this selective 

dropout of the patients with faster rates of decline at later time points can create an artificial 

survivorship bias. This bias could make the average cognitive decline for any group appear to 

slow down or flatten, as the remaining sample is composed of a relatively healthier surviving 

cohort and could explain some of the unexpected findings, such as the slowing rate of 

cognitive decline observed for single patients in the MMSE model. 

 

Imbalance in sample sizes for ethnicity (see table 3.1) presents another limitation. The non-

white category represents only 1% of the overall sample compared to 66% white and 33% 

non-known. Such a discrepancy could lead to imprecise estimates and likely explains the 

relatively large standard error estimates for non-white ethnicity across the models in this 

chapter. Furthermore, a catch-all category of non-white is likely to be heterogeneous, 

combining diverse populations into a single category. Modelling these patients as a single 

group could further reduce the interpretability of the model estimates. These limitations could 

explain the inconsistent findings regarding ethnicity across the models. 

 

Another limitation of the current study is that it does not assess the impact of loneliness on 

rates of cognitive decline. Loneliness constitutes a negative feeling regarding a subjective 

discrepancy between desired and perceived social connection (de Jong Gierveld et al., 2006) 

and has been shown to be associated to cognitive decline and dementia (Freak-Poli et al., 

2022; Lara et al., 2019) as well as cognitive reserve (Lao et al., 2024; Zhang et al., 2022). 

Further research, therefore, could look to define a more objective measure of SI from the 

EHRs, as opposed to relying solely on convenience proxies. A measure of loneliness would 

also help to provide a more holistic picture of the impact of social connection on cognition and 

cognitive trajectories in ADRD patients than an assessment that only utilises measures of SI. 
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5.4.3 Conclusion 

 

Overall, the current study shows that the use of non-linear modelling reveals more complex 

interactions between diagnosis duration and cognition than when using linear modelling (e.g. 

Study 1). In models using MoCA as the measure of cognition, SI proxies moderated the 

association between cognition and diagnosis duration in line with study expectations more 

than MMSE when marital status was the SI proxy. Models using accommodation status and 

living status as the SI proxy were similar regardless of cognitive measure. That patients living 

alone were found to have similar cognitive scores and trajectories as cohabiting patients 

suggests that other factors (e.g. whether a patient is living in mainstream housing or supported 

accommodation) are stronger predictors of cognition for ADRD patients. 
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6 Study 3: Integrating a Novel Natural Language 

Processing Algorithm to Assess the Effect of Social 

Isolation and Loneliness on ADRD Patient 

Cognitive Trajectories 
 

A manuscript detailing motivations, analyses and a discussion of the study covered in this 

chapter has been recently published (see Myers et al., 2025) and is also presented in 

Appendix I. The novel NLP algorithm described in this chapter was mainly developed by the 

primary supervisor of this PhD project, NV. The main contribution of this thesis’ author, JACM, 

to the NLP involved defining examples of social isolation and loneliness within the EHR data 

and evaluating the NLP model accuracy with regards to correctly identifying reports of social 

isolation or loneliness. The data used in the final models were cleaned and processed by 

JACM. The analyses presented in this chapter were conducted by JACM. The figures were 

jointly created by JACM and NV. 

 

6.1 Introduction 

 

6.1.1 Overview 

 

Previous findings have shown that a lack of both objective and subjective social connection 

(i.e. social isolation and loneliness, respectively) are associated with an increased risk of 

ADRD incidence risk (Desai et al., 2020; Kuiper et al., 2015; Lara et al., 2019; Livingston et 

al., 2017, 2020; Sommerlad et al., 2018, 2019), however less is known about the impact of 

reduced social connection on the cognitive trajectories of patients with an ADRD diagnosis. 

Study 1 and 2 of this thesis aimed to explore this impact, utilising proxies of social connection 

from the EHRs. Marital status, accommodation status and living status proxies were 

developed due to their previously established links to social isolation (see section 4.1) and 

due to their attainability from the EHR data. However, the models run in Study 1 and Study 2, 

using these proxies, failed to consider the impact of loneliness. Loneliness is another key 

component of social connection, along with social isolation. Whereas social isolation 
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represents an objective absence of social connection (e.g. contacts, relationships and roles), 

loneliness represents a subjective negative emotional experience occurring as a result of a 

difference between a person’s desired and a person’s perceived level of social connection (de 

Jong Gierveld et al., 2006; Holt-Lunstad, 2017; Perlman & Peplau, 1981). Previous evidence 

supports association between loneliness and increased ADRD incidence risk (Kuiper et al., 

2015; Lara et al., 2019) and its negative impact on cognition in older adults (Kuiper et al., 

2016; Piolatto et al., 2022). Therefore, it was of interest to further develop the model previously 

used in Studies 1 and 2 by incorporating loneliness as a subjective social connection variable.  

 

6.1.2 Aims and Study Expectations 

 

The aim of this third study was first to develop proxy variables for social isolation and 

loneliness from the EHRs, utilising a novel natural language processing (NLP) algorithm. 

Secondly, these variables would be used to assess their impact on the interaction between 

cognition and diagnosis duration in ADRD patients, thereby providing a more holistic view of 

the impact of social connection in ADRD patient cognitive trajectories. Due to the previously 

established links between social isolation and loneliness and ADRD incidence and cognition, 

the study expectation was that participants experiencing social isolation or loneliness would 

exhibit worse cognitive outcomes at diagnosis and over time.  

 

6.2 Methods 

 

6.2.1 Study Design, Data Sources, Sample, Variables, and Patient 

Characteristics 

 
The study design, data sources, sample, variables that are ubiquitous to all three modelling 

studies – cognitive function, diagnosis duration, and control variables – and patient 

characteristics information is set out in the Overview of Methodological Approaches chapter 

(Chapter 3), sections 3.3 to 3.5. The SI proxies developed in Studies 1 and 2 – marital status, 

accommodation status, and living status – are used as control variables in this study. See 

section 4.2.2 for an overview of these SI proxies. Diagnosis duration represents the time from 

diagnosis at which the observation of cognitive function took place, with negative times 
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representing time before diagnosis, positive time representing the time after diagnosis, and 

zero representing the time at which diagnosis occurred. 

6.2.2 Social Isolation and Loneliness Proxy Development 

 

Approaches utilising lifestyle proxies or self-report have been the cornerstone of social 

connection research. In particular, the study of loneliness and its impact on ADRD 

risk/cognitive outcomes has often relied on either binary, such as “Do you feel lonely?” (e.g. 

Lampinen et al., 2022; Zhang et al., 2022), or questionnaire, such as the UCLA Loneliness 

scale (Russell, 1996; e.g. Sun et al., 2021) self-report measures. With regards to large 

retrospective cohort data, such as the data utilised in this thesis, analysing such self-report 

measures relies on those measures being collected as part of clinical practice, which is often 

not the case. Studies 1 and 2 relied on lifestyle variables as proxies of social isolation, yet no 

equivalent proxies existed within the data, as it was, that could be used as a proxy for 

loneliness. Therefore, in order to enhance the model developed in Studies 1 and 2 further, it 

was necessary to develop new proxies of social connection that encapsulate both social 

isolation and loneliness, considering the range of data that were available within the EHRs. 

EHRs contain a mixture of structured data, organised in a predefined format, making it more 

easily searchable and analysable (e.g. demographics, diagnosis codes, medication details), 

and unstructured data, lacking a predefined structure, but potentially providing rich contextual 

information about patient health and clinical encounters (Goodday et al., 2020; Pagliari et al., 

2007). NLP offers a viable route for probing the unstructured data for new information 

pertaining to previously unexplored factors, in this case, social connection (Gligic et al., 2020; 

Kormilitzin et al., 2021; Liu et al., 2022; Senior et al., 2020; Vaci et al., 2020).  

 

One such proxy attainable within the unstructured data was clinical notes of patients’ reports 

of being socially isolated or lonely. In previous studies, self-report of isolation has been 

considered an indicator of subjective connection and therefore used to measure loneliness, 

however this approach may lack nuance with regards to distinctions between social isolation 

and loneliness as separate (though connected) concepts. For instance, in the context of ADRD 

patients, reports of social isolation may reflect objective, observable circumstances. These 

may include descriptions of limited social interactions, geographic or transportation 

constraints, or other physical limitations hindering social interaction. In contrast, in the same 

context, reports of loneliness may reflect a more subjective emotional state. In this case, 

reports may describe feelings of emotional disconnection that are internal to the patient. While 

the expression of social isolation and loneliness through report is inherently subjective, it is 
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expected that these reports extracted from EHRs via NLP reliably proxy distinct, latent 

constructs appropriately representing social isolation and loneliness as separate constructs. 

Furthermore, this NLP approach may help to mitigate reporting biases inherent in self-report 

(i.e. over or under reporting from patients due to e.g. social stigma or psychiatric factors), as 

clinical notes are written by trained professionals, potentially providing a more objective 

assessment.  

 

6.2.3 NLP Development 

 

A novel NLP model was developed for the social isolation and loneliness reports. The model 

was implemented in Python and processed textual records for reports of SI and loneliness in 

two stages: pattern matching and classification stage. In the pattern matching stage, a 

statistical model for word processing from the Spacy library was used to identify words that 

described social isolation and loneliness. This allowed identification of all documents including 

expressions such as ‘loneliness’, ‘social isolation’, ‘living alone’, etc. In the classification stage, 

sentence transformer models from Huggingface’s Spacy-Setfit library were used to process 

and classify sentences with social isolation and loneliness mentions. Sentence transformers, 

categorising semantically similar sentences, were trained to classify sentences with reports of 

social isolation and loneliness into four different categories: (1) social isolation, (2) loneliness, 

(3) non-informative isolation, and (4) non-informative sentences. Reports that mentioned lack 

of social contact, living alone, and being away from family, or that mentioned barriers in 

receiving social contact were used as indicators of social isolation. Reports mentioning 

emotional aspects of feeling lonely or suffering due to lack of social contact were used as 

indicators of loneliness. The non-informative isolation category included reports of temporary 

and physical isolation (e.g. “isolated fall” or “isolating in the tv-room”), while the non-

informative sentences category covered all incorrectly included sentences from the pattern 

matching stage forwarded to the sentence classification stage. Most of the time, such 

sentences were identified due to the misspelling of words, such as ‘lovely’ instead of ‘lonely’. 

Table 6.1 shows examples of clinical reports and the category they were classified to. 
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Table 6.1 

Example Clinical Reports by Classified Category 

 

Classified category Example report 

Social isolation “As a result of XXXXXs impairments, she has become 
increasingly more isolated and has been suffering from 
increasing distress, confusion and deterioration” 

 “XXXXX lives alone in her own home” 

 “Social isolation, lives in 2nd floor flat with no lift” 

 “No longer drives which has resulted in her becoming 
more isolated” 

Loneliness “She reports she feels lonely but does not appear to be 
proactive in finding ways to address this” 

 “Lonely and unfriended” 

 “XXXXX did say that she felt lonely at times throughout 
the day” 

 “XXXXX did say that she felt lonely at times throughout 
the day” 

 “I could die of loneliness” 

Non-informative isolation “Isolated in the TV lounge for much of the morning as 
wanting some peace and quiet” 

 “But this is currently an isolated incidence” 

 “Has merely suffered one isolated fall” 

Non-informative sentence “She has also complained of feeling dizzy recently and 
today suffered dizziness on standing from seated 
position” 

 “Mrs XXXXX will now be discharged from memory clinic 
back to your care” 

 “PSA raised but not above threshold for re-referral as 
per urology” 
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6.2.4 NLP Accuracy 

 

Accuracy evaluation involved this thesis’ author and the project supervisor independently 

categorising sentences from a random sample of 5,000 previously unseen documents into 

one of the four previously defined categories. Each annotator reviewed and labelled the 

sentences independently to minimise bias. Annotations were then compared and 

disagreements discussed and resolved collaboratively through consensus to ensure 

consistent labelling. 

 

The annotated data served as the ground truth for evaluating the model's classification 

performance. Standard classifier performance metrics were employed, including sensitivity 

(the model's ability to correctly identify true positives), specificity (the model's ability to 

correctly identify true negatives), and balanced or F1 accuracy (a metric that accounts for 

imbalances in the dataset by averaging sensitivity and specificity). Across four different 

categories, the NLP model achieved average F1 accuracy of .74, reaching .83 accuracy for 

social isolation sentences (sensitivity: .73 and specificity: .93) and .91 accuracy for sentences 

reporting loneliness (sensitivity: .88 and specificity: .95). Positive predictive values for SI were 

0.83, and 0.88 for loneliness. For further details on NLP development, accuracy and training, 

please refer to the manuscript by Myers and colleagues (2025).  

 

6.2.5 Statistical Analyses 

 

As with Study 2, the data here were analysed using GAMM, with LMRM for the parametric 

estimates. This allowed visualisation and estimation of average change in cognitive function 

throughout the disease, testing how trajectories differ between patients who reported 

loneliness or social isolation in comparison to a group of patients without such reports (control 

group). The primary outcome was cognition, measured by MMSE or MoCA, testing the effect 

of social isolation or loneliness complaint and the interaction with diagnosis duration, 

controlling for age, ADRD diagnosis, sex, marital status, accommodation status, and whether 

patients had a diagnosis of depression in their medical history. In case of missing information 

for marital and accommodation status, these patients were included in the analysis as Missing 

categories, while models without these predictors or cases with missing data are reported in 

the sensitivity analysis. The random by-patient intercept effects were adjusted in all models, 

which allowed intercepts to vary for each patient. The analyses were conducted in RStudio (v 
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v1.3.1093; RStudio Team, 2020) using the lme4 (v1.1-29; Bates et al., 2015), mgcv (v1.8-31, 

see Wood, 2017) and itsadug (v2.4.1; van Rij et al., 2022) packages. 

6.3 Results 

 

6.3.1 Patient Characteristics 

 

For patients with cognitive assessment(s) measured using MMSE who also reported social 

isolation, the mean age across all observations was 78.82 years (SD = 8.37), while the mean 

cognitive score was 21.98 (SD = 5.74). For patients with cognitive assessment(s) measured 

using MMSE who also reported loneliness, the mean age across all observations was 82.16 

years (SD = 6.82), while the mean cognitive score was 21.63 (SD = 5.29). For patients with 

cognitive assessment(s) measured using MMSE who did not report social isolation or 

loneliness (controls), the mean age across all observations was 91.38 years (SD = 7.24), while 

the mean cognitive score was 21.46 (SD = 5.83). 

 

For patients with cognitive assessment(s) measured using MoCA who also reported social 

isolation, the mean age across all observations was 79.04 years (SD = 7.91), while the mean 

cognitive score was 17.66 (SD = 5.93). For patients with cognitive assessment(s) measured 

using MoCA who also reported loneliness, the mean age across all observations was 81.72 

years (SD = 6.87), while the mean cognitive score was 17.27 (SD = 5.60). For patients with 

cognitive assessment(s) measured using MoCA who did not report social isolation or 

loneliness (controls), the mean age across all observations was 80.85 years (SD = 7.08), while 

the mean cognitive score was 18.34 (SD = 5.87). 

 

6.3.2 Reports 

 

The total number of loneliness reports peaked in 2020, possibly reflecting the transition to 

restricted social activities following Covid-19 lockdowns. A similar spike in complaints was 

seen in social isolation reports in 2020, though peaked in 2013. Figure 6.1 displays the number 

of loneliness (A) and social isolation (B) complaints per 1000 medical notes from 2011 to 2022. 
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Figure 6.1A 
Loneliness complaints per 1000 medical notes from 2011 to 2022 

 

 
 

Figure 6.1B 
Social isolation complaints per 1000 medical notes from 2011 to 2022 
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6.3.3 The Effect of Social Connection Reports on MMSE Trajectories 

 

In the case of patients with loneliness reports (Figure 6.2A), the results for the MMSE GAMM 

analysis show a significant effect of loneliness around 4-5 years before diagnosis and an 

approximately 6-month window around diagnosis (Figure 6.3A). Against study expectations, 

the results showed this effect to reflect increased MMSE for patients during these times, in 

comparison to controls. In the case of patients with social isolation reports (Figure 6.2B), there 

was no significant effect of social isolation reports, suggesting that these patients have similar 

trajectories as those patients with no reports of either social isolation or loneliness (Figure 

6.3B).  Table 6.2 shows the parametric estimates 

 

Figure 6.2A 

Predicted Non-Linear Changes in MMSE Over Diagnosis Duration by Loneliness Group 

 

Lonely 
No Reports 
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Figure 6.2B 
Predicted Non-Linear Changes in MMSE Over Diagnosis Duration by Isolation Group 

 

Isolation 
No Reports 

 
 
 
Figure 6.3A 
The Predicted Non-Linear Difference Between No Reports and Loneliness Reports 
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Figure 6.3B 
The Predicted Non-Linear Difference Between No Reports and Isolation Reports 

 

 
 

 

Table 6.2 
Model Coefficients for the Parametric Output from a Generalised Additive Multilevel Model 

Predicting MMSE as a Function of the Effect of Social Connection Reports and Diagnosis 

Duration Controlling for Age, Sex, Ethnicity and Diagnosis Cause 

Factor Estimate SE t-value p-value 

Main Exposures     

Intercept* 26.27 0.33 79.05 < 0.001 

Diagnosis 
duration** 

-0.85 0.04 -21.70 < 0.001 

Social isolation 0.29 0.32 0.90 0.371 

Loneliness 0.34 0.27 1.29 0.197 

Diagnosis 
duration x 
Social isolation 

0.16 0.16 0.99 0.321 

Diagnosis 
duration x 
Loneliness 

-0.13 0.13 -0.98 0.326 
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Demographic 
Factors 

    

Marital 
Separated/Divorced 

1.01 0.39 2.60 0.009 

MaritalSingle 0.06 0.35 0.17 0.865 

MaritalWidowed 0.63 0.36 1.73 0.084 

MaritalNot known 0.28 0.19 1.49 0.136 

Accommodatio
nSupported 

-1.55 0.28 -5.56 < 0.001 

Accommodation
Other 

-1.35 0.96 1.40 0.162 

Accommodatio
nNot known 

-1.30 0.18 -7.04 < 0.001 

Age -0.11 0.01 -12.56 < 0.001 

SexMale 0.39 0.14 2.84 0.004 

EthnicityNon-

White 

-1.70 0.55 -3.07 0.002 

EthnicityNot known -0.13 0.18 -0.74 0.462 

Diagnostic 
Factors 

    

DLB -0.38 0.49 -0.78 0.437 

FTD 1.84 1.24 1.49 0.138 

Mixed -0.39 0.60 -0.66 0.510 

VaD -1.00 0.24 -4.08 < 0.001 

Other -0.35 0.84 -0.42 0.671 

Unspecified -0.37 0.14 -2.57 0.010 
* The Intercept represents the estimated coefficients, when time is equal to zero, for the reference 

group, female, White, AD patients without any reports of loneliness or social isolation. Estimates for 

other main exposures, demographic factors, and diagnosis factors, are relative to the reference group. 

** The diagnosis duration represents the change in estimated coefficient given a one unit increase in 

time for the reference group. Estimates for other interaction effects, such as diagnosis duration x social 
isolation, are relative to the diagnosis duration for the reference group. 
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6.3.4 The Effect of Social Connection Reports on MoCA Trajectories 

 

The results show a significant difference in average MoCA scores between patients with 

loneliness and social isolation reports in their EHRs and those without such reports. In the 

case of patients with loneliness reports (Figure 6.4A), MoCA scores were lower throughout 

the disease (Figure 6.4C). Parametric estimates show the scores of patients with loneliness 

reports are lower by 1.01 MoCA points at the time of ADRD diagnosis (Table 6.3) 

 

Figure 6.4 
Predicted Non-Linear Changes and Differences Between Patients With Social Connection 

Reports and Those Without 
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Table 6.3 
Model Coefficients for the Parametric Output from a Generalised Additive Multilevel Model 

Predicting MoCA as a Function of the Effect of Social Connection Reports and Diagnosis 

Duration Controlling for Age, Sex, Ethnicity and Diagnosis Cause 

Factor Estimate SE t-value p-value 

Main Exposures     

Intercept* 21.33 0.39 54.71 < 0.001 

Diagnosis 
duration** 

-0.39 0.04 -9.78 < 0.001 

Social isolation -0.67 0.34 -1.94 0.052 

Loneliness -1.01 0.31 -3.23 0.001 

Diagnosis 
duration x 
Social isolation 

-0.13 0.12 -1.10 0.271 

Diagnosis 
duration x 
Loneliness 

-0.01 0.11 -0.11 0.915 

Demographic 
Factors 

    

Marital 
Separated/Divorced 

0.30 0.46 0.64 0.520 

MaritalSingle -1.36 0.61 -2.22 0.027 

MaritalWidowed 0.03 0.26 0.13 0.896 

MaritalNot known -0.98 0.23 -4.30 < 0.001 

Accommodatio
nSupported 

-1.54 0.28 -5.55 < 0.001 

Accommodation
Other 

-1.34 0.84 -1.59 0.112 

Accommodatio
nNot known 

0.79 0.17 4.51 < 0.001 

Age -0.11 0.01 -9.78 < 0.001 

SexMale 0.93 0.16 5.72 < 0.001 

EthnicityNon-White -1.19 0.69 -1.72 0.085 
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EthnicityNot known -0.01 0.20 -0.07 0.947 

Diagnostic 
Factors 

    

DLB 0.15 0.58 0.26 0.794 

FTD -0.79 1.21 -0.65 0.514 

Mixed -0.45 0.59 -0.77 0.439 

VaD -1.24 0.30 -4.19 < 0.001 

Other 2.18 5.78 0.38 0.706 

Unspecified 0.29 0.18 1.65 0.100 

* The Intercept represents the estimated coefficients, when time is equal to zero, for the reference 

group, female, White, AD patients without any reports of loneliness or social isolation. Estimates for 

other main exposures, demographic factors, and diagnosis factors, are relative to the reference group. 

** The diagnosis duration represents the change in estimated coefficient given a one unit increase in 

time for the reference group. Estimates for other interaction effects, such as diagnosis duration x social 

isolation, are relative to the diagnosis duration for the reference group. 
 

6.3.5 Cognitive Change After First Report of Social Isolation or Loneliness 

 

The change in MoCA scores after the first social isolation and loneliness report behaves 

differently between the two groups of patients. In the case of patients reporting loneliness, the 

cognitive function continues to decline at the same rate as before the report of loneliness 

(Figure 6.5A). The cognitive function of patients experiencing social isolation, however, 

improves on average after the first mention of social isolation (Figure 6.4B). Looking at the 

differences in MoCA scores before and after the reports, results show that MoCA scores are 

on average higher after the report in the social isolation group (before = 17.32, after = 18.08, 

t = 2.11, df = 1048.6, p = .034), but not in the loneliness group (before = 17.36, after = 17.08, 

t = -0.67, df = 770.62, p = .490). Yet, identifying patients with at least one MoCA measure 

before and after the first report, repeated measures t-test reveal that the MoCA scores decline 

for both loneliness (before = 17.58, after = 16.62, t = 2.31, df = 85, p = .023) and social isolation 

(before = 18.03, after = 16.87, df = 115, t = 3.35, p = .001) groups. 
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Figure 6.5 
Changes in MoCA Score After First Social Connection Report 

 
 

6.4 Discussion 

 

6.4.1 Summary of Findings 

 

This study examined the effect of reported loneliness and social isolation on the rate of 

cognitive change of patients with an Alzheimer’s disease or related disease diagnosis using 

electronic health records from a retrospective cohort of patients from Oxford Health NHS 

Foundation Trust. The results showed that, when cognition was assessed using Montreal 

Cognitive Assessment, patients with evidence of loneliness have, on average, worse cognition 

throughout their disease course (where negative diagnosis durations represent time before 

diagnosis, positive durations representing the time after diagnosis, and zero representing the 

time at which diagnosis occurred). Under the same cognitive measure, patients whose 

electronic health records have reports of social isolation show comparable cognition, before 

diagnosis, to patients without such reports. Six months before diagnosis, however, the 

cognition of socially isolated patients begins to decline at a higher rate, resulting in worse 

cognition at the point of diagnosis and post-diagnosis. When Mini-Mental State Examination 

was the measure of cognitive function, results suggested that, unexpectedly, patients with 

loneliness reports in their electronic health records show, on average, higher cognition scores 
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at the point of diagnosis and during a period between 5 and 4 years before diagnosis. 

Generalised Additive Multilevel Models did not find any significant difference in patients with 

social isolation complaints and controls, relative to Mini-Mental State Examination scores, 

across the disease course.  

 

Beyond these primary findings, parametric estimations consistently reinforced the impact of 

several demographic control variables. As would be expected, older age was significantly 

associated with lower cognitive scores at diagnosis (intercept) in both the MMSE and MoCA 

models. Similarly, being male was associated with higher cognitive scores at diagnosis, in 

both models, compared to the female reference group. As with the previous studies (Chapters 

4 & 6), living in supported accommodation was a consistent predictor of lower cognition 

compared to living in mainstream housing. Other findings were less consistent, with ‘non-

white’ ethnicity being associated with significantly lower diagnosis scores in the MMSE model 

but not the MoCA model. As previously discussed in section 5.4.2, the imbalance in sample 

sizes for ethnicity and likely heterogeneity of the non-white ethnicity group likely contributes 

to the inconsistency of findings and reduces interpretability. Similar inconsistencies across 

models in single marital status may highlight different sensitivities of the two cognitive tests 

and the populations they were used in. 

 

6.4.2 Mechanisms of Social Isolation and Loneliness 

 

The conceptualisation of the two concepts, social isolation and loneliness, likely underlies the 

estimated differences between the MoCA scores of the three groups of patients. Social 

isolation represents more of a physical barrier to maintaining social connections or 

participating in social engagement, while loneliness reflects emotional aspects of this feeling. 

While modelled separately, the relationship between SI and loneliness is complex and likely 

to be bidirectional. While some people may have a preference for solitude, others in isolated 

settings seek greater connection through alternative accommodation (Scocco et al., 2006). 

Objectively isolated people may be at greater risk for developing subjective feelings of 

loneliness. Conversely lonely people may experience more social withdrawal, compounding 

issues with social connection. Studying social connection more holistically may be more 

beneficial than focussing on the separate components that comprise it (Holt-Lunstad et al., 

2021).  
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This study found that socially isolated patients have stronger rates of cognitive deterioration 

several months before a dementia diagnosis while being comparable with controls in the 

preceding period. In the context of a life-changing and stigmatising diagnosis such as 

dementia, the lack of social contact could prevent patients from receiving needed support, 

leading to higher rates of cognitive decline. Previous intervention studies have found positive 

effects on cognition of social activity on cognitive outcomes of ADRD patients in some 

situations (Fritsch et al., 2014; Lee & Lee, 2020). When reported for the first time, the current 

findings show that average values of MoCA scores increase for socially isolated patients. This 

improvement may reflect positive action taken by healthcare and/or social services in 

response to the report. In contrast, patients who experience loneliness have worse cognition 

throughout the disease course. Whereas, lonely patients also do not observe any 

improvement in their cognition after the first report of loneliness, which might be expected 

given that improvement in feeling of loneliness requires a change in the  subjective emotions 

related to the availability of social networks, psychological wellbeing, life satisfaction, activities, 

and other psychiatric symptoms (de Jong Gierveld et al., 2006, Perlman and Peplau, 1981).  

 

6.4.3 Additional Interpretation of Differences 

 

The differences between GAMMs and linear multilevel regression, in this case, may reflect a 

difference between the non-parametric and linear approaches to the models. GAMM may 

more accurately capture the cognitive changes across the disease course, such as the 

tendency to see a period of cognitive stability after diagnosis due to changes in care and 

medication (Vaci et al., 2021). The difference in findings between MoCA and MMSE may 

reflect differences in cognitive domains captured by the measures. Previous studies have 

shown that MoCA is more sensitive to MCI and early stages of ADRD, in comparison to MMSE 

(Pinto et al., 2019). Another explanation could be a reflection of differences in clinical practices 

over time, as the majority of MMSE measures are from earlier observations, whereas MoCA 

observations are more recent (see Appendix H). 

6.4.4 Strengths and Limitations 

 

This study illustrates the potential of medical records from mental health institutions to provide 

evidence-based results on the effect of symptoms in dementia diseases. Using large data and 

advanced statistical modelling, this study shows that social isolation and loneliness can be 

seen as disease progression factors. Not only is this a novel finding in the domain, contrasting 
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with some previous studies which showed limited effects or their complete absence (see 

Chapter 2) but we show differing effects of SI and loneliness on the cognitive trajectories of 

patients with an ADRD diagnosis. 

 

There are, however, several limitations when using large observational datasets. Patients’ 

membership in the group cannot be allocated and can only be controlled for a limited number 

of factors that could have moderating effects on social isolation and loneliness, such as 

depression. Lack of control over the allocation of patients and barriers when accessing 

healthcare may have led to inadequacies regarding diversity, equality and inclusion, which 

may reduce the wider generalisability of findings. The correlational nature of the data limits 

the causal interpretation of our findings, and even though we see improvement in cognition 

after the first report of social isolation, we cannot ascertain what change to patients’ social 

circumstances followed. There are multiple sources of support that patients can receive after 

social isolation is identified, such as closer family connections, social services provision of 

care or change to their living conditions (e.g. admittance to residential care). Our interpretation 

of social isolation relies on a subjective perception from the patient, carer or clinician, rather 

than an objective measure e.g. of frequency of social contact. Automated and trained NLP 

model architectures are probabilistic, and even though they achieve high levels of accuracy, 

they introduce an additional layer of noise to the later data analysis due to high variability in 

clinical texts. This may be due to grammar or spelling peculiarities, the use of jargon or 

abbreviations, or establishing temporality within complex cases (Perera et al., 2016). 

 

6.4.5 Clinical Implications 

 

While acknowledging limitations, this study shows that social isolation and loneliness could be 

seen as disease progression factors for dementia patients, given their effect on cognitive 

trajectories. These findings could have direct implications for clinical practice providing 

clinicians with indications of an increased rate of cognitive decline, especially before diagnosis 

for socially isolated patients. It is hoped that these effects could steer the debate concerning 

modifiable symptoms that could be used to support the care of patients and outline a research 

approach that could provide more evidence-based studies of modifiable disease progression 

factors. 
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7 General Discussion 
 

7.1 Summary of findings 

 

Factors of social connection have previously been linked to ADRD incidence (Desai et al., 

2020; Kuiper et al., 2015; Penninkilampi et al., 2018; Sommerlad et al., 2018, 2019) and 

cognitive outcomes (Evans et al., 2019; Kuiper et al., 2016; Piolatto et al., 2022). Social 

isolation has been identified as one of 14 modifiable risk factors for ADRD (Livingston et al., 

2017, 2020, 2024). Despite this, the effect of social connection on cognitive trajectories in 

patients at and following an ADRD diagnosis is relatively understudied. This thesis aimed to 

provide novel insights into the impact of social connection on the cognition and cognitive 

trajectories of ADRD patients, utilising data from EHRs of ADRD patients from Oxford Health 

NHS Foundation Trust. Across multiple models, the findings suggest that accommodation 

status, that is whether a person is living in mainstream housing or supported accommodation, 

is a more consistent predictor of cognitive impairment in ADRD patients than marital status, 

or whether the patient is living alone or cohabiting. This finding was consistent, regardless of 

which measure of cognition was used. What’s more, the MoCA may be a more capable 

measure of cognition than the MMSE for detecting changes in cognition in ADRD patients 

related to social connection. MoCA models found significant negative impacts on cognition of 

groups associated with worse social connection, such as patients with single marital status, 

and patients with loneliness or social isolation reports. Collectively, these findings directly 

contribute to the existing literature by providing insight into ADRD patients’ cognitive 

trajectories at diagnosis, as well as in the years directly preceding and following diagnosis. 

Furthermore, these findings demonstrate the feasibility of utilising data from EHRs as a viable 

method for investigating the impact of lifestyle factors on clinical outcomes.  

 

7.2 Findings in Context 

 

7.2.1 Accommodation Status as a Predictor of Cognitive Trajectories 

 



144 

All three studies found a significant main effect of accommodation status on cognitive intercept 

scores. The models suggest that patients living in supported accommodation experience 

significantly lower cognitive scores (MMSE or MoCA) at diagnosis, and that these differences 

persist throughout the majority of the window of assessed diagnosis duration (the time from 

diagnosis, with negative times representing time before diagnosis, positive time representing 

the time after diagnosis, and zero representing the time at which diagnosis occurred). A crucial 

consideration in interpreting this finding is the potential for reverse causation: patients often 

transition to supported accommodation precisely due to increasing cognitive or functional 

needs associated with their ADRD progression, rather than the living situation itself initiating 

this decline (Harmand et al., 2014). The current studies considered living in supported 

accommodation to represent an SI (rather than a non-SI) proxy group, due to previously 

reported associations between living in supported accommodation and perceived social 

isolation (Nikmat, Hashim, et al., 2015) and reports that living in supported accommodation 

predicted lower cognitive scores and faster rates of decline (Harmand et al., 2014; 

Harsányiová & Prokop, 2018; Wilson, McCann, et al., 2007). The studies in this thesis further 

support these previous findings and demonstrate that the impact of accommodation status on 

cognition and rates of cognitive change, specifically in ADRD patients, can be assessed 

retrospectively using data from EHRs. 

 

The current findings that patients categorised as living in a socially isolated accommodation 

status group experience lower cognitive scores at diagnosis compared to patients categorised 

as living in a non-isolated group supports the cognitive reserve concept, which posits that 

increased social connection can offer protection from cognitive impairment (Perry, Roth, et al., 

2022). The current finding that rates of decline are similar between patients living in 

mainstream housing and supported accommodation across linear models could suggest more 

of an impact on brain reserve (i.e. the capacity of function within the brain capable of being 

lost before impacts are felt) rather than brain maintenance (i.e. the brain’s capability to limit 

the rate at which negative consequences of brain changes impact function, such as limiting 

the impact of neurodegeneration on rate of cognitive decline). This would align with the 

findings of Zhang and colleagues (2022) who report that social connection is associated with 

both cognitive trajectories and regional grey matter volume. It has been suggested that 

participation in more diverse roles across social networks could facilitate the neurostimulation 

that promotes cognitive reserve (Perry, Roth, et al., 2022). Patients living in supported 

accommodation are unlikely to participate in social networks that are as complex as patients 

living in mainstream housing. Clinical reports suggest that ADRD patients may struggle to 

adapt to new surroundings (Wilson, McCann, et al., 2007), taking people away from their 
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existing social network structure, and may also impact their ability to integrate in their new 

one. 

 

Non-linear analysis reveals a more complex interaction between time and cognition when 

considering accommodation status as a factor. These models suggest that the difference 

between cognitive scores of patients living in mainstream housing and supported 

accommodation are pronounced towards the end of the diagnosis duration window compared 

to towards the beginning of the diagnosis duration window. Rates of change in the years 

around diagnosis, however, are more similar. These findings highlight the additional insight 

non-linear models can attain on changes in cognitive scores over time in ADRD patients. That 

these findings indicate similar rates of decline around diagnosis between groups could indicate 

an effect of additional treatment at diagnosis, such as medication prescriptions (Vaci et al., 

2021), is similar regardless of accommodation status. It could be the case that patients’ move 

into supported accommodation reflects their need for functional assistance. While this may 

explain lower levels of cognition for these patients, it would not necessarily explain why they 

might experience increased rates of change once they have moved into supported 

accommodation compared to before (Wilson, McCann, et al., 2007). In the current thesis, as 

accommodation status is measured at the level of the patient, rather than the level of the 

observation, it is not possible to know when a patient may have moved into supported 

accommodation, therefore it was not possible to make these sorts of comparisons. Previous 

studies that have found an increase in rates of cognitive decline amongst people living in 

supported accommodation have attributed this to difficulties adapting to new environments 

which may also lead to increased stress, lack of cognitive stimulation, living in a relatively 

impoverished environment, and/or sedentary lifestyle habits (Harmand et al., 2014; 

Harsányiová & Prokop, 2018; Wilson, McCann, et al., 2007).  

 

In the current thesis, living status models considering whether a patient was cohabiting, living 

alone, living in supported accommodation, based on a combination of their marital status and 

accommodation status, there were no significant differences between patients living alone and 

cohabiting at diagnosis. Similarly, in linear models there were no significant differences 

between cohabiting patients and patients living alone in terms of rates of decline. There were 

also no differences in cognition in non-linear interactions between these two groups across 

diagnosis duration. In contrast, these same models predicted patients living in supported 

accommodation had lower cognitive scores at diagnosis that persisted across diagnosis 

duration. These findings suggest that living in supported accommodation is a strong predictor 

of cognition, regardless of whether the patient is living alone or cohabiting. Previous research 

has found an association between living alone and increased ADRD incidence risk, through 
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meta-analysis, attributed to increased social isolation for those living alone (Desai et al., 2020). 

However, individual studies have reported that people with an ADRD diagnosis living alone 

have been found to have higher cognitive scores than those cohabiting, which may contribute 

to their capability to live independently, and have been attributed to social network size and 

frequency of contact (Clare et al., 2020, 2024; Edwards & Morris, 2007). The finding of the 

current thesis, that patients living alone and those cohabiting have similar scores across 

diagnosis may reflect the mixed findings within the literature. 

 

7.2.2 Loneliness and Social Isolation Reports 

 

Study 3 involved the development of a natural language processing model to develop new 

proxies of both social isolation and loneliness from clinical reports within the EHRs. Non-linear 

models for the impact of social isolation and loneliness reports on cognitive trajectories 

revealed a significant impact for both kinds of reports, compared to patients without such 

reports, when MoCA was the measure of cognition. The models showed overall cognitive 

scores for patients with loneliness reports were significantly lower throughout the diagnosis 

duration window. Conversely, patients with social isolation reports had similar initial cognitive 

scores to patients without reports in the earlier years preceding diagnosis, followed by 

increased rates of cognitive decline that resulted in statistically lower cognitive scores from 1 

year to 6 months before diagnosis, with this difference persisting for the remainder of the 

diagnosis duration window. These results demonstrate that the approach taken in Study 3 

represents a pipeline for using clinical reports to make meaningful predictions regarding 

patient cognitive outcomes using lifestyle factors. These findings are in line with previous 

research defining both social isolation and loneliness as predictors of increased incidence risk 

and worse cognitive outcomes (Kuiper et al., 2015, 2016; Lara et al., 2019). Whereas other 

studies may equate perceived social isolation as a proxy for loneliness due to its subjective 

nature, the current findings, due to the difference in the models, suggest that patients are 

capable of discerning between feelings of loneliness and feelings of isolation in their reports, 

and that these reports represent distinct experiences. The natural language processing 

algorithm was trained on examples of social isolation and loneliness that were in line with 

previously defined concepts and measures (de Jong Gierveld et al., 2006; de Jong Gierveld 

& van Tilburg, 1999; Lubben, 1988; Russell, 1996). 
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7.2.3 Mixed Findings Between MMSE and MoCA 

 

Across the different studies conducted as part of this thesis, there was often a difference in 

model predictions based on whether MMSE or MoCA was the measure of cognitive 

performance used. Linear models using marital status as a proxy of social isolation and MMSE 

as the measure of cognition found separated patients (patients who were divorced or 

separated from their previous partner) had higher cognition at diagnosis compared to other 

marital status groups. Rates of change, in the same model, were predicted to be similar for all 

marital status groups except life-long single marital status groups whose rates of decline were 

predicted to be slower. This finding did not support or, in the case of single patients’ rates of 

decline, directly contradicted previous findings regarding the association of marital status to 

social isolation and its impact on ADRD incidence, cognition, and other health outcomes 

(Helmer et al., 1999; Joung et al., 1995; Sommerlad et al., 2018). In a sensitivity analysis, 

there was a predicted difference between widowed patients and patients with partners, 

however this was no longer significant after introducing controls, suggesting that this effect 

was attenuated by their introduction. Age is one plausible factor that could have mediated the 

effect of widowed marital status, as cognition was shown to experience a significant reduction 

with each increased year of age across models. 

 

When considering linear models that used marital status as a proxy of social isolation and 

MoCA as the measure of cognitive function, models revealed contradictory results. In this 

case, single patients were predicted to have significantly lower cognitive scores at diagnosis 

compared to all other groups, while rates of decline were similar. This finding is partially in line 

with previous findings suggesting single and widowed people are more at risk of ADRD 

incidence (Sommerlad et al., 2018). However, neither linear model of marital status provided 

robust evidence of its impact on cognitive outcomes. Non-linear model findings mostly 

mirrored linear findings, with the addition of increased insight into the interaction between 

diagnosis duration and cognition between the groups. With regards to Study 3, as mentioned 

in section 7.2.2, MoCA models of loneliness and social isolation reports found significant 

effects on cognitive trajectories. This was not the case for MMSE models, as they failed to find 

a significant effect.  

 

It is unclear why the current studies often found divergence in model predictions between 

MMSE and MoCA, particularly given previous research has identified significant effects with 

a variety of cognitive measures (see Chapter 2). The current findings may reflect differences 

in the sensitivity of MMSE and MoCA to detect nuanced cognitive changes in domains 
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impacted or associated with changes in social connection (Pinto et al., 2019). The MMSE 

primarily assesses general cognitive function, heavily weighting orientation, attention, and 

memory recall that, while useful for initial screening, the limits its scope, particularly for 

executive functions and visuospatial skills (Trzepacz et al., 2015; Zadikoff et al., 2008). This 

may reduce the sensitivity of the MMSE to the subtle yet significant cognitive changes that 

could be modulated by social isolation or loneliness. In contrast, the MoCA evaluates a 

broader range of cognitive domains, including executive functions, attention, language, 

abstract thinking, and visuospatial abilities, which are often implicated in the earliest stages of 

cognitive decline and are more susceptible to the broader environmental and social factors 

thought to influence cognitive reserve (Nasreddine et al., 2005; Smith et al., 2007). It could be 

that the effects of social isolation and loneliness, which may impact brain areas supporting 

executive function, attention and complex social cognition, are more readily captured by the 

MoCA’s wider cognitive assessment. 

 

Alternatively, or additionally, these findings may reflect a difference in the date at which the 

measures were taken and recorded. Comparatively more MMSE data were recorded earlier 

within the cohort sample period, whereas MoCA became more frequently used as data were 

taken from more recent EHR records (see Appendix H). As these data span years, there may 

be differences in terms of quality of recorded EHRs, and/or differences in levels of association 

between marital/accommodation/living statuses and levels of social connection across years. 

For example, aspects of community relating to social networks may have changed over time, 

as may the quality and circumstance of care provided in supported accommodation, or modes 

in which people communicate with others.  

 

7.3 Strengths and Limitations and Future Considerations 

 

This thesis presents several key strengths that enhance its contribution to the understanding 

of social connection and cognitive trajectories in ADRD patients. Firstly, a major strength lies 

in the retrospective utilisation of real-world EHRs from a large NHS Trust. This approach offers 

a powerful methodology for investigating the long-term impact of lifestyle factors on clinical 

outcomes in a diagnostically meaningful patient cohort. Unlike controlled clinical trials, EHR 

data reflect routine clinical practice, enhancing the generalisability of findings to real-world 

healthcare settings. The use of an extensive dataset, encompassing a significant number of 

cognitive assessments over extended periods, allowed for the rigorous longitudinal modelling 

of cognitive change. 
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Secondly, the thesis provides novel findings by focusing on the understudied post-diagnosis 

period for ADRD patients. While previous research has largely concentrated on social 

connection as a risk factor for ADRD incidence or its impact on cognition in cognitively healthy 

older adults, this work directly addresses a critical knowledge gap concerning the influence of 

social factors on cognitive trajectories once a diagnosis is established. Furthermore, in Study 

3, the development and application of an NLP pipeline to extract novel proxies for social 

isolation and loneliness from free-text clinical notes represents a significant methodological 

strength. This approach overcomes the limitations of relying solely on structured EHR data, 

such as marital status or living situation, by capturing more nuanced and subjective aspects 

of social connection directly from clinicians' observations. The ability to differentiate between 

reported loneliness and social isolation, as demonstrated by the distinct model predictions, 

further highlights the utility of this NLP methodology. 

 

Finally, the comprehensive statistical modelling, including both linear and non-linear multilevel 

models, allowed for a detailed examination of complex cognitive trajectories over time. The 

insights gained from non-linear modelling, in particular, provided a richer understanding of 

how social connection proxies interact with cognitive change across the diagnosis duration 

window, which would not have been apparent from simpler linear approaches. 

 

Despite its strengths, this thesis is subject to several limitations that warrant consideration 

when interpreting the findings. Reliance on retrospective EHRs introduces inherent 

challenges. These include: missing data and irregular assessment frequencies, leading to 

varying amounts of data per patient; a lack of direct measures for key constructs leading to a 

reliance on proxies and indirect NLP measures; limited data on other confounding factors, 

such as other modifiable factors related to ADRD incidence and cognition. Overall, this lack 

of control over the data limits the interpretation of causation that can be made from the data. 

 

A methodological challenge encountered was integration of medication data into the models 

as a control variable. These data were recorded at the level of the observation and did not 

consistently align temporally with cognitive assessments. Therefore, it was unclear whether 

prescribed medications were active or therapeutically effective at the precise time of cognitive 

measurement. Ultimately, these data were omitted from models conducted as part of this 

thesis, meaning the potential impact of pharmacological interventions on cognitive trajectories 

could not be fully accounted for. Additionally, computational resource constraints within the 

encrypted virtual environment prevented the analysis of more intensive models. Finally, the 
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NLP pipeline used within this thesis may lack generalisability to trusts outside of Oxford Health 

NHS Foundation Trust. 

 

Further research could look to involve additional trusts in order to improve generalisability of 

findings. Prospective approaches could look to measure variables more directly and 

consistently. Data with more observations from after the onset of the COVID-19 pandemic 

could consider additional patient comparisons regarding the effect of this period on patients’ 

cognitive outcomes. Incorporating a direct measure of disease progression would allow for 

direct assessments of the impact of social connection variables on cognitive reserve. Future 

studies could also consider other modifiable risk factors identified in the Livingston reports 

(2017, 2020, 2024) and their link to cognitive reserve and cognitive outcomes in ADRD 

patients. 

 

7.4 Conclusion 

 

While acknowledging limitations, this thesis shows that factors related to social isolation and 

loneliness have an effect on the cognitive trajectories of ADRD patients. Along with providing 

a novel contribution to the existing literature, these findings could have implications for clinical 

practice and patient care by increasing understanding of changes of cognitive trajectories 

given the factors explored in this thesis.  
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Appendix A 
Remaining Scoping Review Search Terms 

 
Table A 
Search Terms for Databases Not Already Given in Main Text 

 

Database Search Terms 

Scopus ( TITLE-ABS-KEY ( "social* isolat*"  OR  "lonel*"  OR  "social 

connect*" )  AND  TITLE-ABS-KEY ( "cognitive decline"  OR  

"cognition"  OR  "cognitive impairment" )  AND  TITLE-ABS-KEY ( 

"dementia"  OR  "alzheimer*"  OR  "AD"  OR  "FTD" )  AND NOT  

TITLE ( "parkinson*"  OR  "down* syndrome"  OR  "mouse"  OR  

"rat"  OR  "rodent"  OR  "animal"  OR  "dog" ) ) 

PsycINFO 1. Social isolation 

2. Loneliness 

3. Social interaction 

4. Cognitive impairment 

5. Cognition 

6. Dementia 

7. Alzheimer’s disease 

8. 1 or 2 or 3 

9. 4 or 5 

10. 6 or 7 

11. 8 and 9 and 10 

PubMed (((social* isolat* OR lonel* OR social connect*) AND (cognitive 

decline OR cognition OR cognitive impairment)) AND (dementia 

OR alzheimer* OR AD OR FTD)) NOT (parkinson* OR down* 

syndrome OR mouse OR mice OR rat OR animal OR rodent* OR 

dog) 

 

Note. The * is used to represent any sequence of characters. 
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Appendix B 
Example Screening Tools for Full Text Articles 

 

Figure B1 
A Blank Screening Tool 

 

Article reference:  
 

Inclusion Exclusion 

● People with dementia or related 
disease diagnosis, not including MCI 
or premorbid condition 

● No dementia or related disease 
diagnosis, including MCI or 
premorbid condition, or studies 
focusing on dementia caregivers, or 
animal model study 

● Studies investigating the 
association/effects of social 
connection (e.g. loneliness/social 
isolation) on cognition 

● Studies investigating the effects of 
social connection on quality of life,  
depression, hearing loss or other 
condition, without cognition or as 
risk factor only 

● Studies using a validated measure 
of cognition, e.g. MMSE/MoCA 

● No validated measure of cognition 

● At least one measure of social 
connection 

● No measure of social connection 

● Reports impact/relationship of 
cognition vs social connection 

● Does not report the 
impact/relationship of cognition vs 
social connection 

● Published, peer-reviewed articles, 
conference proceedings or editorial 
pieces printed or translated into 
English 

● Unpublished manuscripts, grey 
literature, or published articles (etc.) 
where English translation is not 
available 
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Figure B2 
An Example of an Eligible Study 

 
Article reference: Abbot & Pachucki (2017). Associations between social network 
characteristics, cognitive function, and quality of life among residents in a dementia special 
care unit: A pilot study. 
 

Inclusion Exclusion 

● People with dementia or related 
disease diagnosis, not including MCI 
or premorbid condition 

● No dementia or related disease 
diagnosis, including MCI or 
premorbid condition, or studies 
focusing on dementia caregivers, or 
animal model study 

● Studies investigating the 
association/effects of social 
connection (e.g. loneliness/social 
isolation) on cognition 

● Studies investigating the effects of 
social connection on quality of life,  
depression, hearing loss or other 
condition, without cognition or as 
risk factor only 

● Studies using a validated measure 
of cognition, e.g. MMSE/MoCA 

● No validated measure of cognition 

● At least one measure of social 
connection 

● No measure of social connection 

● Reports impact/relationship of 
cognition vs social connection 

● Does not report the 
impact/relationship of cognition vs 
social connection 

● Published, peer-reviewed articles, 
conference proceedings or editorial 
pieces printed or translated into 
English 

● Unpublished manuscripts, grey 
literature, or published articles (etc.) 
where English translation is not 
available 

 

Note. Only studies meeting all eligibility criteria were included in the final scoping review 
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Figure B3 
An Example of an Ineligible Study 

 
Article reference: Almeida et al. (2021). Short-Term Impact of Social Distancing Measures 
During the COVID-19 Pandemic on Cognitive Function and Health Perception of Brazilian 
Older Adults: A Pre-Post Study 
 

Inclusion Exclusion 

● People with dementia or related 
disease diagnosis, not including MCI 
or premorbid condition 

● No dementia or related disease 
diagnosis, including MCI or 
premorbid condition, or studies 
focusing on dementia caregivers, or 
animal model study 

● Studies investigating the 
association/effects of social 
connection (e.g. loneliness/social 
isolation) on cognition 

● Studies investigating the effects of 
social connection on quality of life,  
depression, hearing loss or other 
condition, without cognition or as 
risk factor only 

● Studies using a validated measure 
of cognition, e.g. MMSE/MoCA 

● No validated measure of cognition 

● At least one measure of social 
connection 

● No measure of social connection 

● Reports impact/relationship of 
cognition vs social connection 

● Does not report the 
impact/relationship of cognition vs 
social connection 

● Published, peer-reviewed articles, 
conference proceedings or editorial 
pieces printed or translated into 
English 

● Unpublished manuscripts, grey 
literature, or published articles (etc.) 
where English translation is not 
available 

 

Note. Once a study met at least one exclusion criterion, it was deemed no longer necessary 

to continue the screening process and the study was rejected for inclusion in the scoping 

review.  
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Appendix C 
Scoping Review: Studies Identified for Inclusion 

 

Table C 
Studies Identified for Inclusion at the Database Search and at the Citation Search 

 

Database Search 

Author(s) Year Title Journal, volume 
(issue) 

Abbott & Pachucki 2017 Associations between social 
network characteristics, 
cognitive function, and quality 
of life among residents in a 
dementia special care unit: A 
pilot study 

Dementia, 16(8) 

Azevedo, Calandri, 
Slachevsky, et al. 

2021 Impact of social isolation on 
people with dementia and their 
family caregivers 

Journal of 
Alzheimer's 
Disease, 81(2) 

Balouch, Rifaat, 
Chen, et al. 

2019 Social networks and loneliness 
in people with Alzheimer's 
dementia 

International Journal 
of Geriatric 
Psychiatry, 34(5) 

Barguilla, 
Fernández-Lebrero, 
Estragués-Gázquez, 
et al. 

2020 Effects of COVID-19 pandemic 
confinement in patients with 
cognitive impairment 

Frontiers in 
Neurology, 11 

Borelli, Augustin, de 
Oliveira, et al. 

2021 Neuropsychiatric symptoms in 
patients with dementia 
associated with increased 
psychological distress in 
caregivers during the COVID-
19 pandemic 

Journal of 
Alzheimer’s 
Disease, 80(4) 

Chen, Liu, Gan, et 
al. 

2021 The impact of the COVID-19 
pandemic and lockdown on 
mild cognitive impairment, 
Alzheimer's disease and 
dementia with Lewy bodies in 
China: a 1-year follow-up study 

Frontiers in 
Psychiatry, 12 

Clare, Martyr, 
Henderson, et al. 

2020 Living alone with mild-to-
moderate dementia: Findings 
from the IDEAL Cohort 

Journal of 
Alzheimer’s 
Disease, 78(3) 

Dobrzyn-Matusiak, 
Marcisz, Bak, et al. 

2014 Physical and mental health 
aspects of elderly in social care 
in Poland 

Clinical Interventions 
in Aging, 9 
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Dura-Perez, 
Goodman-
Casanova, Vega-
Nuñez, et al. 

2022 The impact of COVID-19 
confinement on cognition and 
mental health and technology 
use among socially vulnerable 
older people: Retrospective 
cohort study 

Journal of Medical 
Internet Research, 
24(2) 

Edwards & Morris 2007 Alone and confused: 
Community-residing older 
African Americans with 
dementia 

Dementia, 6(4) 

Fritsch, McClendon, 
Wallendal, et al. 

2014 Can a memory club help 
maintain cognitive function? A 
pilot investigation 

Activities, 
Adaptation & Aging, 
38(1) 

Harsányiová & 
Prokop 

2018 Living condition, weight loss 
and cognitive decline among 
people with dementia 

Nursing Open, 5(3) 

Lee & Lee 2020 Home-visiting cognitive 
intervention for the community-
dwelling elderly living alone 

Dementia and 
Neurocognitive 
Disorders, 19(2) 

LeVasseur 2021 Effects of social isolation on a 
long-term care resident with 
dementia and depression 
during the COVID-19 pandemic 

Geriatric Nursing, 
42(3) 

Maggio, De 
Domenico, Manuli, 
et al. 

2023 Alzheimer cafè: toward bridging 
the gap between cure and care 
in patients with dementia 

International Journal 
of Neuroscience, 
133(9) 

Mohammadian, 
Rezaee, Kalantar, et 
al. 

2022 Relationship between 
psychological impacts of 
COVID-19 and loneliness in 
patients with dementia: A cross-
sectional study from Iran 

Frontiers in 
Psychiatry, 13 

Nikmat, Hawthorne 
& Al-Mashoor 

2015 The comparison of quality of life 
among people with mild 
dementia in nursing home and 
home care—a preliminary 
report 

Dementia, 14(1) 

Norton, Piercy, 
Rabins, et al. 

2009 Caregiver-recipient closeness 
and symptom progression in 
Alzheimer disease. The Cache 
County dementia progression 
study 

The Journals of 
Gerontology Series 
B: Psychological 
Sciences and Social 
Sciences, 64B(5) 

Pereiro, Dosil-Díaz, 
Mouriz-Corbelle, et 
al. 

2021 Impact of the COVID-19 
lockdown on a long-term care 
facility: The role of social 
contact 

Brain Sciences, 
11(8) 
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Perry, McConnell, 
Coleman, et al. 

2022 Why the cognitive “fountain of 
youth” may be upstream: 
Pathways to dementia risk and 
resilience through social 
connectedness 

Alzheimer's & 
Dementia, 18(5) 

Perry, Roth, Peng, 
et al., 

2022 Social networks and cognitive 
reserve: Network structure 
moderates the association 
between amygdalar volume and 
cognitive outcomes 

The Journals of 
Gerontology: Series 
B. 77(8) 

Tondo, Sarasso, 
Serra, et al. 

2021 The impact of the COVID-19 
pandemic on the cognition of 
people with dementia 

International Journal 
of Environmental 
Research and Public 
Health, 18(8) 

Tsatali, Moraitou, 
Poptsi, et al. 

2021 Are there any cognitive and 
behavioral changes potentially 
related to quarantine due to the 
COVID-19 pandemic in people 
with mild cognitive impairment 
and AD dementia? A 
longitudinal study 

Brain Sciences, 
11(9) 

Victor, Rippon, 
Nelis, et al. 

2020 Prevalence and determinants of 
loneliness in people living with 
dementia: Findings from the 
IDEAL programme 

International Journal 
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Appendix D 
Study 1: Model Equations for Multilevel Linear Regressions 

 

Equation D1 represents cognition, as measured by MMSE, as a function of the interaction 

between diagnosis duration and marital status plus control variables, with terms for random 

intercepts and random slopes, as well as variance at the level of patient and observation. 

 

Equation D2 represents cognition, as measured by MMSE, as a function of the interaction 

between diagnosis duration and accommodation status plus control variables, with terms for 

random intercepts and random slopes, as well as variance at the level of patient and 

observation. 

 

Equation D3 represents cognition, as measured by MMSE, as a function of the interaction 

between diagnosis duration and living status plus control variables, with terms for random 

intercepts and random slopes, as well as variance at the level of patient and observation. 

 

Equation D4 represents cognition, as measured by MoCA, as a function of the interaction 

between diagnosis duration and marital status plus control variables, with terms for random 

intercepts and random slopes, as well as variance at the level of patient and observation. 

 

Equation D5 represents cognition, as measured by MoCA, as a function of the interaction 

between diagnosis duration and accommodation status plus control variables, with terms for 

random intercepts and random slopes, as well as variance at the level of patient and 

observation. 

 

Equation D6 represents cognition, as measured by MoCA, as a function of the interaction 

between diagnosis duration and living status plus control variables, with terms for random 

intercepts and random slopes, as well as variance at the level of patient and observation. 

 

Equation D7 represents the random effect model structures application to all random slope 

random intercept models. 

 

YCognition(MMSE)
jt = 𝛽0 + 𝛽0j + (𝛽1 + 𝛽1j)X1Diagnosis duration

jt * X2SI proxy(marital status)
j + X3Age

j + 

X4Ethnicity
j + X5Sex

j + X6Diagnosis
j + 𝜀jt 

 

(D1) 
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YCognition(MMSE)
jt = 𝛽0 + 𝛽0j + (𝛽1 + 𝛽1j)X1Diagnosis duration

jt * X2SI proxy(accommodation status)
j + 

X3Age
j + X4Ethnicity

j + X5Sex
j + X6Diagnosis

j + 𝜀jt 

 

(D2) 

YCognition(MMSE)
jt = 𝛽0 + 𝛽0j + (𝛽1 + 𝛽1j)X1Diagnosis duration

jt * X2SI proxy(living status)
j + X3Age

j + 

X4Ethnicity
j + X5Sex

j + X6Diagnosis
j + 𝜀jt 

 

(D3) 

YCognition(MoCA)
jt = 𝛽0 + 𝛽0j + (𝛽1 + 𝛽1j)X1Diagnosis duration

jt * X2SI proxy(marital status)
j + X3Age

j + 

X4Ethnicity
j + X5Sex

j + X6Diagnosis
j + 𝜀jt 

 

(D4) 

YCognition(MoCA)
jt = 𝛽0 + 𝛽0j + (𝛽1 + 𝛽1j)X1Diagnosis duration

jt * X2SI proxy(accommodation status)
j + 

X3Age
j + X4Ethnicity

j + X5Sex
j + X6Diagnosis

j + 𝜀jt 

 

(D5) 

YCognition(MoCA)
jt = 𝛽0 + 𝛽0j + (𝛽1 + 𝛽1j)X1Diagnosis duration

jt * X2SI proxy(living status)
j + X3Age

j + 

X4Ethnicity
j + X5Sex

j + X6Diagnosis
j + 𝜀jt 

 

(D6) 

𝛽0j ~ N(0, 𝜎2
Jint.) 

𝛽1j ~ N(0, 𝜎2
Jslope) 

𝜀jt ~ N(0, 𝜎2
E) 

(D7) 
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Appendix E 
Study 1: Unconstrained Model Estimates – Marital Status 

 
 

Factor Estimate Standard 

Error 

df t-value p-value 

MMSE      

Intercept*† 21.97 0.12 4036 190.20 < 0.001 

Diagnosis 
duration** 

-1.08 0.05 1247 -20.07 < 0.001 

Separated / 

Divorced† 

1.40 0.39 4143 3.57 < 0.001 

Single‡ -0.18 0.35 4187 -0.51 0.608 

Widowed‡ -0.50 0.18 4085 -2.82 0.005 

Diagnosis 

duration x 

Separated 

0.21 0.18 1345 1.16 0.245 

Diagnosis 
duration x 
Single 

0.43 0.16 1536 2.59 0.001 

Diagnosis 

duration x 

Widowed 

0.17 0.09 1399 1.32 0.188 

MoCA      

Intercept*† 19.04 0.16 2125 121.97 < 0.001 

Diagnosis 
duration** 

-0.58 0.07 423 -8.81 < 0.001 

Separated / 

Divorced† 

0.17 0.46 2194 0.36 0.719 
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Single‡ -1.37 0.63 2090 -2.17 0.030 

Widowed‡ -1.05 0.25 2159 -4.12 < 0.001 

Diagnosis 

duration x 

Separated 

0.23 0.21 482 1.09 0.275 

Diagnosis 

duration x 

Single 

0.30 0.30 612 1.00 0.317 

Diagnosis 

duration x 

Widowed 

-0.03 0.12 475 -0.24 0.815 

* The Intercept represents the estimated coefficients, when time is equal to zero, for the reference 

group, female, White, AD patients with partners. Estimates for other main exposures, demographic 

factors, and diagnosis factors, are relative to the reference group. 

** The diagnosis duration represents the change in estimated coefficient given a one unit increase in 

time for the reference group. Estimates for other interaction effects, such as diagnosis duration x single, 
are relative to the diagnosis duration for the reference group. 
† Considered to be a non-socially isolated category 
‡ Considered to be a socially isolated category 

 

  



209 

Appendix F 
Study 1: Unconstrained Model Estimates – Accommodation Status 

 
 

Factor Estimate Standard 

Error 

df t-value p-value 

MMSE      

Intercept*† 23.21 0.15 1589 155.34 < 0.001 

Diagnosis 
duration** 

-0.72 0.07 536 -10.99 < 0.001 

Supported 
accommoda
tion‡ 

-1.76 0.25 1539 -6.99 < 0.001 

Clinical‡ -2.61 1.11 1659 -2.35 0.019 

No fixed 

abode‡ 

0.48 1.39 1682 0.34 0.731 

Diagnosis 

duration x 

supported 

accommodat

ion 

-0.04 0.11 528 -0.33 0.744 

Diagnosis 

duration x 

clinical 

-0.53 0.53 666 -1.01 0.313 

Diagnosis 

duration x no 

fixed abode 

-0.82 0.53 391 -1.55 0.121 

MoCA      

Intercept*† 18.03 0.12 2387 145.73 < 0.001 
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Diagnosis 
duration** 

-0.61 0.06 437 -10.72 < 0.001 

Supported 
accommoda
tion‡ 

-1.95 0.27 2377 -7.20 < 0.001 

Clinical‡ 2.54 1.25 2346 -2.03 0.043 

No fixed 

abode‡ 

-0.53 1.14 2417 -0.47 0.639 

Incarceratio
n‡ 

-11.58 5.42 2748 -2.14 0.033 

Diagnosis 

duration x 

supported 

accommodat

ion 

-0.09 0.12 492 -0.71 0.478 

Diagnosis 

duration x 

clinical 

0.61 0.46 337 1.32 0.189 

Diagnosis 

duration x no 

fixed abode 

-0.65 0.55 628 -1.19 0.235 

Diagnosis 

duration x 

incarceration 

-9.81 6.33 2491 -1.55 0.122 

* The Intercept represents the estimated coefficients, when time is equal to zero, for the reference 
group, female, White, AD patients with living in mainstream housing. Estimates for other main 

exposures, demographic factors, and diagnosis factors, are relative to the reference group. 

** The diagnosis duration represents the change in estimated coefficient given a one unit increase in 

time for the reference group. Estimates for other interaction effects, such as diagnosis duration x 

supported accommodation, are relative to the diagnosis duration for the reference group. 
† Considered to be a non-socially isolated category 
‡ Considered to be a socially isolated category  
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Appendix G 
Study 1: Unconstrained Model Estimates – Living Status 

 

Factor Estimate Standard 

Error 

df t-value p-value 

MMSE      

Intercept*† 23.73 0.23 1161 104.80 < 0.001 

Diagnosis 
duration** 

-0.78 0.09 412 -8.49 < 0.001 

Alone‡ -0.23 0.41 1229 -0.55 0.579 

Supported 
accommoda
tion‡ 

-2.28 0.30 1164 -7.50 < 0.001 

Clinical‡ -3.13 1.12 1274 -2.78 0.006 

No fixed 

abode‡ 

-0.04 1.41 1295 -0.03 .977 

Diagnosis 

duration x 

alone 

0.19 0.18 452 1.06 0.289 

Diagnosis 

duration x 

supported 

accommodat

ion 

0.02 0.13 434 0.16 0.867 

Diagnosis 

duration x 

clinical 

-0.47 0.53 581 -0.89 0.374 

Diagnosis 

duration x no 

fixed abode 

-0.77 0.53 345 -1.44 0.152 
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MoCA      

Intercept*† 18.82 0.19 1607 96.76 < 0.001 

Diagnosis 
duration** 

-0.63 0.08 289 -7.57 < 0.001 

Alone‡ -0.72 0.34 1623 -2.14 0.033 

Supported 
accommoda
tion‡ 

-2.74 0.31 1605 -8.92 < 0.001 

Clinical‡ -3.32 1.24 1583 -2.68 0.007 

No fixed 

abode‡ 

-1.32 1.13 1633 -1.17 0.242 

Incarceratio
n‡ 

-12.36 5.33 1860 -2.32 0.021 

Diagnosis 

duration x 

alone 

0.08 0.16 359 0.48 0.631 

Diagnosis 

duration x 

supported 

accommodat

ion 

-0.07 0.14 331 -0.48 0.630 

Diagnosis 

duration x 

clinical 

0.63 0.46 238 1.37 0.173 

Diagnosis 

duration x no 

fixed abode 

-0.64 0.55 443 -1.18 0.239 

Diagnosis x 

incarceration 

-9.79 6.25 1668 -1.57 0.117 
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* The Intercept represents the estimated coefficients, when time is equal to zero, for the reference 

group, female, White, AD, patients assumed to be cohabiting. Estimates for other main exposures, 

demographic factors, and diagnosis factors, are relative to the reference group. 

** The diagnosis duration represents the change in estimated coefficient given a one unit increase in 
time for the reference group. Estimates for other interaction effects, such as diagnosis duration x alone, 

are relative to the diagnosis duration for the reference group. 
† Considered to be a non-socially isolated category 
‡ Considered to be a socially isolated category 
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Appendix H 
Frequency of MMSE and MoCA Use Across Cohort 

 
Figure H 

Frequency of MMSE and MoCA Use Across Cohort 

 

 
 

Note. Dates are in relation to the first COVID-19 related lockdown in March 2020 
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Abstract

INTRODUCTION: The study aimed to compare cognitive trajectories between

patients with reports of social isolation and loneliness and those without.

METHODS:Reports of social isolation, loneliness, andMontreal CognitiveAssessment

(MoCA) scores were extracted from dementia patients’ medical records using natural

language processingmodels and analyed usingmixed-effects models.

RESULTS: Lonely patients (n= 382), compared to controls (n= 3912), showed an aver-

age MoCA score that was 0.83 points lower at diagnosis (P = 0.008) and throughout

the disease. Socially isolated patients (n = 523) experienced a 0.21 MoCA point per

year faster rate of cognitive decline in the 6 months before diagnosis (P = 0.029), but

were comparable to controls before this period. This led to averageMoCA scores that

were 0.69MoCA points lower at diagnosis (P= 0.011).

DISCUSSION: Lower cognitive levels in lonely and socially isolated patients suggest

that these factors may contribute to dementia progression.

KEYWORDS

cognitive decline, electronic health records, loneliness, natural language processing, social
isolation

Highlights∙ Developed Natural Language Processing model to detect social isolation and

loneliness in electronic health records.∙ Patientswith loneliness reports have lowerMontreal CognitiveAssessment (MoCA)

scores than other patients.∙ Social isolation was related to the faster decline inMoCA scores before diagnosis.∙ Social isolation and loneliness are promising targets for slowing cognitive decline.
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1 INTRODUCTION

Social isolation (SI) and loneliness are recognized as priority public

health problems,1 showing impact on physical and mental health,2–7

with effects on mortality comparable to smoking and obesity.8 Pop-

ulation attributable fraction, a measure that combines relative risk

and prevalence of social isolation in a population, estimates that

low social contact in older people explains up to 4% of the risk for

dementia development.9–12 While much of the research has focused

on SI and loneliness as risk factors for dementia,13 these factors

may also manifest as symptoms of the disease itself,14 particularly

in its early stages. In this study, we examine how SI and loneli-

ness, when reported in the presymptomatic or symptomatic stage of

dementia, influence the cognition of patients and the progression of

the disease.

SI and loneliness are related but distinct concepts. SI is opera-

tionalized as an objective lack of social and support networks, while

loneliness is seen as a negative, subjective feeling resulting from

the discrepancy between desired and actualized social connections

and closeness to other people.1 Participation in wider social network

structures is associatedwith higher global cognitive function andmod-

erates the association between cognitive functioning and amygdala

volume, an indicator of neuropathological progression in Alzheimer’s

disease (AD), in cognitively normal people as well as patients with mild

cognitive impairment (MCI) and early-stage AD.15,16 These findings

support the idea that SI influences cognitive reserve by moderat-

ing cognitive function despite indicators of AD neuropathology.17,18

Feelings of loneliness have been shown to predict dementia onset19

and are associated with higher amyloid burden7 in cognitively nor-

mal people, as well as with higher rates of cognitive decline20,21

in patients with MCI, but not in participants with the diagnosis

of AD.22,23

Despite these studies, findings for the effect of SI and loneliness

on cognitive trajectories are mixed.24,25 The main challenge in reliably

estimating the impact of SI and loneliness symptoms on the cognitive

function of dementia patients lies in the need for large-scale longitudi-

nal data,26 which is essential to capture the progressive nature of the

disease.

In this study,weusedelectronic health records (EHRs) to investigate

the effect of SI and loneliness reports on the cognitive trajecto-

ries of patients with a dementia diagnosis. Using textual records of

patient–care provider interaction, we identify documents that dis-

cuss patients’ reports about SI and loneliness, and combine them

with longitudinal measures of cognitive functionality. Using data from

> 4800 patients, we estimate the cognitive trajectories of patients

with reports of social isolation and loneliness and compare them to

trajectories of patients without such reports, while testing cognitive

changes after the first social isolation or loneliness reports. Given

previous findings on the effect of SI and loneliness on the risk of

dementia,9,12,20 we expected that perceived SI and loneliness would

be associated with more severe cognitive decline throughout the

disease.

RESEARCH IN CONTEXT

1. Systematic review: We searched Web of Science and

PubMed on June 4, 2024, for titles with terms (lonel*

OR ‘social* isolat*’) AND (cognit*) AND (dementia OR

‘Alzheimer* disease’) and publication reference lists.

Search findings included studies on the risk factors for the

development of dementia, with some studies investigat-

ing the effects of loneliness in mild cognitive impairment

and early stages of Alzheimer’s disease. These are cited in

the text.

2. Interpretation: Results illustrate different impacts of

loneliness and social isolation on patients’ cognition;

patients with loneliness reports have lower cognitive tra-

jectories across the disease, while patients with social

isolation reports start declining faster several months

before the diagnosis.

3. Future directions: The article proposes different mecha-

nisms of loneliness and social isolation and their effects

on the cognitive functionality of dementia patients. The

findings of loneliness and social isolation, as factors that

influence disease progression, provide clinicians with

indications of an increased rate of cognitive decline, espe-

cially before diagnosis in the case of socially isolated

patients.

2 METHODS

2.1 Study design

The study followed a retrospective cohort design defined through

the extraction of information from EHRs, collected by Oxford Health

National Health Service (NHS) Foundation Trust in the UK. The

data are accessible through the UK-CRIS system, maintained by

Akrivia Health (https://akriviahealth.com/). The system allows access

to structured information, for example, demographic information

and diagnosis codes, as well as unstructured textual information,

such as clinical records. These documents collect free-text infor-

mation on the history of mental disorders under treatment, rele-

vant cognitive assessments, and any other clinically relevant discus-

sions between services and support that went on throughout the

treatment.

2.2 Cohort information

Our cohort included data from all patients with a diagnosis of AD or

other forms of dementia (International Classification of Diseases [ICD]

codes: F00–F00.9, F01, F02, F03, G30, but excluding F06.7 as MCI is
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rarely followed up in a memory clinic). The full cohort included 34,469

patients who collectively contributed 6,388,715 medical documents

from March 6, 2008, to June 25, 2022. To use the information that

resides in rich clinical texts, we developed natural language processing

(NLP) models that extracted information on cognitive health assess-

ments in dementia and reports of loneliness and SI made by patients,

caregivers, and clinical staff.

2.3 Cognitive outcomes

The main analysis used the Montreal Cognitive Assessment (MoCA)27

measure, while in supporting information we report analysis using

Mini-Mental State Examination (MMSE)28 scores. Both measures are

widely used tools for assessing cognitive function, particularly in

patients with dementia. MoCA detectsmild cognitive impairments and

early-stage dementia through its heavier emphasis on frontal and pari-

etal function,29 while MMSE, even though not as sensitive as MoCA,

capturesmoderate to severe cognitive impairment. Bothmeasures are

frequently used in clinical practice and research.30 MoCA scores below

the cut-off point of 26 points are taken as suggestive of MCI, below

17 as suggestive of moderate impairment, and under 10 as suggestive

of severe cognitive impairment. The minimum clinically important dif-

ference, the smallest change in the outcome that patients would find

significant, is reported to be between 0.01 and 2 points, depending on

the severity of the disease.31

2.4 Procedure

Weused structuredandunstructureddata fromEHRs in this study. The

unstructured data covered all textual records for the defined patient

cohort, while structured data included information about the sex, eth-

nicity, and date of birth of patients, their marital and accommodation

status, and ICD-10 codes for dementia anddepressiondiagnosis (F32.0

to F34.1). To extract information about the cognition of patients, we

used the previously published NLP model32 (for previous work on

methodological considerations and description of the mental health

EHR data, see Kormilitzin et al.,33 Senior et al.,34 Goodday et al.,35 Li

et al.,36 and Vaci et al.37).

2.5 NLP model for reports of SI and loneliness

A novel NLP model was developed for the SI and loneliness reports.

The model was implemented in Python and processed textual records

for reports of SI and loneliness in two stages: pattern matching

and a classification stage. In the pattern matching stage, we used

a statistical model for word processing from the Spacy library to

identify words that describe SI and loneliness. This allowed us to

find all documents, including expressions such as “loneliness,” “social

isolation,” “living alone,” and so on. In the classification stage, we

used sentence transformer models from Huggingface’s Spacy-Setfit

TABLE 1 Example of sentences that express the social isolation
and loneliness of patients and used categorization when training the
natural language processingmodel.

Sentence Categorization

“Is very lonely—lost husband andmore recently
best friend.”

Loneliness

“Lonely and unfriended.” Loneliness

“Reports feeling lonely but is not trying to
change this.”

Loneliness

“Patient would wish to go out as remains
isolated at home.”

Social isolation

“Social isolation, lives in 2nd floor flat, can
manage stairs.”

Social isolation

“Due to XXX impairments and symptoms, she
has gradually isolated from others."

Social isolation

“On themorning of the event was feeling
isolated.”

Non-informative
isolation

“Alone in the tv lounge as wanting some peace.” Non-informative
isolation

“has suffered an isolated fall.” Non-informative
isolation

“XXXwill be discharged back to your care.” Non-informative
sentence

“Complained feeling dizzy.” Non-informative
sentence

“Had a lovely day.” Non-informative
sentence

library to process and classify sentences with SI and loneliness men-

tions. Sentence transformers38 are types of neural network models

that produce numerical representations of sentence- and paragraph-

level linguistic content. This vector space encodes semantic rela-

tionships, allowing us to identify and categorize semantically similar

sentences. We trained sentence transformers to classify sentences

with reports of SI and loneliness into four different categories: (1) SI,

(2) loneliness, (3) non-informative isolation, and (4) non-informative

sentences.

Reports that mention lack of social contact, living alone, and being

away from family, or that mention barriers in receiving support from

family, were used as an indication of social isolation.3 Loneliness was

operationalized as consisting of reports on emotional aspects of feel-

ing lonely and suffering due to the lack of social connections.39 The

non-informative isolation category included reports of temporary and

physical isolation (e.g., “isolated fall” or “isolating in the TV room”),

while the non-informative sentences category covered all incorrectly

included sentences from the pattern matching stage forwarded to the

sentence classification stage (seeTable1 for examples of sentences and

NLP categories).

The full model was trained on a randomly selected subset of 11,000

medical documents from the corpus. The terms for the pattern match-

ing stage were derived from a combination of the UCLA Loneliness

Scale40 and linguistic phrases observed in the training set, specifically

those referring to reports of SI and loneliness. Sentences identified by
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the pattern matching in the training data were then used to train the

classifiers.

2.6 NLP accuracy

To evaluate the model’s performance in identifying reports of SI and

loneliness, we conducted amanual annotation process using an unseen

sample of 5000 documents. The annotation was performed indepen-

dently by the first and last authors. In instances of disagreement,

the annotations were discussed collaboratively, and a consensus was

reached to ensure consistent labeling.

The annotated data served as the ground truth for evaluating the

model’s classification performance. Standard classifier performance

metrics were used, including sensitivity, specificity, and balanced or F1

accuracy. Across four different categories, the NLP model achieved an

average F1 accuracy of 0.74, reaching 0.83 accuracy for SI sentences

(sensitivity: 0.73 and specificity: 0.93) and 0.91 accuracy for sentences

reporting loneliness (sensitivity: 0.88 and specificity: 0.95). Full Python

and R code, detailed measure of model performance, and sensitivity

analysis are reported in Supplemental Materials Folder.

Once trained, the NLP models were deployed on the data from

the full cohort, effectively processing > 6 million medical records. To

focus on the symptomatic interpretation of SI and loneliness, we only

considered reports that were made 5 years before or after the initial

dementia diagnosis. Our data indicate thatmost of these reports occur

severalmonths before andat the timeof diagnosis, and that therewas a

substantial increase in both types of reports during the first year of the

COVID-19 pandemic.

2.7 Participants

The final data used in this study combined patients with measures of

cognitive performance, as measured by MoCA scores, clinical diagno-

sis information, and loneliness or SI reports, consistingof 4817patients

with 9298 observations. The patient flow chart in Figure 1 outlines the

procedure used to derive the sample. Our procedure identified 382

patients (851 observations) with loneliness reports and 523 patients

(1185 observations) with SI reports compared to the 3912 patients

without such mentions, which were defined as a control group in our

study (see Table 2 for a split between the groups on main variables).

As the retrospective cohort data were collated from EHRs, diversity,

equality, and inclusion could not be directly addressed during data

collation.

2.8 Statistical analysis

The data were analyzed using a combination of generalized additive

mixed-effect modeling (GAMMs)41 and linear mixed-effect modeling

(LME).42 GAMM is a non-parametric data-driven method that esti-

mates a non-linear relationship between predictors of interest and

outcome variables. Using thismodel, we estimated and visualized aver-

age changes in cognitive function throughout the disease and tested

how trajectories differed between patients who reported loneliness

and SI compared to the control group of patients without such reports

in their EHRs. To investigate the parametric effects of individual

predictors on the slope of cognitive decline, we used LME.

The primary outcome in the analysis was cognitive function, asmea-

sured by MoCA and MMSE tests, while we tested the effect of SI

and loneliness, and controlled for the effects of age, type of dementia,

sex, marital status, accommodation status, and whether patients had

a diagnosis of depression in their medical history. In the case of miss-

ing information for marital and accommodation status, these patients

were included in the analysis under “Missing” categories, while mod-

els without these predictors or cases with missing data are reported

in the sensitivity analysis. The random by-patient intercept effects

were adjusted in all models, which allowed intercepts to vary for each

patient.32 The adjustment of the random-effect structure allowedus to

model repeated measures of cognitive scores and guarded us against

overfitting of the model. Specifically, the random structure in GAMM

and LME models enables us to weigh intra-individual changes over

time and inter-individual differences, allowing us to estimate cogni-

tive trajectories over time. Patientswithmultiple observations provide

more information about the rate and direction of change, while those

with fewer observations provide more information about the variabil-

ity at the group level. In addition to modeling how SI and loneliness are

associated with the cognitive ability of patients throughout their dis-

ease, we also explored the rate of cognitive change after patients’ first

reports of loneliness and SI.

The sensitivity analysis included looking at reports of SI and lone-

liness in shorter time windows around the diagnosis date, different

methods for dealing with missing observations in predictor variables,

andMMSE score analysis.We also report analysis focusing on patients

with both sets of reports, SI and loneliness, in their EHRs. Compared

to the other three groups, these patients are seen four times more fre-

quently by the health and social services but have fewer measures of

cognition, potentially indicating amore complex disease phenotype.

2.9 Ethical approvals

We state that all procedures contributing to this work comply with

the ethical standards of the relevant national and institutional commit-

tees on human experimentation andwith theDeclaration ofHelsinki of

1975, as revised in 2008. The studywas approved by the local UK-CRIS

oversight committees and the University of Sheffield Ethics Applica-

tion Review Board (ID: 045869). Individual patient consent was not

required for the use of anonymized data. The R and Python code used

to analyze the data and develop NLP models is reported in Supporting

Materials.

3 RESULTS

The full cohort consisted of 4817 dementia patientswith amean age of

80.79 years, of whom57% (n= 2765) were female and 26% (n= 1,240)
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F IGURE 1 Patient flow chart illustrating sample derivation. MMSE,Mini-Mental State Examination;MoCA,Montreal Cognitive Assessment.

weremarried.Of these, 8% (n=382) reported loneliness, 11% (n=523)

reported social isolation, and 81% (n = 3912) had no reports of either.

Patients with loneliness were more likely to be women (75%) and wid-

owed (26%), while those with SI were older (mean age 81.71 years).

Controls had the highest percentage of married individuals (27%)

and fewer cases of depression (4%). Table 2 reports full descriptive

statistics for all variables of interest.

3.1 The effect of loneliness and SI on cognitive
trajectories

The results show a significant difference in average MoCA scores

between patients with loneliness and SI reports in their EHRs, and

those without such reports. In the case of patients with loneliness

reports, MoCA scores (see Figure 2A) were lower throughout the

disease, as illustrated by Figure 2C. When estimated using LME,

we see that the scores of patients who reported being lonely are

lower by 0.83 MoCA points at the time of dementia diagnosis

(see Table 3).

Patients with SI reports have comparable MoCA scores to con-

trol patients before being diagnosed. Approximately 6 months before

diagnosis, the slope of MoCA changes for SI patients, becomes more

severe, and they start declining faster than control patients (see

Figure 2B and 2D). This pattern is illustrated in the parametricmodel in

which the reference group of patients with no loneliness or SI reports

shows an average decline of –0.38 MoCA points per year (P < 0.001),

whereas the significant interaction between SI reports and slope of

diagnosis duration shows SI patients decline faster by a further –0.21

MoCA points per year relative to controls (P = 0.029). The interaction
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TABLE 2 Descriptive statistics for variables of interest (mean and SD for quantitative variables and percentage and number of cases for
categorical variables).

Variables Whole cohort
Controls
(no reports)

Patients with
loneliness reports

Patients with social
isolation reports

Number of cases 4817 3912 382 523

MoCA score 18.15 (5.86) 18.33 (5.86) 17.66 (5.60) 17.27 (5.92)

Age 80.68 (7.20) 80.84 (7.08) 79.04 (6.86) 81.71 (7.91)

Sex (%women) 2765 (57%) 2162 (55%) 288 (75%) 315 (60%)

Number of observations per
patient

1.93 (1.37) 1.85 (1.21) 2.26 (1.70) 2.22 (1.78)

Number of cases with:

1 observation 2931 2522 183 226

2 observations 952 736 93 123

3 observations 384 282 33 69

4 andmore 550 372 73 105

Ethnicity:

White 2610 (54%) 2075 (53%) 221 (57%) 314 (60%)

Other 59 (1.2%) 45 (1.1%) 7 (1.5%) 7 (1.3%)

Missing 2148 (45%) 1792 (45%) 154 (40%) 202 (38%)

Marital status:

Married 1240 (26%) 1065 (27%) 48 (12%) 127 (24%)

Divorced 145 (3.0%) 104 (2.7%) 19 (5.0%) 22 (4.2%)

Single 78 (1.6%) 60 (1.5%) 7 (1.8%) 11 (2.1%)

Widowed 735 (15%) 542 (13%) 100 (26%) 93 (17%)

Missing 2619 (54%) 2141 (54%) 208 (54%) 270 (51%)

Diagnosis type:

AD 2266 (47%) 1864 (47%) 166 (43%) 236 (45%)

Lewy body 86 (1.8%) 67 (1.7%) 10 (2.6%) 9 (1.7%)

Other 153 (3.2%) 138 (3.5%) 6 (1.6%) 9 (1.7%)

Unspecified 1591 (33%) 1260 (32%) 143 (37%) 188 (35%)

Vascular 388 (8.1%) 314 (8.0%) 25 (6.5%) 49 (9.4%)

Missing 333 (6.9%) 269 (6.9%) 32 (8.4%) 32 (6.1%)

Accommodation:

Mainstream housing 1765 (37%) 1364 (34%) 171 (44%) 230 (43%)

Supported accommodation 461 (10%) 302 (7%) 70 (18%) 89 (17%)

Missing 2550 (53%) 2219 (56%) 137 (35%) 194 (37%)

Depression:

Mild 75 (1.6%) 57 (1.5%) 7 (1.8%) 11 (2.1%)

Moderate 147 (3.1%) 81 (2.1%) 22 (5%) 44 (8.4%)

Severe 32 (0.66%) 15 (0.38%) 7 (1.8%) 10 (1.9%)

Severe with psychotic episode 40 (0.83%) 15 (0.38%) 5 (1.3%) 20 (3.8%)

Other 40 (0.83%) 23 (0.59%) 5 (1.3%) 12 (2.3%)

Without depression 4483 (93%) 3721 (95%) 336 (87%) 426 (81%)

Note: Categories with a less than five observations were either excluded from the analysis or grouped with similar concepts (e.g., F33.0, F33.1, F33.2 placed
in the “Other” category); ICD-10 codes for depression were used as ever-depressed variable.
Abbreviations: AD, Alzheimer’s disease; ICD, International Classification of Diseases; MoCA,Montreal Cognitive Assessment; SD, standard deviation.
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(A) (B)

(C) (D)

F IGURE 2 The effect of loneliness and social isolation on the non-linear changes in cognition asmeasured byMoCA. A, Cognitive trajectories
of the control group (full green line) and patients with loneliness reports (purple dashed line). B, Cognitive trajectories of the control group (full
green line) and patients with social isolation reports (purple dashed line). C, Differences in the cognitive functionality between the two groups
(average difference inMoCA scores between the control group and loneliness group), where disease periods estimated as statistically different are
highlighted by the red line. D, Differences in the cognitive functionality between the two groups (average difference inMoCA scores between the
control group and social isolation group), where disease periods estimated as statistically different are highlighted by the red line.MoCA,Montreal
Cognitive Assessment.

between loneliness reports and diagnosis duration was not significant,

suggesting rates of decline were similar to those of patients with no SI

or loneliness reports (see Table 3).

3.2 Cognitive change after the first report of SI
or loneliness

The change in MoCA scores after the first SI and loneliness report

behaves differently between the two groups of patients. In the case

of patients reporting loneliness, the cognitive function continues to

decline at the same rate as before the report of loneliness (see

Figure 3A). The cognitive function of patients experiencing SI improves

on average after the first mention of SI (see Figure 3B). Looking at dif-

ferences in MoCA scores, before and after the reports, results show

thatMoCAscores are on average higher after the report in the SI group

(before = 17.32 vs. after = 18.08, t = 2.11, df = 1048.6, P = 0.034),

but not in the loneliness group (before = 17.36 vs. after = 17.08, t = –

0.67, df = 770.62, P = 0.49). However, when we identify patients with

at least one MoCA measure before and after the first report and cal-

culate repeated measure t tests, we see that both groups of patients

decline in their MoCA scores (loneliness reports: before = 17.58 vs.

after=16.62, t=2.31, df=85,P=0.023 and SI reports: before=18.03

vs. after= 16.87, df= 115, t= 3.35, P= 0.001).

4 DISCUSSION

The effect of SI on the risk of dementia development is well

established.9,15 Still, the status of SI and loneliness when presented in

presymptomatic and symptomatic stagesof thedisease and their effect

on the progression of the disease is less explored.

We examined the effect of reported SI and loneliness on the rate

of cognitive change of patients with dementia using EHRs from a UK

NHS mental health trust. We showed that patients with evidence

of loneliness have worse cognition throughout their disease course.
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TABLE 3 Linear mixed-effect model coefficients.

Estimate Standard error df t value P value

Main exposures

Intercepta 26.41 1.02 4463 25.78 <0.001

Diagnosis durationb −0.38 0.04 7991 −8.71 <0.001

Social isolation −0.69 0.27 4438 −2.53 0.011

Loneliness −0.83 0.31 4381 −2.64 0.008

Diagnosis duration x social isolation −0.21 0.10 7062 −2.18 0.029

Diagnosis duration x loneliness 0.01 0.11 7495 0.14 0.885

Demographic factors

Male 1.07 0.17 4377 6.15 0.001

Accommodation status

Supported −1.65 0.30 4213 5.53 <0.001

Other −1.40 0.88 4269 1.59 0.110

Missing 0.67 0.18 4391 3.64 <0.001

Clinical factors

Depressedc 2.10 0.33 4214 6.28 <0.001

Diagnosis type

Lewy body −0.07 0.60 4190 −0.12 0.903

Otherd −0.65 0.46 4334 −0.14 0.158

Unspecified 0.15 0.18 4422 0.85 0.390

Vascular −1.47 0.30 4440 −4.82 <0.001

Missing −1.20 0.49 4445 −2.43 0.016

Abbreviations: AD, Alzheimer’s disease; ICD, International Classification of Diseases; SI, social isolation.
aReference group has no complaints of SI or loneliness, is female, living inmainstream housing, not depressed, with a diagnosis of AD.
bDiagnosis duration indicates the change in estimated score per year of disease progression.
cThe depressed variable represents patients whowere ever depressed based on ICD-10 codes.
dThe type of dementia labeled “Other” consisted of cases with fronto-temporal dementia, mixed Alzheimer’s and vascular dementia, and primary psychiatric
disorders, while “Other accommodation” included clinical, no fixed abode, and incarcerated.

(A) (B)

F IGURE 3 The non-linear cognitive change, as measured byMoCA, before and after the first report for loneliness and social isolation group. A,
Cognitive trajectories of patients with report(s) of loneliness. B, Cognitive trajectories of patients with report(s) of social isolation. MoCA,
Montreal Cognitive Assessment.
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Patients whose EHRs mention SI have comparable cognition, before

diagnosis, to patients without mentions of such symptoms. However, 6

months before being diagnosed, the cognitive ability of socially isolated

patients starts declining at a higher rate, resulting inworse cognition at

the point of dementia diagnosis and later in the disease course.

4.1 Mechanisms of SI and loneliness

The conceptualization of the two concepts, SI and loneliness, likely

underlies the estimated differences between the three groups of

patients in our study.1 SI represents more of a physical barrier to

receiving social support and/or maintaining social connections, while

loneliness reflects emotional aspects of this feeling. We found that

socially isolated patients have stronger rates of cognitive deterioration

several months before a dementia diagnosis while being comparable

to controls in the preceding period. In the context of a life-changing

and stigmatizing diagnosis such as dementia, the lack of social contact

prevents patients from receiving needed support, and their cogni-

tion declines at higher rates.43 When reported for the first time, we

show that average values of MoCA scores increase for this subgroup

of patients. This improvement may reflect positive action taken by

health-care and/or social services in response to the report. In contrast,

patients who experience loneliness have worse cognition through-

out the disease course. Such results indicate that loneliness might be

an intermediary for depressive symptomatology or might be caused

by common origins.44–46 This interpretation is also supported by the

demographic differences split by group, where we see that patients

with reports of SI and loneliness also have higher rates of ICD-10 codes

for depression. These patients also do not observe any improvement

in their cognition after the first report of loneliness, which might be

expected given that improvement in feelings of loneliness requires a

change in the availability of social networks, psychological well-being,

life satisfaction, activities, and other psychiatric symptoms.47

4.2 Strengths and limitations

Our study illustrates the potential of medical records from mental

health institutions to provide evidence-based results on the effect of

symptoms in dementia diseases.9,48 Using large data and advanced sta-

tistical modeling, our study shows that SI can be seen as a disease

progression factor. Not only is this a novel finding in the domain, con-

trasting with some previous studies which showed limited effects or

their complete absence20,22,23 but we show differing effects of SI and

loneliness on the cognitive trajectories of patients with dementia.

There are several limitations when using large observational

datasets.49 We cannot allocate patients’ membership in the group and

can only control for a limited number of factors that could have mod-

erating effects on SI and loneliness, such as depression. Lack of control

over the allocation of patients and barriers when accessing health care

may have led to inadequacies regarding diversity, equality, and inclu-

sion, which may reduce the wider generalizability of findings. Similarly,

patients with SI or loneliness reports recorded considerably before

diagnosis may be a sign of additional health-care needs and could addi-

tionally limit the generalizability of findings. The correlational nature

of the data limits the causal interpretation of our findings, and even

though we see improvement in cognition after the first report of SI,

we cannot ascertain what change in patients’ social circumstances fol-

lowed. There are multiple sources of support that patients can receive

after SI is identified, such as closer family connections, social ser-

vices provision of care, or a change to their living conditions (e.g.,

admittance to residential care). Our interpretation of SI relies on a

subjective perception from the patient, caregiver, or clinician, rather

than an objective measure, for example, of frequency of social contact.

Automated and trained NLPmodel architectures are probabilistic, and

even though they achieve high levels of accuracy, they introduce an

additional layer of noise to the later data analysis.50

4.3 Clinical implications

While acknowledging limitations, we show that SI and loneliness could

be seen as a disease progression factor for dementia patients, given

their effect on cognitive trajectories, even before a formal diagnosis.

This means patients experiencing SI or loneliness might benefit from

closer monitoring of their cognitive health. While cognitive decline is

expected in dementia, the rate of decline can have significant impacts

on both patient care and quality of life. By recognizing SI and loneli-

ness as potential factors influencing the speedof decline, these findings

could have direct implications for clinical practice, such as identify-

ing potential avenues for intervention, informing treatment strategies,

and strengthening the rationale for social prescribing. We hope that

these effects could steer the debate concerning modifiable symptoms,

as part of a holistic assessment, that could be used to support the

care of patients and outline a research approach that could provide us

with more evidence-based studies of modifiable disease progression

factors.
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