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Abstract

Ageing is characterised by changes to many aspects of health, such as cognition, mental
wellbeing, physical functioning, and serological markers of health. A background to relevant
ageing literature is detailed in Chapter 1. Chapter 2 was an amendment to the original research
plan due to the COVID-19 pandemic. Cross-sectional findings suggest that during the
pandemic, older adults that worried about their cognitive health also reported poorer mental and
physical wellbeing. A person-centred approach (latent profile analysis) in Chapter 3
established characteristics of individuals based on physical, mental, and serological markers of
health. Results suggest that good physical functioning is not always associated with good
mental wellbeing, and it is therefore important to not just look at individual health markers but
to build a profile of overall health for more detailed information. Chapter 4 used a rigorously
designed randomised controlled intervention to assess the benefits of a commercially available
brain training programme. Results report no transferable cognitive benefits in healthy older
adults. Finally, Chapter 5 summarises key findings from each empirical chapter and discusses
further implications. Overall, the findings from this thesis demonstrate that there is a complex
relationship between cognitive function and health in older adults, and that it is important to

consider multiple aspects of health when assessing healthspan.
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Chapter 1 - INTRODUCTION
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1 Introductory statement

This thesis aims to add to the current literature on older adult health. The three aims of

the thesis are as follows:

1. Investigate the cognitive, mental, and physical wellbeing of older adults during the
COVID-19 pandemic via an online survey (Chapter 2)

2. Establish the relationship between cognitive, mental, physical, and serological markers
of health, in a cross-sectional sample of healthy older adults (Chapter 3)

3. Determine the effectiveness of a commercially available computerised brain training
programme on cognitive performance in a sample of healthy older adults, in a

randomized and controlled intervention design (Chapter 4)

This introductory chapter will first discuss literature surrounding age-related changes to
cognitive, mental, physical, and serological markers of health (which relates to Chapters 2, 3,
and 4). It will then discuss the effects of cognitive training (relating to Chapter 4), and finally

the effects of the COVID-19 pandemic on older adults (relating to Chapter 2).

1.1 Ageing

Humans are living longer now than ever before. Life expectancy has increased
consistently since the 1900’s, driven by both decreased infant mortality and advances in
healthcare (Roser et al., 2013). With adults living longer, the general population is ageing, and

the proportion of older adults compared to other age groups is growing steadily. The percentage
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of those over 65 in the United Kingdom is expected to reach 24.7% in 2046, up from 15.9% in

2006 (Randall, 2017).

This thesis will centre on aspects of health that decline with age during ‘healthspan’,
that is, the number of years in which someone is ‘healthy’ or without disease (Garmany et al.,
2021). Healthy ageing is related to declines across physical and cognitive health, and extending
the time before this deteriorates is beneficial to reducing costs to care and health services. For
example, the prevalence of dementia doubles every five years after the age of 65, so much so
that an estimated 1 in 6 of 80+ year olds have some form of dementia (Alzheimer's Society,
2016). Dementia cost the UK an estimated £37.4 billion in 2019, 40% of which was through
unpaid care (Wittenberg et al., 2019). A third of over 65s and 50% of over 80s suffer from yearly
falls, which is estimated to cost the NHS £2.3 billion every year (National Institute for Health
and Care Excellence, 2013). Overall, an estimated two fifths of NHS budget is spent on adults

over 65 and this is expected to increase with our ageing population (Robineau, 2016).

Age-related changes are seen throughout the body and brain. As we are living longer,
finding ways of staying healthy for longer is imperative, not only for our overall health but to
minimise costs to health and care services. This has therefore been the basis for much research
into healthy ageing. The following sections will discuss the different aspects of ageing, namely
changes to cognitive health, physical functioning, mental wellbeing, and serological markers of

health.
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1.1.1 Cognitive ageing

A number of things change in our cognitive system with age. Some cognitive abilities
begin to decline, with “fluid” abilities such as explicit memory, processing speed, and reasoning
showing steady declines from as early as in our 20s (Salthouse, 2010). Older adults have a
reduced capacity for new learning due to a decline in working memory ability, and executive
function deficits may result in older adults struggling with new or complex tasks that require
problem solving or planning (Murman, 2015). Conversely, “crystallised” abilities (semantic
memory, memory for facts and information, and vocabulary) seem to remain stable or even

improve as we age (Salthouse, 2010).

These declines in performance have been linked to changes in brain structure and
function. Brain volume and weight reliably decline in healthy ageing, a finding partially
attributed to neuronal cell death (Svennerholm et al., 1997). However, the brain does not
deteriorate at the same rate across all brain regions. The prefrontal cortex (PFC) and
hippocampus are most vulnerable to deterioration in healthy ageing, with both regions showing
significant synaptic loss (Morrison & Baxter, 2012). Many higher cognitive functions rely on
these areas (working memory and executive function for the PFC, and memory on the
hippocampus) and so it is not surprising that ability declines in healthy ageing. Indeed,
hippocampal deterioration is reliably shown as a marker for Alzheimer’s disease, which itself

is characterised by loss of memory (Gosche et al., 2002).

However, despite these relatively stable age-related changes to the brain, cognitive

performance can range significantly between older adults. There are three main theoretical

frameworks that have been proposed to explain these individual differences; cognitive reserve,
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maintenance, and compensation (Cabeza et al., 2018). Cognitive maintenance refers to the
preservation of neural resources throughout life (Cabeza et al., 2018), and relates to the brain
repairing itself as cells die naturally or through damage. The model proposes that as we get
older, the repair process becomes imbalanced, and more brain cells die than can be repaired or

replaced.

Cognitive compensation refers to the recruitment of additional neural resources to cope
with increased task demand. A common model associated with compensation is the
Compensation-Related Utilization of Neural Circuits Hypothesis (CRUNCH; Reuter-Lorenz &
Cappell, 2008). It proposes that older adults are less efficient at processing due to general age-
related declines, and so during low task demand, they require more neural resources to reach
the same level of performance as younger adults. At high task demand however, the neural
resources have already been depleted, older adults are unable to recruit any more resources, and
so performance crashes. CRUNCH proposes that training cognitive abilities allows cognitive
processes to be made more efficiently and rely on fewer neural resources, and so improve

performance at higher task demands (Reuter-Lorenz & Cappell, 2008).

Finally, cognitive reserve refers to a gradual improvement in neural resources, which
allows the brain to compensate for age-related neural decline (Cabeza et al., 2018). This
improvement or reserve accumulates over a matter of years and has been linked to a number of
factors, most frequently education, but also stimulating occupation and lifestyle choices during
adulthood such as mental, social, or leisure activities (Clare et al., 2017). Research has shown
that those with high cognitive reserve are able to tolerate more neuropathology from dementia

before starting to show symptoms, and high cognitive reserve significantly reduces the
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incidence of dementia (Valenzuela & Sachdev, 2006). Indeed, incidence rates of dementia are
highest in those with low education and occupational attainment (Stern et al., 1994). However,
what has also been shown in the literature is a different prognosis after symptoms of dementia
begin to show behaviourally. Researchers have found that while those with higher initial
cognitive reserve can tolerate more pathology in the brain and that this results in a reduced risk
of Alzheimer’s prevalence, when symptoms do appear, the deterioration seen is often faster and

more severe (Wilson et al., 2010; Wilson, Scherr, et al., 2007).

Cognitive maintenance, compensation and reserve are separate processes. However,
older adults who have higher levels of education would, according to the reserve hypothesis,
have higher levels of cognitive reserve, allowing them to maintain higher levels of performance
on cognitive tasks. Higher levels of education may also mean they maintain these resources
better, through cognitive maintenance, but also that they may have more compensatory
resources to draw on, when performance declines. This shows that the three theoretical
frameworks can be intrinsically linked and that not one theory can explain cognitive ageing as

a whole (Cabeza et al., 2018).

1.1.2 Physical ageing

Perhaps the most obvious changes to humans with age are physical ones. Older adults
see decline in muscle mass and bone density (Goodpaster et al., 2006). Metabolism rates slow
down, resulting in an increase in fat mass and weight gain (Johannsen & Ravussin, 2010).
Maintaining fitness in later life is important for overall health, but research shows a reduction
in physical activity with age (NHS Digital, 2019). Cardiorespiratory fitness levels also decline

with age, a finding commonly shown by differences in VO,max scores between young and old
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(e.g., Segaert et al., 2018). Studies have shown that poor cardiorespiratory fitness predicts
higher risk of mortality in older adults (Sui et al., 2007). Another important factor is grip
strength, which is a measure of body function and has been termed an ‘indispensable biomarker’
for older adults (Bohannon, 2019). This is not only for overall strength but for numerous other
factors including falls, cognitive impairment, sleep, diabetes, quality of life, and malnutrition

(Bohannon, 2019).

Research has shown that declines in physical activity are causally linked with declines
in mobility (Visser et al., 2002). Age-related changes such as musculoskeletal pain, obesity, and
sensory impairment can exacerbate mobility declines further (Rantakokko et al., 2013).
Importantly, those that are limited in mobility are more reliant on others for daily activities and
as a result lose independence (Hirvensalo et al., 2000). Alongside mobility changes, with
increasing age comes an increased risk of falling. Risk factors include gait variability
(Hausdorffetal., 2001) and balance issues (Tinetti et al., 1986), and conditions such as dementia

can further increase the risk of falling (Shaw et al., 2003).

1.1.2.1 Relating physical health to cognitive functioning

The aspects of physical health mentioned above have been linked with cognitive
functioning. For example, physical exercise can benefit cognition as it significantly reduces the
risk of dementia and brain ageing (Law et al., 2020), by stimulating growth, reducing the
immune response, and reducing exposure to neurotoxins (Cheng, 2016). Keeping cognitively
active can also help, by increasing the connectivity between brain regions and improving neural
plasticity (Cheng, 2016). Physical activity is suggested to help protect the brain ‘hardware’ by

increasing brain mass and integrity, while cognitive activity protects the ‘software’ by
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strengthening the connections within the brain (Cheng, 2016). Higher cardiorespiratory fitness
is predictive of better cognitive wellbeing (Pentikainen et al., 2019), and research has found
that exercise training is beneficial to executive function (Chen et al., 2020), cognitive flexibility
(Mekari et al., 2020), as well as memory and processing speed (Erickson et al., 2019) in older

adults.

Despite being a simple behavioural marker, grip strength has been associated with
cognitive impairment (Bohannon, 2019) and cognitive performance (Sternang et al., 2016) in
older adults. Finally, fall risk and gait variability have been shown to relate to cognition.
Research has argued that age-related declines in cognition, particularly executive function, are
partially responsible for an increased risk of falls (Kearney et al., 2013). Indeed, intervention
studies that have trained executive function and speed of processing saw improvements to gait
(Shimada et al., 2018) and performance on fall risk measures (Smith-Ray et al., 2015). As falls
are so costly both to the individual’s quality of life and the healthcare system, cognitive

interventions that could reduce fall risk would appear to be an imperative area of research.

1.1.3 Changes to mental wellbeing

Alongside changes to physical and cognitive health, older adults may see changes to
their mental wellbeing. There are a multitude of factors that may impact this: career changes
(e.g., retirement) lead to a reduction in regular activities and social interactions; declines in
mobility may affect how much physical activity one is able to do; and older adults may be
affected by the death of close family and friends. Mental health in older adults is therefore an
important factor to consider when researching this population. Of particular importance are

depression, anxiety, and loneliness. Depression affects up to 25% of older adults in the UK, but
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they receive significantly less support than younger adults (Age UK, 2016). Anxiety disorders
affect around 5% of older adults (Bryant et al., 2008), but symptoms increased significantly
during the COVID-19 pandemic, with a third of over 60s reporting increased anxiety (Age UK,
2020b). Finally, recent research has found up to 25% of older adults experience high levels of

loneliness (Chawla et al., 2021).

Half of older adults with major depression experience their first episode in later life
(Fiske et al., 2009). Late onset depression has been associated with a number of risk factors
including drugs commonly taken in later life (e.g., beta blockers, corticosteroids, or respiratory
or gastrointestinal medication), dementia, diabetes, poor sleep, and stressful life events (Fiske
et al., 2009). Depression and anxiety are often comorbid and as a result, anxiety shares many
of the same risk factors in older adults (Vink et al., 2008). Risk factors specific to anxiety may

include traumatic events, being childless, and personality traits (Vink et al., 2008).

Experiences of negative mental health symptoms can be exacerbated by a number of
physical health factors. In older adults, a lack of physical activity is regularly associated with
poor mental health, and exercise is an effective intervention for reducing mental health
symptoms (Fox, 1999). Further, individuals with both poor cardiorespiratory fitness and grip
strength have an increased risk for anxiety and depression (Kandola et al., 2020). Similarly,
maintaining physical functioning is important to one’s mental health. Older adults with mobility
issues have been found to report more symptoms of depression (Lampinen & Heikkinen, 2003),
a poorer quality of life (La Grow et al., 2013), and lower social engagements (Rosso et al.,

2013). Social isolation has been associated with significantly higher risk of dementia, heart
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disease, and stroke, which can lead to further mobility declines (National Academies of

Sciences & Medicine, 2020).

1.1.3.1 Relating mental health to cognitive functioning

The mental health symptoms mentioned above have been related to cognitive wellbeing.
Research has found links between increased social activity and global cognition (Kelly et al.,
2017), and emotional support is a significant predictor of better cognitive function in older
adults (Seeman et al., 2001). Research has also found that social isolation and loneliness are
associated with cognitive decline, with participants over 50 who reported high levels of
isolation and loneliness scoring lower on measures of verbal fluency and working memory
(Lara et al., 2019). A further study indicating that long term loneliness is detrimental to
cognitive health is one longitudinal study that found loneliness to be a predictor of Alzheimer’s
disease (Wilson, Krueger, et al., 2007). Similarly, research has shown that in older adults,
depressive symptoms are associated with poorer cognitive performance (Shimada, Park, et al.,
2014). However, research is inconclusive as to whether cognitive impairments that are often
seen alongside depression or anxiety are a cause or consequence of the symptoms (Beaudreau
& O'Hara, 2008; Ganguli, 2009). Despite this, there are clear associations between poor mental
health and cognition (Shimada, Park, et al., 2014) and physical functioning (Lampinen &

Heikkinen, 2003) which may affect healthspan in older adults.

1.1.4 Changes to serological markers of health

Another way to assess overall health is by examining serological markers of health,
which are reflective of different physiological systems. There is evidence that with ageing,

various serological markers of health change. Two markers that are particularly relevant to
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ageing and this thesis are an inflammatory marker (interleukin-6; IL-6) and a growth factor

(brain-derived neurotropic factor; BDNF).

Inflammation is how the body responds to infection, and interleukin 6 (IL-6) plays a key
role in the inflammatory response. IL-6 is a cytokine, which act as cell-to-cell communication
throughout the body, signalling to other cells what response should be taken (Reeh et al., 2019).
An acute IL-6 response to infection or injury is beneficial as it informs organs to prepare for a
response to help fight infection. However, issues can arise when IL-6 production is increased
for an extended period of time (Narazaki & Kishimoto, 2018). IL-6 has been implicated in the
immune response, stimulating T- and B-cells (which can lead to chronic inflammation) and has
been associated with a number of inflammatory diseases such as rheumatoid arthritis, Crohn’s

disease, and psoriasis (Gabay, 2006).

With age, the body goes through a process of ‘inflammageing’ (Franceschi et al., 2007).
Inflammageing is a low-grade systemic increase in pro-inflammatory markers, such as an
increase in circulating levels of IL-6 (Wei et al., 1992). While inflammageing is a normal
process of ageing, it can have negative health consequences. Inflammageing has a marked
impact on physical disability and frailty, as well as overall morbidity and mortality (Ferrucci &
Fabbri, 2018). Inflammation has also been shown to be a risk factor for the development of
cardiovascular diseases (Sorriento & laccarino, 2019), Alzheimer’s disease (Huberman et al.,

1995) and cancer (Ferrucci & Fabbri, 2018).

A second key biological marker for this thesis is brain-derived neurotrophic factor

(BDNF). BDNF is a protein that has an important role in brain health, specifically in neuronal
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survival and growth, and neuroplasticity (Bathina & Das, 2015). It is closely related to learning
and memory, with high expression in the hippocampus (Miranda et al., 2019). With age,
circulating BDNF declines, which has further been linked with smaller hippocampal volume

and worse memory performance in older adults (Erickson et al., 2010).

Both IL-6 and BDNF have been associated with mental and physical health. High levels
of IL-6 have been associated with symptoms of loneliness (K. J. Smith et al., 2020) and
depression (Baune et al., 2012) in later life. BDNF has been implicated in depression, with one
review providing evidence that anti-depressant treatment increases BDNF expression in
clinically depressed patients (Brunoni et al., 2008). Further, IL-6 and BDNF levels can be
improved through physical activity. Exercise has been shown to reduce levels of systemic
inflammation (Woods et al., 2012), and similarly, aerobic exercise can boost BDNF levels and
therefore improve brain health (Huang et al., 2014). However, with BDNF, whether these
benefits are maintained in ageing populations is inconclusive due to a lack of research (Walsh
et al., 2020). Despite this, the theory behind the benefits of physical activity on BDNF levels in

older adults is promising for future research (Walsh et al., 2020).

1.1.4.1 Relating serological markers of health to cognitive functioning

Research has linked serological markers of health and cognitive decline. Low levels of
BDNF have been associated with mild cognitive impairment (Shimada, Makizako, et al., 2014)
as well as Alzheimer’s, Huntington, and Parkinson’s disease (Miranda et al., 2019).
Interestingly, some research has suggested that a computerised brain training paradigm can
improve BDNF levels in healthy older adults (Ledreux et al., 2019), though it is important to

note that other studies have not found corroborating results (Roheger et al., 2020).
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High levels of IL-6 have been associated with cognitive decline in healthy older adults
(memory, reasoning and verbal fluency), demonstrating that increased inflammation can be
detrimental to cognition without clinical impairment (Singh-Manoux et al., 2014). A
longitudinal study with over 3,000 participants over 10 years found that regular use of non-
steroidal anti-inflammatory drugs (NSAIDs) such as ibuprofen was significantly associated
with a lower risk of all-cause dementia and Alzheimer’s disease (Szekely et al., 2008).
Similarly, a review suggested that Rheumatoid Arthritis (RA) patients (RA being an
inflammatory autoimmune disease) were up to six times less likely to develop Alzheimer’s
disease, a finding that was attributed to the common prescription and prolonged use of anti-
inflammatory drugs (McGeer et al., 1996). However, NSAIDs have not been found to be an
effective treatment for Alzheimer’s patients (Aisen et al., 2003; Rogers et al., 1993; Scharf et
al., 1999). Therefore, it may protect those with little or no brain deterioration, rather than

improving symptoms of those with an advanced disease prognosis.

1.2 Cognitive training

As aresult of the number of changes adults go through as they age, research has focused
on ways to mitigate age-related cognitive decline. This section will first discuss traditional
cognitive training programmes in healthy ageing populations. I will then discuss commercially
available brain training programmes, the controversy that surrounds the field, followed by
issues in the cognitive training literature and recommendations for best practise. For the
purposes of this thesis, cognitive training will refer broadly to any intervention that seeks to
strengthen cognitive performance through guided practice or strategies, while brain training

will refer specifically to the subset of available cognitive training programmes, provided by
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companies and organisations that offer the public cognitive interventions aiming to improve

cognitive performance (Nguyen et al., 2022).

Note that for the most part I will discuss cognitive training in relation to healthy
populations, rather than those with cognitive impairment or dementia. Research has not found
convincing evidence that cognitive training can improve cognitive performance in mild to
moderate dementia (Bahar-Fuchs et al., 2013), and only small to moderate effects in patients
with mild cognitive impairment (Hill et al., 2017). This arguably reiterates the need to focus on
cognitive therapies that slow decline rather than attempting to treat cognitive impairment after

diagnosis.

1.2.1 Cognitive training in healthy ageing

The use of cognitive training programmes to improve cognition in older adults has been
extensively researched. Arguably the most common cognitive functions examined in cognitive
training are working memory and executive function. Working memory is theorised to be a
central cognitive function closely linked with other cognitive abilities including executive
function (Heinzel et al., 2016), and both are key to other higher cognitive functions, such as
fluid intelligence, reasoning and multitasking (Sandberg et al., 2014). Theoretically, improving
these processes would result not only in improvements to the specific functions but also to
untrained cognitive abilities as they are so closely linked. Indeed, cognitive training
programmes targeting working memory and executive functions have resulted in transfer to
other cognitive tasks (see Karbach & Verhaeghen, 2014 for a review), albeit inconsistently

(Melby-Lervag et al., 2016). Both working memory and executive function performance
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decline significantly in healthy ageing (Salthouse, 2010) and so provide a promising starting

point to improve cognition in older populations.

One of the key pieces of research that assesses computerised cognitive training in ageing
is the large-scale intervention ACTIVE trial by Ball et al. (2002). Over 2,800 participants aged
65 and above took part in a computerised cognitive training programme which focused on speed
of processing, reasoning, or memory. All training groups saw an improvement in the cognitive
function that was trained, and a booster session after one year led to the effects being maintained
for two years (Ball et al., 2002), and five years (Willis et al., 2006) after the initial training
programme. This was one of the landmark studies that showed that CT can improve cognitive
ability in older adults, but also that these improvements can be maintained over an extended

period of time.

1.2.2 Brain training

In recent years, an increasingly popular method of training cognition is to utilise
commercially available brain training programmes such as Lumosity, Peak, or BrainHQ. These
programmes are tailored to the user’s performance, adapting in difficulty (which is key for brain
training to work, Brehmer et al., 2012), and target a wide range of cognitive abilities through
short, game like tasks. Brain training applications are advertised as programmes that are
designed by “scientists” (Lumosity, 2023), can improve “neuroplasticity” (Peak, 2023), and
“exercise your brain” (BrainHQ, 2023). However, research is inconclusive as to whether these
brain training programmes work. In 2014, a large group of scientists published an open letter
arguing that computerised brain training has little benefit to cognition, and that the marketing

from brain training companies is frequently exaggerated and misleading (Allaire et al., 2014).
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Two months later, an equally large group published a response, countering that there is a
substantial body of evidence that cognitive training programmes can improve cognitive

functioning (Alescio-Lautier et al., 2014).

Peer-reviewed research is just as contentious. Brain training websites often cite peer-
reviewed publications that show positive effects of their programme, and there is research that
suggests brain training in healthy populations improves auditory processing and memory
(Anderson et al., 2013), sustained visual attention (Savulich et al., 2019), and improves
executive functions (Meltzer et al., 2023), among others. However, there are also many cases
where no significant effects have been found (e.g., Kable et al., 2017; Stojanoski et al., 2018).
This is all the more important in older populations. Research has shown that older adults have
higher expectations about how well these programmes work compared to younger counterparts
(Rabipour & Davidson, 2015), and arguably, older adults can benefit more from the
programmes (if they are effective). However, meta-analyses both support (Lampit et al., 2014)

and disagree (Nguyen et al., 2022) with their benefits in healthy older adults.

A key benefit that brain training programmes aim for are transfer effects. Transfer effects
refer to how similar outcome measures are to the trained cognitive domain (Sala et al., 2019).
They can be near or far — near transfer referring to the training generalising to similar domains
(e.g., if training working memory transfers to related, but untrained, working memory tasks),
while far transfer being that the programme transfers to wider, unrelated tasks (e.g., working
memory training transferring to improvements in language or attention). Transfer effects are
key to a successful and wide-reaching brain training programme; however, they are elusive,

especially in ageing research. Often, reports of significant transfer are for near transfer rather
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than far, limiting any effects to similar cognitive processes (H. K. Lee et al., 2020), or no
evidence is seen at all (Kable et al., 2017; Stojanoski et al., 2018). Importantly, even in the
popular ACTIVE study (Ball et al., 2002), cognitive benefits were limited to the type of

cognitive training given to each participant and did not transfer to untrained outcome measures.

1.2.3 Methodological issues in brain training

As has been shown, the field is fraught with controversy. A major reason for this is that
there are many methodological differences in the brain training literature which lead to
inconsistent findings. A paper by von Bastian and Oberauer (2014) suggests that there are two
factors at hand explaining the lack of consistency in cognitive training research: training
differences and individual differences. Interventions vary hugely, in terms of training length,
training intensity, sample size, whether the training is adaptive, and the training tasks
themselves (von Bastian & Oberauer, 2014). To emphasise, a literature review investigated
methodological differences and found large ranges in sample size and study duration (Noack et
al., 2014). Sample sizes ranged from 20 to almost 2,500, but 90% included fewer than 100
participants. Similarly, training duration also varied, with 50% of studies reported 8 hours and
20mins of training or less, and the majority (90%) reporting less than 20 hours in total.
Individual differences are also a significant issue in cognitive training research; older adults
show large variability in both baseline performance and training gains (Buitenweg et al., 2012).
This variability can come from factors such as age (Brehmer et al., 2012) or motivational
differences (Buitenweg et al., 2012) which often makes it difficult to compare or generalise

results.
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A further issue in cognitive training research is the choice of control group. Reviews
have shown that not all studies in this field use active control groups (Simons et al., 2016). An
active control group is favoured as they control for general effects of taking part in an
intervention (e.g., the routine of practicing tasks each day, or the social aspects of interacting
with peers as part of the training), test re-test effects of completing the outcome measures more
than once, or expectancy effects that taking part in the intervention will result in positive results
(Cech & Martin, 2011). Conversely, passive or no-contact control groups are unable to
distinguish whether positive results are from the training programme, placebo effects, or other
confounding variables. The tricky part for researchers is to decide on a control condition that is
as close to the intervention in terms of engagement, time, and energy intensity, but that

theoretically will not result in improved cognitive performance.

1.2.4 Best practise for training research

Factors to improve methodological design have been suggested by numerous reviews.
One recommendation is to use an appropriate and comprehensive test battery to assess cognitive
outcomes (Green et al., 2014). This review argued that small test batteries cannot accurately
assess cognitive outcomes and transfer effects. The outcome measures need to be
comprehensive enough to assess changes across cognitive functions, rather than in specific
tasks (Green et al., 2014). For example, assessing executive functioning through one task is not
enough, as executive function is made up of three smaller processes (inhibition, shifting and
updating; Sandberg et al., 2014). If an intervention leads to improvements on multiple executive
function tasks, this is a much more reliable indicator that the intervention improved executive

functioning as a whole.
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A notable review that focusses specifically on brain training is one by Simons et al.
(2016). It gave recommendations for best practice for assessing the efficacy of brain training
programmes. The gold standard, as in much clinical practice, is a double-blind, placebo-
controlled, randomised clinical trial. Double-blind studies, where both participant and
researcher are blinded to the participants condition, remove any potential social or expectation
biases. Placebo-controlled studies (using an active control condition) can control for placebo
effects, but they are more difficult to implement in brain training research compared to a drug
trial. Active control groups are gold standard, but appropriate active control conditions can be
difficult as it is challenging to blind participants to their condition. The review found that many
published studies use passive or no-contact controls, which cannot account for placebo effects,
increases in motivation, or potential social benefits of completing the programme (Simons et
al., 2016). They concluded that where possible, studies should include an active control
condition that is as similar to the intervention as can be, while excluding the ‘active’ brain
training element. Finally, studies should include a large sample size with randomised allocation
to condition. Including these features in study design, when used appropriately, can allow causal

inferences to be made about the brain training programme in question (Simons et al., 2016).

1.2.5 Summary

Cognitive training programmes have been widely utilised to train or improve cognitive
health in healthy populations. As commercially available brain training programmes become
more accessible to the general population, it is important to assess them in rigorous studies.
Brain training companies will often cite positive benefits of their applications, but evidence that
they improve untrained cognitive functions is limited, especially in ageing populations. Papers

and reviews have made a number of methodological recommendations to combat issues from
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study design and individual differences. There is a need for robust studies with randomised
samples, active control conditions that can control for motivation and placebo effects, and large
enough test batteries to assess improvements across cognitive functions, rather than just to the

task or measure.

1.3 Thesis aims

Ageing is associated with changes across the body and throughout the brain. This
chapter has detailed how ageing leads to declines in cognitive functioning, as well as changes
to physical, mental, and serological health, and how they relate to cognition. These changes are
intrinsic; they interact with one another and therefore require thorough investigation. What is
missing in the literature is research that investigates the interactions between these aspects of
health, doing so using person-centred approaches that can identify relationships between
variables. This introduction has also shown that there is some evidence that computerised
cognitive training can benefit cognitive performance (Ball et al., 2002), with some evidence
that it can transfer to wider cognitive abilities (Karbach & Verhaeghen, 2014). The literature
surrounding commercial brain training programmes is less conclusive and highly controversial,
with many inconsistencies in the field that need addressing (Simons et al., 2016). There is
therefore a need for robust research that overcomes the limitations identified in previous

research, to thoroughly assess the effectiveness of brain training programmes.
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Two original aims of this thesis (which can be viewed visually in Figure 1) were as
follows:
o Establish the relationship between cognitive, mental, physical, and serological markers
of health, in a cross-sectional sample of healthy older adults (Chapter 3)
e Determine the efficacy of a commercially available computerised brain training
programme on cognitive performance in a sample of healthy older adults, in a three-

month randomised and controlled intervention design (Chapter 4)

We had originally planned to study potential long-term benefits of the brain training
programme in a follow-up session three months post-intervention. However, as a result of the
COVID-19 pandemic, all human-based research was paused, which caused a delay of the
intervention. Because of time restrictions, the original third aim of this research was not
possible. COVID-19 restrictions were ongoing during 2020 and 2021, and at the time, very little
research had been published on how COVID-19 could affect older adults. Therefore, the
research plan was adapted to explore the impact of COVID-19 restrictions on older adult

wellbeing, using an online questionnaire-based design.

1.3.1 The COVID-19 pandemic

The COVID-19 pandemic had a marked and drastic impact on the lives of billions of
people across the world. Older adults were impacted significantly by the disease; they are more
vulnerable to serious illness and complications due to the virus and accounted for 9 out of 10
deaths at the height of the first lockdown in the UK in 2020 (ONS, 2020b). As such, they were
a vulnerable population who were instructed to stay at home and reduce social interactions for

longer than many.
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A wealth of research has now been published on the effects of the COVID-19 pandemic
on mental and physical wellbeing across the lifespan. Social distancing and stay-at-home
guidelines were put in place to protect the public, especially vulnerable populations (including
older adults). This led to a significant reduction in physical activity or movement for all ages,
subsequently increasing sitting time and sedentary behaviour and declining fitness levels
(Oliveira et al., 2022). This undoubtably reduced the risk of older adults catching the virus, but
it potentially harmed their psychological wellbeing (M. L. Smith et al., 2020). There were some
ways to mitigate potential negative effects; research has shown that older adults who maintained
levels of physical activity during COVID-19 lockdowns and social distancing guidelines
reported fewer depressive symptoms (Callow et al., 2020) and more resilience (Carriedo et al.,
2020). Similarly, those that co-habited with others rather than lived alone, and those that
reported higher levels of social support, reported fewer loneliness symptoms (Groarke et al.,

2020).

There has been a large focus on the impact of the pandemic on mental wellbeing. Studies
show differing patterns with how older and younger adults were affected; for example, some
research suggests older adults displayed smaller increases in rates of depression and anxiety
compared to young adults and adolescents (Garcia-Portilla et al., 2020; Gonzalez-Sanguino et
al., 2020). Nevertheless, older adults have seen significant changes to mental wellbeing. In
England, a study with a large representative sample of older adults (N=5,146) reported
significant deteriorations in depression, loneliness and quality of life symptoms at multiple
times during the pandemic (Zaninotto et al., 2022). The researchers reported that depression
symptoms saw the steepest increase, with a probability of depression rising from 12.5% before

the pandemic to 28.5% at the end of 2020. Interestingly, the study showed that prevalence of
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anxiety did not rise as much as depression or loneliness, rising from 9.4% to 10.9% from the
first to second lockdown in 2020, but the effect was still significant. Researchers found
significant sex differences too, with females reporting worse mental health symptoms for

depression, loneliness, and anxiety (Zaninotto et al., 2022).

Cognitive decline during the pandemic is arguably under researched compared to
changes to physical and mental health. This is surprising, given that research shows both mental
wellbeing and physical health (which we know were affected by the pandemic) also relates to
cognitive function. For example, as mentioned, physical exercise can reduce the risk of brain
ageing (Ahlskog et al., 2011), and more social activity is associated with better global cognition
(Kelly et al., 2017). However, arguably, cognition was more difficult to assess during the
pandemic; for example, during lockdowns, healthcare professionals had to adapt cognitive
assessments to telephone or video measures, meaning cognitive performance was more difficult

to assess (Hantke & Gould, 2020).

Despite this, some research investigated changes to cognitive health in older adults
during COVID-19. Pre-pandemic research shows that social isolation is predictive of cognitive
decline in older adults (Lara et al., 2019), and with extended periods of social distancing, it is
easy to imagine the pandemic having an effect. However, not all research implies this. One
large scale study only found 8% of older adults reporting a decline in cognitive wellbeing during
the pandemic, and these results were particularly related to depression symptoms (De Pue et
al., 2021). Another study reported only 5.7% of healthy older adults developed cognitive
impairment during the pandemic, a result partially mediated by whether participants were

socially isolated (Noguchi et al., 2021). However, this longitudinal study was only over six
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months (March to October 2020), and cognitive impairment was measured through subjective
self-report questionnaires. Using more objective cognitive measures, one longitudinal study
compared cognitive decline pre-pandemic to during pandemic in non-cognitively impaired
older adults (at baseline) and found that the rate of cognitive decline was significantly steeper
compared to pre-pandemic (Amieva et al., 2022). This has been corroborated in a recent study
of participants with dementia which also found steeper declines in cognition (as measured by
the mini mental state examination; MMSE) during the pandemic compared to before the

pandemic (Matsui et al., 2023).

One alternative way of thinking about cognition during the pandemic is to look at
subjective cognitive concerns. Concern or anxiety about COVID-19 is well-reported, with older
adults reporting more COVID-19 concerns than their younger counterparts (Hyland et al.,
2020). Similarly, older adults may worry about cognitive decline. Also termed dementia worry,
this refers to the amount that older adults worry about developing cognitive impairment or
dementia, and is widespread in older adult populations (Bowen et al., 2019). Worrying about
cognitive decline has been associated with an increase in mental health symptoms such as stress
and depression (Cutler & Bragaru, 2017) and even with poorer executive function performance
(Caughie et al., 2021). Therefore, even if measuring memory concerns are often subjective
rather than objective, they may indicate underlying mental health problems and poorer

cognitive ability.

Although some research argues older populations were less negatively impacted than

younger (Garcia-Portilla et al., 2020), it is clear that this population was affected physically

(Oliveira et al., 2022), cognitively (Amieva et al., 2022), and mentally (Zaninotto et al., 2022).
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It felt appropriate to investigate this during the pandemic to assess how older adults fared in

terms of their mental wellbeing, health behaviours and worries about their cognitive health. At

the time of data collection, little had been published on the effects of the COVID-19 pandemic

on older adult health, in particular on subjective cognitive concerns. Therefore, to replace the

original third aim, the first empirical chapter in this thesis (which can be viewed visually in

Figure 1) is as follows:

e Investigate the cognitive, mental, and physical wellbeing in older adults during the

COVID-19 pandemic via an online survey (Chapter 2)

Chapter 2. Cross-sectional analysis of
health in older adults during COVID-19

Total

Female | Male

191

114 77

COVID-19 measures
Questionnaire for
assessing the impact of
the COVID-19 pandemic
and accompanying
mitigation efforts on
older adults (QAICPOA)

Cognitive measures
Cognitive health worries

Mental health measures
Depression (PHQ-9)
Anxiety (GAD-7)
Loneliness (UCLA-3)
Social network (LSNS-6)

Physical wellbeing

measures

- Fatigue (MFI-20)
Physical activity (IPAQ-E)
Subjective Vitality Scale
Quality of life
Sleep satisfaction

Chapter 3. Cross-sectional analysis of physical, mental, serological, and cognitive health in healthy

older adults using latent profile analysis

i
<

Female | Male
68

Total

109
£
82

Cognltlve measures
Working memory (DSF, N-back)
Processing speed (CRT, LC)
Attention (ANT)
Language (Tip-of-the-tongue)
Montreal Cognitive Assessment

Mental health measures
Depression (PHQ-9)
Anxiety (GAD-7)

Loneliness (UCLA-3)

Physical functioning

measures
Grip strength
Gait and balance (TUG, STS)
Cardiorespiratory fitness
(MET)

Markers of serological
health
Interleukin-6 (IL-6)
Brain-derived neurotrophic
factor (BDNF)

Chapter 4. Cognitive benefits of three-month cognitive training vs active control group: a

randomised controlled intervention study

Total | Female | Male

99 61 38

Cognltlve measures
Working memory (Forward
Digit Span, N-back)

- Processing speed (Choice
RT, Letter Comparison)

- Attention (ANT)

- Language (Tip-of-the-
tongue)

Intervention
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Figure 1.1. Graphical representation of empirical chapters within this thesis
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CHAPTER 2 - COGNITIVE HEALTH
WORRIES, REDUCED PHYSICAL
ACTIVITY AND FEWER SOCIAL

INTERACTIONS NEGATIVELY IMPACT
PSYCHOLOGICAL WELLBEING IN
OLDER ADULTS DURING THE COVID-
19 PANDEMIC
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2.1 Abstract

The Coronavirus pandemic has significantly affected psychological wellbeing in older
adults, with cases of depression, anxiety and loneliness rising in the general population.
Cognitive health has also potentially been affected, as social isolation can lead to cognitive
decline. Worrying about cognitive health can be damaging to psychological wellbeing and is
especially relevant to explore in the context of the Coronavirus pandemic. The objective of the
present study was to explore the associations between cognitive health worries and wellbeing,
and to investigate whether physical activity and social contact can mitigate negative effects of
the pandemic on psychological wellbeing. Older adults (N=191, 114 female, Mage 70.5, SD
6.4) completed an online survey which included measures of cognitive health worries,
depression, anxiety, loneliness, social isolation, fatigue, impact of the Coronavirus pandemic,
quality of life, subjective vitality, and physical activity. Analyses indicated that cognitive health
worries, lower levels of physical activity and smaller amounts of social interaction were
associated with poorer psychological and physical wellbeing. Results showed that worrying
about cognitive health is associated with poorer wellbeing, and so interventions are needed to
encourage positive cognitive functioning in times of social isolation. Promoting physical
activity and social interaction is also beneficial, as results show that exercise and social contact

are linked with improved wellbeing.

2.2 Introduction

The ongoing Coronavirus (COVID-19) pandemic has had a profound effect on peoples’
lives across the world. Older adults in particular are more at risk of serious illness, further

complications, and death as a result of COVID-19; over 65s account for more than 9 out of 10
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COVID-19 related deaths in the United Kingdom (ONS, 2020b). As such, older adults were

some of the first people to be advised to stay at home, ‘shielding’ themselves from the disease.

While this social isolation may have protected them from COVID-19, it directly
disrupted activities that many older adults take part in, such as seeing family or friends,
volunteering, and everyday physical exercise routines. Shielding and social distancing has
undoubtedly protected older adults from catching the virus, but the resulting social isolation has
potentially harmed their physical and psychological wellbeing (M. L. Smith et al., 2020).
Furthermore, extended periods of isolation are known to harm cognitive health (Lara et al.,
2019) and worrying about cognitive decline can be common in older populations (Bowen et al.,

2019).

Research completed during the pandemic shows a significant impact on psychological
wellbeing; rates of depression and anxiety are reported to be between 16-28% of the general
population (Rajkumar, 2020). The percentage of UK adults reporting moderate or severe
symptoms of depression has almost doubled from July 2019 (9.7%) to June 2020 (19.2%), with
12.9% of adults reporting that these symptoms developed during the pandemic (ONS, 2020a).
Social isolation appears to be a contributing factor to poor mental health, with the prevalence
of loneliness now at 27% of the population (Groarke et al., 2020). Those who are especially
socially isolated seem to be the worst affected; one study found that older adults who live alone
were twice as likely to report symptoms of loneliness, and that when shielding (staying at home
and minimising face-to-face contact with others), 50% reported a decline in quality-of-life, and
40% a decline in mobility (Bailey et al., 2021). Higher loneliness scores have been found to

correlate positively with symptoms of depression and anxiety (Robb et al., 2020), and another
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study found that increased loneliness scores predicted scores of depression in older adults
(Krendl & Perry, 2021). Sleep also seems to be related; research showed that in older adults
during lockdown, sleep problems were associated with higher COVID-19 related loneliness
Grossman et al. (2021). Research has similarly found that physical activity levels decreased in
older adults during the COVID-19 pandemic, and that a decline in physical activity along with
a change in sleep quality, significantly predicted a decline in psychological wellbeing (Trabelsi

et al., 2021).

Recent research has looked at possible protective factors that might limit these negative
effects. Physical activity is associated with better psychological wellbeing (Deslandes et al.,
2009). This has continued during the pandemic: older adults who managed to meet the
recommended guidelines for physical activity during the pandemic reported fewer depressive
symptoms and higher positive affect compared to those who did not meet guidelines (Carriedo
et al., 2020). Social contact is known to be another protective factor in both mental (Schwartz
& Litwin, 2019) and cognitive (Crooks et al., 2008) health. Co-habiting and living with other
people seem to help psychological wellbeing, particularly loneliness (Groarke et al., 2020). It
is evident that staying physically active helps to mitigate some of the negative mental health
effects of social isolation during the pandemic. Similarly, regular contact with loved ones
appears to be a buffer against declines in psychological wellbeing. In this sense, older adults
can still feel connected socially, despite following social distancing measures (Damiot et al.,
2020). The present study aimed to investigate the benefits of physical activity and social contact

on psychological wellbeing, in a sample of older adults during the COVID-19 pandemic.
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Being concerned about the pandemic, termed ‘COVID-related anxiety’ (Shevlin et al.,
2020) may also have an impact on psychological wellbeing and social isolation. Compared to
younger participants, older adults report higher levels of anxiety about COVID-19 (Hyland et
al., 2020; Shevlin et al., 2020), and higher levels of COVID-related anxiety have been shown
to be predictive of poorer psychological wellbeing in a sample of 18—49-year-olds (Aslam et
al., 2021). This poorer mental wellbeing can be counteracted by physical activity, emphasising
the benefits of keeping physically active in the pandemic (Wright et al., 2021). However, to our
knowledge, there is no research looking at the effects of COVID-related anxiety on

psychological wellbeing in adults over 60.

We know that in older adults there is a natural decline in cognitive functioning (e.g.,
Salthouse, 2010). However, this decline can be moderated by lifestyle factors such as physical
activity (Cheng, 2016) and social interaction (Bzdok & Dunbar, 2020; Kuiper et al., 2015).
Accurate measures of cognitive ability are more difficult to obtain in online or remote
psychological studies. However, remote versions of validated cognitive tools, such as the
telephone version of the Mini-Mental State Examination, have been used for some time and
have been utilised specifically during the pandemic to the same success as in-person versions

(e.g., Quattropani et al., 2021).

Other studies conducted during the pandemic have explored self-reported memory
complaints as a way of reporting cognitive functioning. Only a small percentage of older
participants (8%) report that their cognitive functioning had declined as a result of COVID-19
(De Pue et al., 2021), with another study finding that while young participants’ subjective

memory complaints have increased compared to pre-pandemic, older adults were low and
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remained stable (Fiorenzato et al., 2021). A mediating factor may be the amount of social
isolation participants report. A recent longitudinal study found that older adults who were
isolated both before and during the pandemic, and older adults who became isolated as a result
of the pandemic, were significantly more likely to self-report cognitive decline compared to
those that remained non-isolated (Noguchi et al., 2021). These subjective declines in cognitive
functioning due to the pandemic appear to have a significant relationship with depression (De
Pue et al., 2021; Fiorenzato et al., 2021) and anxiety (Fiorenzato et al., 2021) symptoms,
indicating that those who are worried about their cognitive abilities may be concerned to the

point of it impacting their psychological wellbeing.

An alternative way to think about cognitive health may be to look at self-reported
worries about brain health. These cognitive health worries have mainly been used in the context
of developing dementia, otherwise known as ‘dementia worry’. Dementia worry can be
widespread in the general population, ranging from 26-60% of reported populations (Bowen et
al., 2019; Kessler et al., 2012), and can be exacerbated further by genetic exposure to dementia
(G.J. Lee et al., 2020). Interestingly, research shows a reverse-U shaped relationship with age,

with dementia worry peaking at 70 years old (Bowen et al., 2019).

Cognitive health worries have been associated with poorer psychological wellbeing. A
study exploring worries about cognitive functioning and concerns about developing dementia
found that participants who were more concerned about their cognitive health had higher levels
of depression and stress, and poorer life satisfaction scores (Cutler & Bragaru, 2017).
Participants who worry about developing dementia tend to report poorer cognitive functioning

(Cutler & Hodgson, 1996), and high scores of dementia worry have been linked to poorer
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cognitive functioning, shown by significantly lower scores of executive functioning (Caughie
et al., 2021). While asking participants if they are worried about their cognitive health does not
objectively measure cognitive ability, it does relate to cognitive performance and can negatively

impact psychological wellbeing (Caughie et al., 2021; Cutler & Bragaru, 2017).

These cognitive health worries have yet to be explored in the context of the pandemic.
As mentioned above, extended periods of social isolation can lead to cognitive decline (Lara et
al.,2019; Noguchi et al., 2021; Yu et al., 2021) and so it may be reasonable to theorise that these
cognitive worries have increased in the last 12 months. Older adults are hesitant to return to
their normal day-to-day lives (Age UK, 2020a) and this extended isolation could lead to further

declines in cognitive and psychological wellbeing.

The first aim of the current study was to examine whether cognitive health worries were
associated with poorer psychological and physical wellbeing in older adults during the COVID-
19 pandemic. A second aim was to corroborate previous findings conducted during the
pandemic, specifically that greater levels of physical activity and social contact are associated
with better mental health. A final aim was to expand research into COVID-related anxiety and

its impact on wellbeing.

We hypothesised that first, worrying about one’s cognitive health would have a
significant negative association with psychological and physical wellbeing. Second, we
hypothesised that higher levels of physical activity and social contact would be significantly
correlated with better psychological wellbeing. Finally, we hypothesised that concern about

COVID-19 would have a negative association with psychological wellbeing.
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2.3 Methods
Participants

A total of 191 participants (75 male, 114 female, 2 prefer not to answer), recruited
through social media, local community groups, and word of mouth, completed the entire
questionnaire. A further 51 participants started the questionnaire but did not complete all
questions and were therefore not included in the present analyses. All participants were over 60
years of age and lived in the UK, with a mean age of 70.5 years (SD 6.4, age range 60-88). The
majority (N=183) identified as White, married (N=141) and described their living arrangements

as living with a partner or spouse (N=126). Full demographics are shown in Table 2.1.

Procedure

The study was approved by the Science, Technology, Engineering, and Mathematics
(STEM) Ethical Review Committee for the University of Birmingham (Ethics Approval
Number: ERN_19-1176). Data was collected between February and April 2021, at a time where
the UK was in its third national lockdown, with restrictions beginning to ease from March
(Cabinet Office, 2020). All participants accessed the online questionnaire (hosted on
SmartSurvey) and gave electronic informed consent before completing the study, following

ethical guidelines outlined by the British Psychological Society.
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Table 2.1. Demographic information

Demographic category

Frequency Percentage

Education level

Primary school 4 2.1
GCSEs, O Levels or equivalent 41 21.5
A-Levels or equivalent 26 13.6
University undergraduate programme (e.g., BSc, BA) 54 28.3
University postgraduate programme (e.g., MSc, MA) 54 28.3
Doctoral degree (e.g., PhD) 4 2.1
Other 7 3.7
Prefer not to answer 1 0.5
Ethnicity
White 183 95.8
Mixed/Multiple Ethnic groups 3 1.6
Asian Chinese/Asian Indian/Asian Pakistani or 1 0.5
Bangladeshi/Asian Other
European 1 0.5
Prefer not to answer 3 1.6
Marital status
Married 141 73.8
Widowed 20 10.5
Divorced 15 7.9
Single (never married) 11 5.8
Legally separated 2 1.0
Prefer not to answer 2 1.0
Living arrangements
Live with partner or spouse 126 66.0
Live with family members 28 14.7
Live alone 25 13.1
Live alone but part of a support bubble * 11 5.8
Prefer not to answer 0.5

Note: * — a support bubble in this instance referred to the UK Government definition of the
term, in which those who lived alone were allowed to form a ‘bubble’ with another household
to ease the negative effects of isolation (Department of Health and Social Care, 2020).
Materials

The following measures were included in the study:
Questionnaire for assessing the impact of the COVID-19 pandemic and accompanying
mitigation efforts on older adults (QAICPOA)

The QAICPOA (Cawthon et al., 2020) is a newly developed questionnaire that aims to

assess the impact of the COVID-19 pandemic on the lives of older adults. It is formed of 17
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questions, including the UCLA 3-item loneliness scale (Hughes et al., 2004) which is described
in more detail below. The QAICPOA includes items on COVID-19 diagnosis and symptomes,
actions taken in response to the pandemic (e.g., social distancing measures) and changes to
frequency of communication with others. In addition to this questionnaire, we asked
participants if they had received a COVID-19 vaccine, and if so, how many and when their last

vaccination was.

Cognitive health worries

To establish levels of cognitive health worry, participants were asked the question ‘Are
you worried about your cognitive health (abilities such as remembering things, communicating,
doing and planning simple tasks)?’. This question used ‘Yes, a lot’, ‘Yes, a little’, ‘Not really

worried’ and ‘Not at all worried’ as potential answers.

Multidimensional Fatigue Inventory (MFI-20)

The 20-item MFI (Smets et al., 1995) was used to assess five different aspects of fatigue:
general fatigue, mental fatigue, physical fatigue, reduced activity, and reduced motivation.
Items such as ‘I feel fit’ and ‘I tire easily’ are rated on a scale from 1 — “Yes, that is true’ to 5 —
‘No that is not true’. Scores can range from 5-20 per aspect of fatigue (possible total value of
100) with a higher score indicating higher levels of fatigue. Scores were calculated for each
subscale, recoding negatively formulated items, giving five scores per participant. The scale

has been shown to be a valid measure of fatigue (Smets et al., 1995).
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Subjective Vitality Scale

The six-item version of the Subjective Vitality Scale (Ryan & Frederick, 1997) was used
to measure levels of vitality. Respondents are asked to rate how true they believe statements to
be in their general lives. Each item (for example ‘I have been feeling alive and vital” and ‘I
nearly always feel alert and awake’) is rated on a six-point scale (from 1 — not at all true to 6 —
very true). Scores are added up (out of 36) and calculated as an average of the six questions,
with the highest score being 6. The scale demonstrates good levels of reliability in reported

populations (Castillo et al., 2017). Higher scores indicate higher subjective vitality.

Patient Health Questionnaire-9 (PHQ-9)

The PHQ-9 (Kroenke et al., 2009) is a nine-item questionnaire assessing symptoms of
depression. Participants are asked ‘Over the past 2 weeks, how often have you been bothered
by any of the following problems?’. Participants then score statements, such as ‘Feeling down,
depressed, or hopeless’ or ‘Poor appetite or overeating’ on a 4-point scale ranging from 0 — ‘Not
atall’, to 3 — “Nearly every day’, resulting in a possible score of 27. Higher scores indicate more
depressive symptoms. Scores of 5, 10, 15 and 20 indicate mild, moderate, moderate-severe, and
severe depressive symptoms, respectively (Urtasun et al., 2019). It has been validated in clinical

settings (Gilbody et al., 2007) and the general population (Martin et al., 2006).

Generalised Anxiety Disorder-7 (GAD-7)

The GAD-7 (Spitzer et al., 2006) is a seven-item questionnaire on anxiety symptoms. It
asks participants to rate how often in the past 2 weeks they have been bothered by the following
problems. Items such as ‘Not being able to stop or control worrying’ or ‘Becoming easily

annoyed or irritable’ are scored on a 4-point scale from 0 — ‘Not at all’, to 3 — ‘Nearly every
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day’, giving a possible score of 21. Higher scores indicate higher levels of anxiety, with cut off
points of 5, 10, and 15 indicating mild, moderate, and severe anxiety, respectively (Spitzer et
al., 2006). The scale shows high validity and reliability when used with the general population

(Lowe et al., 2008).

UCLA 3-item Loneliness scale (UCLA-3)

The UCLA-3 (Hughes et al., 2004) was included to measure levels of loneliness. The
three included questions, ‘How often do you feel that you lack companionship?’, ‘How often
do you feel left out?’, and ‘How often do you feel isolated from others?” were taken from the
original, non-abbreviated scale (Russell, 1996) and have good internal consistency (Hughes et
al., 2004). The questions are scored on a 3-point scale ranging from 1 — ‘Hardly ever’ to 3 —
‘Often’, giving a maximum score of nine. A score of six or above has been used to classify

participants as ‘lonely’ (Steptoe et al., 2013).

Lubben Social Network Scale (LSNS-6)

The LSNS-6 (Lubben et al., 2006) is a 6-item questionnaire that measures social
isolation in older adults by quantifying the frequency of social contact the respondent has from
both friends and family, and the perceived support they get from these interactions. Questions
include ‘How many relatives do you see or hear from at least once a month?’ and ‘How many
friends do you feel at ease with that you can talk about private matters?’. Each item is scored
from 0 — ‘None’, to 5 — ‘Nine or more’, with a score of 12 or fewer indicating respondents being
possibly at-risk of social isolation. The scale has been validated in older populations (Lubben

et al., 2006).
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Quality of life and sleep

Participants were asked ‘How would you rate your quality of life?’ (rated on a 5-point
Likert from 1 — “Very poor’ to 5 — ‘Very good’), taken from the World Health Organisation
Quality of Life Questionnaire (WHO, 2012), and ‘How would you rate your quality of sleep
overall?’ (rated on a 5-point Likert from 1 — “Very poor to 5 — “Very good) taken from the

Pittsburgh Sleep Quality Index (Buysse et al., 1989).

The International Physical Activity Questionnaire modified for the elderly (IPAQ-E)

The TPAQ-E is a modified short version of the International Physical Activity
Questionnaire (Craig et al., 2003). Participants are asked how often in the last week they spent
sitting, walking, doing moderate physical activity and doing vigorous physical activity.
Answers were given in days, and more specifically hours and minutes. Scores were converted
into a continuous score of total MET (metabolic equivalent) per week as per scoring guidelines
(Forde, 2018). Both the original IPAQ and the IPAQ-E have shown good levels of validity in

reported populations (Hurtig-Wennlof et al., 2010; Rubio Castafieda & Aznar, 2017).

Data Reduction and Analysis

In addition to the measures above, we asked participants about their sitting activities,
pain levels, sleep satisfaction and duration, health satisfaction, and information on social
interaction and language use while doing physical activity. However, these measures were not
included in the present analysis. Further questions about perceived cognitive health, including

data on current and previous use of cognitive training methods, were also excluded.
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Data were analysed using SPSS v26. Independent one-way ANOVAs were conducted
to examine differences in wellbeing measures across levels of cognitive health worry. Next,
Pearson correlations were conducted to look at relationships between all continuous variables
(measures of depression, anxiety, loneliness, social isolation, age, fatigue, subjective vitality,
physical activity). Kruskal-Wallis tests were completed to examine differences in loneliness
scores across living arrangements, and to examine the differences between COVID-19 concern

and wellbeing measures.
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2.4 Results

Cognitive health worries

In total, 2 (1%) participants were worried a lot about their cognitive health, 46 (24.1%)
were a little worried, 73 (38.2%) were not really worried and 70 (36.6%) were not at all worried.
For analysis and in all future reference to this question, ‘Yes, a lot” and ‘Yes, a little” were

recoded into one group (“Yes, worried’).

A series of independent one-way ANOVAs using cognitive health worries as the
independent variable (groups being ‘Yes, worried’, ‘Not really worried” and ‘Not at all
worried’) were conducted to investigate differences in wellbeing. Significant group differences
were found in scores for depression, anxiety, general fatigue, subjective vitality, loneliness,
sleep quality, and quality of life. Physical fatigue, reduced activity, mental fatigue and reduced
motivation (subsets of the MFI-20) are not included in this reported analysis, but all had similar
significant group differences. Results, including individual group differences, are summarised
in Table 2.2. Overall, participants who were worried about their cognitive health had poorer
psychological wellbeing, were more fatigued, and less satisfied with sleep, health, and quality

of life. Tukey post-hoc analyses were completed for all significant results (see Table 2.2).
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Table 2.2. Mean (SD) wellbeing outcomes for different groups of cognitive health worries
and results of one-way ANOVA

Cognitive health worries

Yes, worried Not really Not at all
Outcome measure (N=48) worried (N=73) worried (N=70) F-value P-value
Depression (PHQ-9) 5.87 (4.79) 3.454.10) 4 1.58 (2.39) a0 18.13 <.001
Anxiety (GAD-7) 4.29 (4.36) 242 (3.29) . 0.99 (2.19) a,» 14.36 <.001

General fatigue (MFI-20)!  12.26 (4.15)  10.24 (4.27) 4 7.83 (3.63) b 17.68 <.001
Subjective vitality (SVS)  3.18 (1.24) 3.75(1.21), 4.70 (1.26) a,b 23.26 <.001

Loneliness (UCLA-3) 519(1.89)  4.45(1.63). 4.03 (1.55) 4 6.81 001
Sleep quality 3.13(1.00)  3.33(1.00) 3.72(0.80) 0 6.41 002
Quality of life 3.63(0.73)  3.95(0.83) 4.16(0.83) 6.18 003

Note: Data presented as mean (SD). DF = 184, 2. Statistical analyses were conducted using a
one-way ANOVA. a — significantly different from ‘Yes, worried’ group, b — significantly
different from ‘Not really worried’ group.

Table 2.3. Descriptive statistics for variables

Variable Possible scores Mean (SD)
Age 60-88 70.56 (6.41)
Sleep quality 1-5 3.42 (0.96)
MFI General Fatigue 4-20 9.84 (4.36)
MFI Physical Fatigue 4-20 9.72 (4.61)
MFI Reduced Activity 4-20 9.30 (4.32)
MFI Mental Fatigue 4-20 7.83 (3.77)
MFI Reduced Motivation  4-20 7.67 (3.14)
SVS 1-7 3.96 (1.37)
PHQ-9 0-27 3.37 (4.10)
GAD-7 0-21 2.38 (3.50)
UCLA-3 0-9 4.48 (1.72)
LSNS-6 0-30 16.70 (4.98)
IPAQ-E total MET - 2871.18 (2657.74)
Sleep quality 1-5 3.42 (.96)
Quality of life 1-5 3.94 (.83)

Psychological and physical wellbeing
The sample mean scores for the wellbeing questionnaires are reported in Table 2.3.
Using clinical cut-off points mentioned above, 51 participants (26.8%) classified as lonely, and

41 (22.3%) participants were at risk of social isolation. Forty-four (23.5%) participants had
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mild depression, 8 (4.3%) moderate and 4 (2.1%) moderate-severe depression, while 27

(14.4%) scored mild anxiety, 10 (5.4%) moderate, and one (0.5%) severe anxiety.

Pearson correlations were run on all continuous variables (see Table 2.4). A Bonferroni
adjusted alpha level of .00125 was used. Overall, psychological wellbeing (depression,
loneliness and anxiety) was negatively correlated with physical activity, sleep quality and social
network, and positively correlated with fatigue. More physical activity (in the IPAQ-E) was
negatively correlated with all five facets of fatigue and depression (all p <.001), and positively
correlated with subjective vitality. The size of social network was negatively correlated with
loneliness and depression (p <.001), with bigger social networks being better for psychological
health. Sleep quality was negatively correlated with fatigue, depression, and anxiety, and

positively correlated with subjective vitality (all p <.001).

To further investigate the associations between loneliness and social isolation and
wellbeing, participants were recoded into three groups of living arrangements: living alone
(N=25), living alone but in a support bubble (N=11) and living with others, including family,
spouses, etc. (N=154). Because participant numbers were uneven across groups, a Kruskal-
Wallis test was performed. Using living arrangements as the independent variable, the test
revealed a significant difference between groups in scores of loneliness, ¥*(2) = 16.46, p =
<.001. Post-hoc Dunn comparisons (using a Bonferroni adjusted p-value of 0.017) revealed that
scores on the UCLA-3 item loneliness scale were significantly lower for participants who lived
with other people (Mdn = 4) compared to those who lived alone (Mdn =5, p = 0.007) and those
who lived alone but were in a support bubble (Mdn = 5, p = 0.009). No significant difference

was found between participants who lived alone and those who were part of a support bubble
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(p = .464). No other significant differences in psychological wellbeing scores were found (all p

> .05).

COVID-19 concern

In answer to the question ‘How concerned are you about the COVID-19 pandemic?’
taken from the QAICPOA (Cawthon et al., 2020), five participants were ‘not at all concerned’,
81 were ‘somewhat concerned’ and 104 ‘very concerned’. Due to uneven group sizes, a non-
parametric Kruskal-Wallis test was completed to assess differences in groups. Using COVID-
19 concern as the independent variable, results revealed a significant difference for General
Fatigue (MFI-20) scores, y*(2) = 6.41, p = .041, but after adjusting for multiple comparisons it
was no longer significant. No significant differences were found in any other psychological

wellbeing measures (PHQ-9, GAD-7, LSNS-6, UCLA-3, SVS, MFI-20; all p-values > .05).
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Table 2.4. Correlation matrix and descriptive statistics for continuous variables

Age Sleep MFI SVS PHQ-9 UCLA- LSNS- IPAQ-E
quality  General 3 6 total
Fatigue MET
Age -
Sleep quality -.051 -
MFI General .146 -550**% -
Fatigue
SVS -.136 499%** -.623** -
PHQ-9 -.061 -.606**  667** -.645%*% .
GAD-7 -.101 -.389**  455%* - 491%*% 722 **
UCLA-3 -.086 -.162 297** - 432%*%  421%** -
LSNS-6 -.033 151 -.143 .193 - 258%* -299** .
IPAQ-E total -.044 215 -310%**%  337** -256%* -.011 .067 -

MET

Note: * p <.001. MFI Physical Fatigue, Reduced Activity, Mental Fatigue and Reduced
Motivation subscales are not included in this table, but all showed similar significant

relationships.
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2.5 Discussion

The present study investigated factors that are associated with wellbeing in the context
of the COVID-19 pandemic in a sample of older adults in the UK. The main aim was to establish
whether increased concern about cognitive abilities was related to poorer psychological and
physical wellbeing. We further aimed to corroborate previous research undertaken during the
pandemic that showed that higher levels of social contact and physical activity are associated
with better psychological and physical wellbeing. Our final aim was to establish whether
COVID-19 concern was associated with poorer psychological wellbeing. Our results showed
that cognitive worries were significantly related to poorer psychological and physical
wellbeing, while higher levels of physical activity and social contact were related to better
wellbeing scores. Results also showed that psychological wellbeing scores did not differ
between those that were very concerned about the COVID-19 pandemic and those that were

not or somewhat concerned.

Cognitive health worries

Out of our sample, 25.1% were at least somewhat concerned about their cognitive
health. This is consistent with previous studies that have reported dementia worry at 26-60% of
people in the population (Bowen et al., 2019; Kessler et al., 2012). Previous research has
associated dementia worry with poorer wellbeing in the form of depression, stress, and life
satisfaction (Cutler & Bragaru, 2017). Our results demonstrate that not only do cognitive health
worries relate to psychological health in the form of depression, anxiety, and loneliness scores,
but this extends to physical wellbeing. Participants who worried about their cognitive health
were significantly more fatigued and reported poorer sleep quality and poorer self-reported

quality of life.
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We have shown a clear distinction between those who are worried about their cognitive
health and those that are not, in terms of both psychological and physical wellbeing. Assuming
there is a causal relationship between cognitive health worries and psychological wellbeing,
finding ways of reducing these cognitive health worries will benefit wellbeing in this
population. For example, a modified cognitive behavioural therapy (CBT) programme has been
used successfully to reduce dementia worry in a sample of older adults (An et al., 2020), but it
did not include measures of wellbeing. A potential alternative could be a cognitive training
programme; hypothetically, improving cognitive functioning could lessen cognitive health
worries, if the participant believes that the cognitive training is working. While the present study
was not able to assess this due to the nature of the online study, a future cognitive training study
plans to investigate this further. By exploring how cognitive worries change after a cognitive
training programme and looking into how these relate to psychological and physical wellbeing,
we may be able to determine a causal link between cognitive training, cognitive health worries,
and wellbeing. We may also be able to determine whether cognitive worries are directly related
to cognitive performance. This is important given that subjective cognitive health worries do
not necessarily map onto objective cognitive performance. Some research has shown that
increased dementia worry is associated with poorer cognitive performance (Caughie et al.,

2021), but to our knowledge this has not been measured in an interventional design.

Physical activity and social interaction
Results show that participants who completed more physical activity reported
significantly lower depression and fatigue scores. Similarly, participants with bigger social

networks and had more regular contact with friends and family scored lower on depression and
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loneliness scales. This is in line with previous research conducted during the pandemic showing
positive associations of physical activity (Carriedo et al., 2020) and social contact (Groarke et
al., 2020) on mental health. Encouraging physical activity and social contact is therefore

beneficial to promote during periods of social isolation.

Clinical cut-offs would suggest that 29.9% of our population were mild to moderately-
severely depressed, 20.3% were mild to severely anxious, and that 26.8% classified as lonely
(Spitzer et al., 2006; Steptoe et al., 2013; Urtasun et al., 2019). This is consistent with rates of
mental health disorders in previous research conducted during the pandemic (Groarke et al.,
2020; Rajkumar, 2020). Loneliness scores did not significantly differ between participants who
lived alone and those that lived alone but were in a support bubble. Furthermore, both groups
had higher loneliness scores than those who lived with other people. This supports research
conducted during the pandemic that showed people who co-habit report lower levels of
loneliness (Groarke et al., 2020). It suggests that while support bubbles may be valuable for
some aspects of psychological wellbeing, they do not necessarily help to reduce feelings of
loneliness. Lockdown loneliness has become prevalent during the pandemic (Shah et al., 2020)
and so methods are needed to help combat this. Our results show that physical activity and
social contact are related to better wellbeing scores, so guidelines and programmes that
encourage physical activity with other people would be helpful to combat the negative effects

of social isolation.

COVID-19 concern
Concern about the COVID-19 pandemic was not related to any significant differences

in scores of psychological wellbeing scores; participants who were very concerned about the
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pandemic did not score higher on scores on anxiety or depression, as has been found previously
(Aslam et al., 2021). This could be due to several contextual factors. Recruitment took place
during easing of the UK lockdown (February to April 2021). While speculative, it may be that
our sample felt positive as cases and deaths in the UK were declining at the time of recruitment
(Riley et al., 2021), and only one participant reported to have been diagnosed with the virus.
Importantly, all participants had received at least one vaccine at the time of recruitment; recent
research has shown that participants who have had a COVID-19 vaccine show lower anxiety
and depression symptoms compared to before being vaccinated (Perez-Arce et al., 2021). As
all our participants had been vaccinated, we were not able to compare psychological wellbeing

symptoms to unvaccinated participants to confirm this hypothesis.

Limitations

The sample was primarily (95.8%) White. Black, Asian, and minority ethnic (BAME)
groups are disproportionately affected by COVID-19 and see higher rates of infection and death
(Iacobucci, 2020). Some disparities in mental health symptoms have already been found when
comparing BAME to White British individuals during the pandemic, particularly for men (Proto
& Quintana-Domeque, 2021). Future research could focus on older adult BAME communities

to see whether these disparities remain.

Second, the sample size was relatively low compared to some large-scale studies
investigating wellbeing in the pandemic (e.g., Robb et al., 2020; Shevlin et al., 2020), and we
did not achieve the full number and representation of participants that we were originally aiming
for. Approximately 20% of participants (51) were removed from our analysis due to incomplete

survey responses, in an effort to reduce the risk of bias on results. Furthermore, our sample
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included a low number of oldest-old (80+ years) participants compared to youngest-old.
Research has shown that in a sample of adults over 50, the risk of reporting worsening
depression and anxiety symptoms as a result of the pandemic decreases with age, in that
youngest-old participants report poorer wellbeing compared to oldest-old (Robb et al., 2020).
Future research would benefit by examining age differences in psychological wellbeing in older

adults during the COVID-19 pandemic, in a large, representative sample.

Finally, the study is cross-sectional, meaning that inferences cannot be compared over
different time points. Recruitment took place almost 12 months into the pandemic, by which
time the UK had gone through three national lockdowns. However, when recruitment started,
the UK Governments ‘roadmap’ out of lockdown had been published (Cabinet Office, 2020),
restrictions were beginning to ease, and as mentioned above, cases were declining (Riley et al.,
2021). This period is associated with a general improvement in psychological wellbeing scores
in the UK general population, with scores fluctuating over time, coinciding with the number of
restrictions in place and the number of cases in the UK (Daly & Robinson, 2021). Comparing
findings with data collected when restrictions were toughest would be particularly interesting,

to see whether cognitive health worries follow the same pattern.

Conclusion

Results from the present study showed that cognitive health worries are associated with
poorer psychological and physical wellbeing, across a range of measures. We also found that
higher levels of physical activity and social contact are related to better psychological

wellbeing, supporting previous research conducted during the pandemic. Results appeared to
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show no association between COVID-19 concern and any wellbeing measures, though this may

be explained by vaccine status.

This research shows we need to continue to consider the role of regular physical activity
and social contact on wellbeing, especially in those populations that may feel uneasy about re-
entering society. It also highlights we need to focus resources on those who are worried about
their cognitive health. By encouraging activities that can enhance cognitive functioning,

perhaps we can lessen this concern.

Reflection on Chapter 2

This chapter was an adaptation of the original research plan due to the COVID-19
pandemic. It allowed my PhD research to continue, albeit remotely, and allowed me to gain a
grounding in the literature of an ever-changing topic. Findings showed that subjective
cognitive worries are associated with poorer psychological wellbeing. This links to Chapter 3,
where cognition is measured using computerised cognitive tasks. This means the link between
psychological wellbeing and cognition can be assessed more objectively. Results also showed
distinct associations between physical activity and social interaction on psychological
wellbeing. This is explored further in Chapter 3, which used a person-centred analytical
approach (compared to traditional, variable-centred approaches used in Chapter 2) to explore
whether there are subgroups within a population. Chapter 3 therefore expands on the findings
from the current chapter by delving deeper into the associations between cognition,

psychological wellbeing, and physical health.
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CHAPTER 3 - PROFILES OF PHYSICAL
FUNCTIONING, MENTAL WELLBEING,
AND INFLAMMATION IN HEALTHY
OLDER ADULTS, AND THEIR
ASSOCIATIONS WITH COGNITIVE
FUNCTION: A PERSON-CENTRED
APPROACH
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3.1 Abstract

The present study aimed to investigate age-related health changes using a person-
centred approach (latent profile analysis; LPA). LPA identified subgroups in a sample of 109
healthy older adults based on physical functioning, mental wellbeing, and serological markers
of health. MANCOVAs then established whether there were significant differences in cognitive
functioning between profiles. LPA indicator variables included physical functioning measures
(estimated cardiorespiratory fitness, grip strength, 8-foot up-and-go, 30-second sit-to-stand),
mental health questionnaires (depression, anxiety, loneliness), and serological markers of health
(IL-6 and BDNF). Analyses revealed three profiles: Optimally ageing, Challenged physical
health but good mental health, and Average physical health but challenged mental health. This
study then explored the associations between these functional and health outcomes with
cognitive function (working memory, processing speed, attention, and language functioning).
Despite not finding associations with cognitive function, the results suggest that subtle but
important differences in physical and mental wellbeing may be present in subpopulations of

older adults.

3.2 Introduction

Ageing is characterised by changes to physical function, mental wellbeing, serological
health, and cognition. Often, these changes are evaluated individually, however, this method
risks missing potential interactions between variables. In the present study, we investigate these
changes in a more holistic manner. We use a person-centred approach (latent profile analysis;
LPA) to group individuals with distinct characteristics and relationships between multiple

indicator variables. We included physical function measures, mental health questionnaires, and
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serological markers of health to establish the latent profiles in a sample of healthy older adults.
These profiles were then used to assess whether groups of healthy older adults, based on

physical function and health, are also characterised by different cognitive function outcomes.

Ageing is often associated with changes to physical functioning such as declines in gait
and mobility (Cruz-Jimenez, 2017). This can be indicative of fall risk (Hausdorff et al., 2001),
which affects a third of over 65s and 50% of over 80s (National Institute for Health and Care
Excellence, 2013). Grip strength has been proposed as a functional marker not only for overall
strength but also for a range of other factors, including cognitive function, bone density, and
quality of life (Bohannon, 2019). Physical activity also tends to decline with age, which is
associated with declines in mobility (Visser et al., 2002). Those who sustain higher amounts of
physical activity into later life are healthier overall (Hamer et al., 2014), with low levels of
physical activity being predictive of all-cause mortality, recurrent falls, cognitive decline, and

depression (Cunningham et al., 2020).

Several physiological markers have been suggested to contribute to the decline seen
with ageing. Low-grade systemic inflammation takes place, whereby levels of pro-
inflammatory markers increase with age. This is a process known as ‘inflammageing’ (Ferrucci
& Fabbri, 2018). Higher levels of inflammation (for example interleukin-6; IL-6) have been
associated with cardiovascular disease, cognitive decline, and mental health disorders (Ferrucci
& Fabbri, 2018; Kiviméki et al., 2014; Singh-Manoux et al., 2014). In particular for mental
wellbeing, high IL-6 has been related to increased symptoms of depression in older adults
(Baune et al., 2012). Inflammageing can partially be mediated by physical exercise, with

regular, moderate exercise leading to lower levels of inflammatory markers, in turn reducing
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negative effects of inflammation (Woods et al., 2012). Another serological marker known to
change with age is brain-derived neurotrophic factor (BDNF), a neurotrophic protein linked to
cognitive function (Walsh et al., 2020). BDNF levels decline with age and have been associated
with cognitive decline and mild cognitive impairment in older populations (Shimada,
Makizako, et al., 2014), as well as lower levels of BDNF being implicated in clinical depression
(Brunoni et al., 2008). Like IL-6 and other inflammatory markers, BDNF production can be
affected by physical activity, with aerobic exercise being associated with increased

concentrations of BDNF (Huang et al., 2014).

Ageing is not limited to physical changes; older adults also see changes to mental
wellbeing. Mental health symptoms are relatively common, with up to 25% of older adults
meeting diagnoses for depression (Age UK, 2016), and loneliness (Chawla et al., 2021).
Anxiety symptoms substantially increased during the recent COVID-19 pandemic, with 33%
of over 60s reporting higher levels of anxiety (Age UK, 2020b). However, while 50% of
younger adults with depression are referred to treatment, only 6% of older adults seeking
medical help receive the same referrals (Burns & Warner, 2015). Further, older adults are six
times more likely to be on medication for mental health problems but have five times fewer
opportunities for talking therapies such as cognitive behavioural therapy (Burns & Warner,
2015). Mental health problems are therefore arguably widely undertreated in older adult
populations. Further, there may be subtle differences in mental health symptoms in older
populations. Research often cites a lifelong ‘U-shaped’ pattern regarding experiences of mental
health symptoms, with depression levels declining from early adulthood and then rising again
into later life (Sutin et al., 2013). However, there can be individual differences, with a number

of protective factors (e.g., emotion regulation and a close social network) and risk factors (e.g.,
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activity curtailment after retirement and cognitive impairment) that affect an individual’s
likelihood of depression in later life (Fiske et al., 2009). Therefore, there may be more complex

patterns to investigate.

Another aspect related to ageing is a decline in cognitive function. Cognitive health
during ageing has been shown to be related to all factors mentioned above. Cognitive
performance, particularly poor executive functioning, has been linked with increased fall risk
and poor gait (Kearney et al., 2013), and overall cognitive functioning is improved in older
adults who maintain regular physical activity (Lautenschlager & Almeida, 2006). Similarly,
social isolation and poor mental wellbeing have been linked with age-related cognitive decline.
Particularly relevant due to the recent COVID-19 pandemic, social isolation and loneliness has
been associated with cognitive decline (Lara et al., 2019). Depression and anxiety are regularly
linked with cognition, both subjectively and objectively. Subjective worries about cognitive
wellbeing have been associated with poor mental health in older adults (Sutton et al., 2022),
and cognitive deficits are often a secondary symptom of depression (Austin et al., 2001), but
causation is unclear. There are arguments for cognitive impairment caused by anxiety and
depression as well as cognitive decline leading to co-morbid depressive or anxiety symptoms
(Beaudreau & O'Hara, 2008; Ganguli, 2009). Finally, high levels of inflammation and low
levels of BDNF are related to poorer cognitive health in both healthy older adults (Gunstad et
al., 2008; Yaffe et al., 2003) and clinically diagnosed cognitive impaired adults (Huberman et
al., 1995; Shimada, Makizako, et al., 2014). The present study assessed a wide range of
cognitive functions known to change with ageing, to investigate whether profiles established

using LPA may impact cognitive performance.
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The variables listed above encompass a wide range of changes that occur in ageing and
are intrinsically linked; however, few studies assess such a range of outcome measures using
person-centred approaches. The present study aimed to use latent profile analysis (LPA) to
identify relationships between variables in older adults, before assessing group differences in
cognitive functioning. LPA can be described as a person-centred approach that identifies
relationships between variables that might otherwise be missed in variable-centred approaches
such as ANOVAs. It works by analysing quantitative data, forming clusters or profiles based on
the distribution of data (Spurk et al., 2020). It assumes unobserved population heterogeneity,
that profiles can only be established by analysing the data and cannot be assumed a priori (Spurk
et al., 2020). Once profiles have been created, the profiles can be used to establish differences
between outcome variables. In short, once participants have been assigned a profile based on
probability of profile membership, these groups are used as categorical independent variables
in further statistical analyses. LPA has been used to group participants in a variety of settings,
from patient experience of care management (Wannheden et al., 2022), to physical exercise and
mental health (Park et al., 2017), and mindfulness and emotional outcomes (Pearson et al.,
2015). A relevant study to the present research is one that conducted LPA in an older adult
population using physical health measures as indicator variables, subsequently investigating
differences in mental health (Park et al., 2019). Their results demonstrated that the profile that
displayed better physical health also displayed fewer anxiety and depression symptoms
compared to the poorer physical health profile (Park et al., 2019). The present study will include
both physical and mental wellbeing measures into the LPA, extending it to also include
serological markers of health and subsequently investigating differences between profiles in

cognitive outcomes.
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The present study thus utilised a person-centred approach with a sample of healthy older
adults in a cross-sectional design. LPA was used to create profiles based on four measures of
physical function (estimated fitness, grip strength, 8-foot up-and-go, 30-second sit-to-stand),
three mental wellbeing questionnaires (depression, anxiety, loneliness), and two serological
markers of health (IL-6 and BDNF). Profiles were established by creating clusters (or profiles)
of people with similar scores on our indicator variables. This allows for a more holistic
approach, considering all variables and allowing the possibility of subgroups within a given
population. These profiles were then used to investigate differences in cognition, using a
comprehensive test battery of cognitive outcome measures known to change with age: working
memory (Forward Digit Span and N-back task), processing speed (Choice Reaction Time Task
and Letter Comparison Task), attention (Attention Network Task), and language functioning
(tip-of-the-tongue task). To our knowledge, no study has incorporated such factors into LPA
and further analysis. Our aims were exploratory in nature; first, to identify profiles using LPA
of physical functioning, mental wellbeing, and serological markers of health. Second, to apply
these profiles to investigate whether significant differences were present in terms of

performance on a range of cognitive tasks.
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3.3 Methods

Participants and study protocol

One hundred and nine participants were recruited and ranged in age from 60-84 years
old (M =70.8, SD = 5.52). Recruitment took place through existing participant databases and
social media advertisements. Demographics are shown in Table 3.1. Inclusion criteria was as
follows: over 60 years old, monolingual native English speaker, normal or corrected to normal
hearing and vision, able to walk short distances unaided, and up to date on COVID-19
vaccinations at the time of visit. Exclusion criteria was as follows: a diagnosis of cognitive
impairment (e.g., mild cognitive impairment, Alzheimer’s disease), a diagnosis of mental health
disorder (e.g., depression, anxiety), a diagnosis of dyslexia (specifically for the tip-of-the-
tongue task), or currently taking medication known to interact with cognitive function or
inflammation (e.g., medication for arthritis, anti-depressants). The Montreal Cognitive
Assessment (Nasreddine et al., 2005) was used to assess cognitive impairment. A revised cut-
off of 23 out of 30 (rather than 26 out of 30) has been found to provide fewer false positives for
mild cognitive impairment (Carson et al., 2018). No participants were excluded based on this

cut-off point.

All participants were screened on inclusion/exclusion criteria and gave written informed
consent before participation. The testing session took around two hours in total, and consisted
of computerised cognitive measures, followed by physical functioning assessments, an online
questionnaire with mental health measures and demographic information (age, gender,
ethnicity, highest educational qualification, postcode, and regular medication), and finally, a

blood sample. All measures were completed in one session, but breaks were available when
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needed. The study was approved by the University Ethics Committee (ERN_19-1176).

Participants received monetary compensation for their visit.

Table 3.1. Demographic information

N % Total

Gender

Female 68 62.4

Male 41 37.6
Ethnicity

White 105 96.3

Mixed/Multiple Ethnic Groups 2 1.8

Other 2 1.8
Highest educational qualification

GCSEs, O Levels or equivalent 8 7.3

A-levels or equivalent 23 21.1

University undergraduate (e.g., BSc, BA) 30 27.5

University postgraduate (e.g., MSc, MA) 23 21.1

Doctoral degree (e.g., PhD) 4 3.7

Other 20 19.3

Materials

Cognitive health: Working memory

Forward Digit Span: The Forward Digit Span task is a well-established measure of
working memory. In this task, participants were presented with a sequence of single digits (0-
9) one at a time, 1000ms apart, on a computer screen. Once the full sequence had been
presented, participants were asked to type the digits in the order they appeared using a computer
keyboard. Trials began with three digits, up to a possible ten-digit sequence, with three trials in
each level. Participants moved up a level if they correctly answered two out of three trials, and
the task automatically ended if there were two incorrect trials within a level. Maximal digit span
was taken from the last level participants completed two out of three trials correctly.

N-back task: A visual N-back task (with both 1-back and 2-back conditions) was used.
A 3 x 3 grid was displayed on a computer screen, and a square appeared one at a time at regular

1000ms intervals in one of the nine boxes. Participants were asked to press the Space key
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whenever the target matched the location either 1 or 2 steps before. The task consisted of 12
practice 1-back trials with feedback at the end of the practice (score out of 12). There were then
two blocks, a 1-back and a 2-back, with 60 trials in each. RT was measured in milliseconds,
with performance being calculated by a d’ score which accounts for correct hits, misses, correct
rejections, and false alarms (Harvey, 1992; Macmillan & Creelman, 2004). A higher d’ score
indicates better performance and sensitivity to the targets. The final d” was calculated as

follows:

Z-score Hit Rate [#Hits / (#Hits + #Misses)] minus Z-score False Alarm Rate [#False Alarms /

(#False Alarms + #Correct Rejections)]

Cognitive health: Processing speed

Choice RT task: This task measured the speed in which participants responded to one of
four options. Participants rested index and middle fingers on the Z, X, N, and M keys on a
standard keyboard, which corresponded to an empty box on a computer screen. An X appeared
in one of the four boxes and participants were asked to press the corresponding key as quickly
and accurately as possible. Intertrial intervals (ITIs) were between 1000 and 2500ms at 250ms
intervals, target locations and ITIs were counterbalanced, and trials were randomised. The task
consisted of eight practice trials with feedback for each trial, followed by 32 trials with no
feedback. Response was measured in milliseconds.

Letter Comparison task: This task assessed reaction times to three- or six-letter strings.
After a fixation cross, two strings of letters were displayed on the screen, one above and one
below the fixation cross. Participants were instructed to decide as quickly and accurately as

possible whether the letter strings were the same (e.g., JRT and JRT) using the Z key or different
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(e.g., JRT and QRT) using the M key. Reaction time is measured in milliseconds. During the
task there were eight practice trials (all three-letter strings) with feedback after each trial,
followed by 48 randomised trials of either three or six letter strings. Trials were presented at

even intervals. Reaction times were measured in milliseconds, split by condition.

Cognitive health: Attention

The Attention Network Task, combining a flanker and spatial attention task, can
accurately measure three aspects of attention: alerting, orienting, and executive control. After a
fixation cross (400ms), a horizontal row of five arrows appeared on the screen, each either
facing left or right, and either at the top or bottom of the screen. Using the left and right arrow
keys on the keyboard, participants were asked to decide which direction the centre arrow
pointed, as quickly and accurately as possible. The task included conditions for both targets and
cues. There were three target conditions: congruent (flanker and centre arrows point in the same
direction), incongruent (centre arrow pointing in the opposite direction to the flanker arrows)
or neutral (centre arrow surrounded by squares instead of arrows). There were also four cue
conditions, as the stimuli could sometimes be cued with an asterisk (*). In the spatial cue
condition, the asterisk appeared either above or below the fixation, cueing where the target
stimulus will appear. There were then three ambiguous cue conditions: centre cue (asterisk
appeared in the centre of the screen), double cue (two asterisks appeared simultaneously, one
above and one below the fixation cross) or no cue (no asterisk/cue is shown). After 12 practice
trials with feedback for each trial, there were three blocks of 96 trials (total of 288).

Performance was measured by calculating cost scores for alerting, orienting, and
executive control. Response time was measured in milliseconds, and each cost score only

included correct trials. Alerting score was calculated from the no cue response time minus the
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double cue response time. Orienting score was measured from the centre cue response time
minus spatial cue response time. Executive control was calculated from incongruent trials
minus congruent trials. Better performance was indicated from higher scores for alerting and

orienting, and lower scores for executive control.

Cognitive health: Language functioning

Language functioning was assessed through a computerised task that measured tip-of-
the-tongue (TOT) occurrences. In each trial, participants were presented with a definition of a
word. They were asked whether they could name the word the definition was describing, with
three possible responses: ‘Yes, I know the word’ (if the participant selected this, the answer was
displayed on the screen and participants were asked if that was the word they had in mind),
‘No, I don’t know the word’ (task moved onto the next trial) or ‘tip-of-the-tongue’ (described
to the participant as ‘you know the word but can’t bring it to mind just now, or you could think
of it with more time’). During potential TOT occurrences, participants were then given prompt
questions (free type response on the keyboard) asking how many syllables the word had, or if
they could recall any sounds or letters in the word. The correct answer was then displayed, with
two possible answers for if this was the word they had in mind: “Yes’ was recorded as a true
TOT response, ‘No’ was a false TOT. True TOT score out of 60 was recorded. Two lists of 60

words were used and counterbalanced across participants.

Physical health: Grip strength
A standard analogue Takei hand grip dynamometer was used to measure grip strength.
Grip strength was chosen as a measure of physical health as it can be predictive of other

conditions such as frailty (Syddall et al., 2003), fall risk (Cardon-Verbecq et al., 2017) and
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mortality in old age (Chua et al., 2020). The Takei dynamometer shows high criterion validity
and reliability (Espana-Romero et al., 2010). Participants were asked to stand upright and hold
the dynamometer in one hand, elbow fully extended, arm stretched to 180° above their head.
They were then asked to bring their arm down, keeping it straight, and grip as hard as they
could. Two measurements were taken from both the dominant and non-dominant hand, with the

best score out of four taken for later analysis.

Physical health: Mobility

8-foot up-and-go: Participants were asked to sit on a chair, and when instructed, stand
up, walk as fast as possible (without running) to a point eight feet away, turn around, walk back,
and sit down on the chair. Performance was measured by time in seconds and milliseconds,
with longer timings indicating worse mobility. Research has found it to be both a reliable and
valid measure to assess functional mobility (Rolenz & Reneker, 2016), and is a predictor of fall
risk (Rose et al., 2002) in older adults.

30-second sit-to-stand test: Participants were seated in a chair. They were asked to stand
up and sit down unaided as many times as possible in 30 seconds. Performance was measured
by how many correct stands were completed within the 30 seconds. It has been shown to be a
reliable and valid measure of motor agility and dynamic balance in older adults (Rikli & Jones,
1999), as well as an accurate predictor of fall risk (Applebaum et al., 2017). Lower scores

indicate higher fall risk.

Physical health: Estimated cardiorespiratory fitness

Cardiorespiratory fitness (CRF) was estimated based on gender (female = 0, male = 1),

age, body mass index (BMI, weight in kg / height in m?, measured objectively using scales),
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resting heart rate (in beats per minute), and self-reported physical activity levels (Jurca et al.,
2005). This information was used to estimate metabolic equivalent (MET) without the
participant having to complete any form of exercise (Jurca et al., 2005). The equation has been
found to be as valid as field test equivalents that assess maximal oxygen uptake (VO.max;

Mailey et al., 2010). The equation is as follows:

MET = [(gender coefficient x 2.77) — (age x 0.1) — (BMI x 0.17) — (resting heart rate x

0.03) + (physical activity score) + 18.07]

Physical activity score was derived based on the self-reported level of physical activity:
Level 1, inactive or little daily activity (score of 0.00). Level 2, regular participation in low
levels of exercise for at least 10 minutes a day, 5 days a week (score of 0.32). Level 3, 20 to 60
minutes a week of aerobic exercise such as swimming, cycling, jogging, or other activities with
similar exertion levels (score of 1.06). Level 4, 1 to 3 hours a week of aerobic exercise, or other
activities with similar exertion levels (score of 1.76). Level 5, over 3 hours a week of aerobic

exercise, or other activities with similar exertion levels (score of 3.03).

Mental health: Depression

The Personal Health Questionnaire (PHQ-9) was used to assess self-reported symptoms
of depression (Kroenke et al., 2009). The measure includes nine statements asking participants
how frequently over the last two weeks participants have been bothered by a number of
problems (e.g., ‘Feeling down, depressed or hopeless’) and is measured on a 4-point Likert
scale from 0 — ‘Not at all’ to 3 — “Nearly every day’. Scores can range from 0 to 27, with higher

scores indicating more depression symptoms. The PHQ-9 is well-established within research
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and health settings and has high sensitivity and specificity when testing in clinical settings

(Gilbody et al., 2007). Internal reliability for this measure was o = 0.72.

Mental health: Anxiety

The Generalised Anxiety Disorder (GAD-7) questionnaire was used to measure self-
reported symptoms of anxiety (Spitzer et al., 2006). The GAD-7 is made up of seven statements
asking participants ‘Over the last 2 weeks, how often have you been bothered by the following
problems? (e.g., ‘“Worrying too much about different things’). The GAD-7 can range from 0-
21, with higher scores indicating more anxiety. The measure has high validity and reliability in
both patient populations (Kroenke et al., 2007) and the general population (Lowe et al., 2008).

The GAD-7 demonstrated good internal reliability at a = 0.79.

Mental health: Loneliness

The UCLA 3-item Loneliness Scale (UCLA-3) was used to measure self-reported
symptoms of loneliness (Russell, 1996). The scale contains three questions (‘How often do you
feel that you lack companionship?’, ‘How often do you feel left out?’, and ‘How often do you
feel isolated from others?’) measured on a three-point scale (‘Hardly ever’, ‘Sometimes’, and
‘Often’). The UCLA-3 demonstrates good reliability and convergent validity (Russell, 1996).
Scores range from 3 to 9, with higher scores indicating more feelings of loneliness. Internal

reliability was good for this measure at o = 0.84.

Serological markers of health

For analysis of serological markers, a venous blood sample (6ml EDTA vacutainer) was

collected by a trained phlebotomist. Plasma was collected by centrifugation and stored at -80°C
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in freezers until analysis. Samples were analysed for IL-6 (HS600C, HS Quantikine R&D) and
BDNF (DY248, Duoset R&D) using enzyme-linked immunosorbent assays according to
manufacture instructions. Seven-point standard curves were generated, and sample
concentrations were quantified using 4-PL logistic regression. Samples are reported in

picograms per millilitre (pg/mL).

Data reduction and analysis

Raw data were cleaned and prepared for analysis using Python 3.7. Reaction time
outliers for cognitive measures (N-back, Choice RT, Letter Comparison, and ANT tasks) were
detected 2+SD from the mean, per participant per condition, and removed from the dataset.
Average response times and accuracy rates were calculated for each condition of each task
where appropriate. Outliers for other measures (mental health questionnaires, physical
functioning measures and levels of biomarkers) were identified 3=SD from the mean within
SPSS v29 and removed. There was some missing data in the LPA dataset (N=2 for PHQ-9 and
GAD-7, N=1 for UCLA-3, N=22 for IL-6, N=33 for BDNF). Little’s MCAR test revealed
missing data for the nine LPA indicator variables were missing at random (2 = 33.57, df = 28,
p = .215). Missing data for LPA indicator variables were therefore inputted using expectation

maximisation to allow all datapoints to be included, as is required in LPA analysis.

After data cleaning and preparation, latent profile analysis was conducted to identify
profiles in the sample using the physical functioning, mental wellbeing, and serological markers
of health mentioned above. LPA was conducted in R Studio (RStudio Team, 2020) using the
tidyLPA package (Rosenberg et al., 2018), which is an extension of mclust (Scrucca et al., 2016).

There are six possible LPA models which differ in how variances and covariances are treated
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within the model. See Appendix 1 for variance-covariance matrix. Running LPA within R limits
analysis to models 1, 2, 3, and 6, as models 4 and 5 are not available in R. Once the best fitting
model and number of profiles were established, profile information was exported into SPSS
with the original dataset. MANOVAs were used to validate profiles (i.e., to confirm that profiles
had significantly different values for each indicator/predictor). Finally, one-way MANCOVAs
(including age as a covariate) were conducted to identify significant differences between

profiles on cognitive performance.
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3.4 Results

Latent profile analysis

Nine variables were included as indicator variables within the LPA. These were
measures of physical health (estimated cardiorespiratory fitness, grip strength, 8-foot up-and-
go, and 30-second sit-to-stand), mental health (depression, anxiety, and loneliness), and
serological markers of health (IL-6 and BDNF). First, all models were compared using fit
indices such as Bayesian information criterion (BIC), Akaike information criterion (AIC),
sample-size adjusted Bayesian information criterion (SABIC), Entropy and bootstrapped
likelihood ratio test (BLRT) p-value. Lower BIC, AIC, and SABIC values, and a higher Entropy
value, indicate better model fit. Research typically reports an Entropy value of 0.8 or above is
acceptable (Tein et al., 2013), however Entropy alone should not determine the final model
choice in latent mixture models (Weller et al., 2020). A significant BLRT p-value indicates the

model is significantly better than the one preceding it.

Models 2 and 6 failed to converge, likely due to our relatively small sample size. Models
1 and 3 were investigated, but Model 1 (which allows variances to be equal across profiles,
while covariances are restricted to zero) was ultimately selected due to a better model and
conceptual fit. This model was then estimated from one to four profiles to ensure satisfactory
profile sizes. Final model selection was based on fit indices identified in the analysis, as well
as the size of profiles and how meaningful each profile was (Marsh et al., 2009). Model fit
improved significantly between one to two profiles, and from two to three profiles (p = 0.01).
Adding further profiles did not add meaningful improvement to the data, so three profiles was
selected for the final model. This final model is visualised in Figure 3.1, with the datapoints

representing the standardised mean score for each indicator. Fit indices are displayed in Table
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3.2 (full fit indices for all models are available in Appendix 2). The established profiles were as

follows.

Profile 1: Average physical health but challenged mental health (N=22), was the
smallest group. Participants showed average physical functioning scores and levels of
serological markers, but their mental health scores were significantly above average (i.e., they
showed high depression, anxiety, and loneliness symptoms compared to the other profiles). This
group, while showing average physical health, displayed unusually high levels of mental health
symptoms, the worst of the three identified profiles. N=14 (63.6%) of this sample were female,

and the groups mean age was the youngest at 68.6 years.

Profile 2: Optimally ageing (N=53) made up just under half of the sample. Participants
displayed above average performance on the four physical function measures, their mental
health scores were below the mean (i.e., they showed fewer depressive, anxiety, and loneliness
symptoms), and they showed good levels of serological markers (low IL-6 and above average
BDNF). This profile is therefore both physically and mentally healthy, according to our
indicator variables. N=23 (43%) of this sample were female, and the group mean age was 70.6

years old.

Profile 3: Challenged physical health but good mental health (N=34) was the next
largest group. Participants demonstrated poor physical functioning and poor levels of
serological markers (i.e., their estimated cardiorespiratory fitness scores, grip strength, 8-foot
up-and-go, 30-second sit-to-stand and both IL6 and BDNF were the poorest of the three groups)

however their mental health scores were at or below the mean, with scores very similar to that
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of Profile 2. Therefore, despite evidence of poor physical health, mental health symptoms were
low (i.e., good) in this group. This sample had the highest proportion of females (91%, N=31),

as well as the highest mean age (72.6 years).

Table 3.2. Fit indices for latent profile analysis using Model 1, estimating 1-4 profiles

No.of AIC BIC SABIC Entropy prob min prob max n min BLRT p

profiles

1 2810.92 2859.36 2691.91 1.00 1.00 1.00 1.00 -

2 2763.89 2839.25 2676.93 0.72 0.88 0.95 0.40  0.01
3 2709.79 2812.06 2617.87 0.81 0.85 0.97 0.20  0.01
4 2715.23 2844.41 2610.79 0.82 0.85 0.95 0.12  0.55

Note: AIC = Akaike's Information Criterion; BIC = Bayesian Information Criterion;, SABIC
= sample-size adjusted Bayesian Information Criterion; Entropy = measure of classification
certainty, prob_min = smallest probability of most likely profile membership; prob_max =
largest probability of most likely profile membership; n_min = proportion of the sample in the
smallest group;, BLRT p = p-value for bootstrapped likelihood ratio test. Note: selected final
model is highlighted in bold.
Profile validation

To validate that the three profiles were significantly different from one another, one-
way MANOVAs were completed using the LPA indicators (N=9) as dependent variables. After
adjusting for multiple comparisons (new p = 0.0055), results showed significant differences
between groups for all indicator variables apart from BDNF, indicating that the LPA identified
successful latent profiles of participants in terms of physical health (estimated cardiorespiratory

fitness, grip strength, 8-foot up-and-go, and 30-second sit-to-stand), mental wellbeing

(depression, anxiety, and loneliness), and IL-6. Values are displayed in Table 3.3.
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Figure 3.1. Figure showing standardised mean value for each indicator included in the LPA,

split by final profile. Note: Raw datapoints are plotted as dots. Boxes show +/-1SD around
the mean. Values over 2SD outside the mean for each indicator were removed from this
visualisation for illustrative purposes. MET = estimated cardiorespiratory fitness, Grip =

grip strength;, UpAndGo* = 8-foot up-and-go, SitToStand = 30-second sit-to-stand; PHQ* =

PHQ-9 (depression); GAD* = GAD-7 (anxiety);, UCLA* = UCLA-3 (loneliness),; IL6* =
interleukin-6; BDNF = brain-derived neurotrophic factor. * Items reverse-coded for

illustrative purposes.

Table 3.3 Results of one-way MANOVA validating LPA profiles.

80



LPA profiles

Health Profile 1 (N=22) Profile 2 Profile 3
measure Indicator variable (N=53) (N=34) F-value P-value
Physical Estimated 7.43 (1.85) 8.49 (1.40) , 527(1.33) a0 4935 <.001
functioning  cardiorespiratory fitness
(MET)
Grip strength (kg) 28.41 (6.19) 32.59 (7.82) 24.81(593), 13.13 <.001
8-foot up-and-go 6.44 (0.82) 5.90 (1.14) 7.49 (1.71) 5 1555 <.001
(seconds)
30-second sit-to-stand (N)  14.68 (3.73) 16.15 (3.92) 12.62 (3.19),  9.61 <.001
Mental Depression (PHQ-9) 3.36 (2.66) 1.32(1.84) , 2.12 (1.86) 7.99 <.001
wellbeing  Anxiety (GAD-7) 2.89 (2.02) 1.35(1.67) 121 (1.51). 777 <.001
Loneliness (UCLA-3) 6.14 (1.04) 3.24(0.52) , 3.32(0.54), 16638  <.001
Serological IL-6 (pg/mL) 1.56 (0.89) 1.34(0.59) 1.96 (0.79) v 7.06 .001
hmarlklfrs of  BDNF (pg/mL) 6.55 (3.35) 6.29 (2.76) 4.84 (1.65) v 4.05 .020
ealt

Note: data presented as mean (SD). DF = 106, 2. Bonferroni adjusted p-values were used
based on N=9 comparisons (p = 0.0055). Significant effects that remained after correcting
are highlighted in bold. Statistical analyses were conducted using one-way MANOVAs. , -
significantly different from Profile 1, i, - significantly different from Profile 2.
Differences in cognitive ability between profiles

Age is known to be a significant predictor of cognitive performance (Park et al., 2002).
A one-way ANOVA indicated that there were significant group age differences (F(2,106) =
4.199, p =.019) so age was added in as a covariate for further analyses. A one-way MANCOVA
using profile (1, 2, or 3) as the independent variable and age as a covariate was conducted to
investigate whether profile was associated with differences in cognitive performance. Cognitive
performance measures included measures of working memory (Forward Digit Span: maximal
digit span; N-back task: 1-back d’, 2-back d’), processing speed (Choice RT task: average RT;
Letter Comparison task: 3-letter average RT, 6-letter average RT); attention (ANT: alerting
score, orienting score, conflict score); and tip-of-the-tongue (% tip-of-the-tongue occurrences).
After adjusting for age, the MANCOVA was not significant; F(20,174) =1.057, p = .400, Wilks'

A =.795, partial n? = .108, indicating there were no significant differences between groups in

terms of cognitive performance after controlling for age (see Table 3.4).

81



Table 3.4 Results of one-way MANCOVA assessing cognitive ability between profiles, with

age as a covariate

LPA profiles
Health Profile 1 (N=22) | Profile 2 Profile 3
measure Indicator variable (N=53) (N=34) F-value | P-value
Working Digit Span 6.00 (1.30) 5.85(1.47) 5.64 (1.03) .14 .866
memory
Iback d’ 3.80 (.49) 3.76 (44) 3.76 (.50) 48 .619
2back d’ 2.70 (.82) 2.55(1.05) 2.23 (.94) .60 552
Processing | CRT average RT (ms) 57 (13) .58 (.10) .62 (.12) 1.57 212
speed
: LC 3 letter RT (ms) 1.05 (.14) 1.01 (.13) 1.13 (.17) 5.22 .007
LC 6 letter RT (ms) 1.58 (.30) 1.52 (.26) 1.67 (.23) 2.35 .10
Attention ANT alerting 4.55(21.82) 2.99 (19.47) -6.01 (23.08) 1.56 216
ANT orienting 24.45 (18.90) 23.45(24.09) | 20.60 (28.14) | .09 918
ANT executive control 131.41 (60.97) 120.53 (47.25) | 149.78 (78.58) | 2.57 .082
Language TOT states (%) 4.75 (4.81) 3.55(3.25) 4.34 (5.27) 72 492
functioning

Note: CRT: Choice Reaction Time. LC: Letter Comparison. ANT: Attention Network Task. TOT:
Tip-of-the-tongue. Data presented as mean (SD). DF = 174, 20. Bonferroni adjusted p-values
were used based on N=10 comparisons (p = 0.005). Statistical analyses were conducted using
one-way MANCOVAs, using age as a covariate.
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3.5 Discussion

The present study utilised a person-centred approach to establish health profiles in a
sample of healthy older adults and relate profiles to potential differences in cognitive
performance. To do this, we used latent profile analysis (LPA) with a wide range of indicator
variables, including physical functioning (estimated cardiorespiratory fitness, grip strength, 8-
foot up-and-go, 30-second sit-to-stand), mental wellbeing (depression, anxiety, loneliness), and
serological markers of health (IL-6, BDNF). Note that BDNF scores did not significantly differ
between groups after adjusting for multiple comparisons, so when discussing serological
markers of health, we will be referring to IL-6. LPA identified three latent profiles: Optimally
ageing, Average physical health but challenged mental health, and Challenged physical health
but good mental health. Surprisingly, despite our three profiles significantly differing from each
other in terms of our LPA indicator variables, we found no differences between these profiles
with respect to their cognitive performance. To our knowledge, this was the first study to use

LPA based on these types of variables to explore differences in cognitive function.

The LPA identified three distinct profiles with differing patterns of physical functioning,
mental wellbeing, and systemic inflammation. The largest profile, Optimally ageing (Profile 2)
made up just under half of the sample. This profile had the best overall health profile, including
the best performance on grip strength, 8-foot up-and-go, 30-second sit-to-stand, and estimated
cardiorespiratory fitness out of the three groups. They displayed the lowest scores on the
depression, anxiety, and loneliness questionnaires, and had the lowest amounts of systemic
inflammation as shown by low IL-6 levels. The smallest group was Profile 1: Average physical
health but challenged mental health. This group showed average scores for grip strength, 8-

foot up-and-go, 30-second sit-to-stand, estimated cardiorespiratory fitness, and systemic
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inflammation (IL-6). However, they were significantly different in terms of mental wellbeing,
reporting the highest scores on our three mental wellbeing measures, depression, anxiety, and
loneliness (note that high scores here mean poor mental health). Our final group was Profile 3,
Challenged physical health but good mental health. This group displayed interesting
characteristics. They were the profile that showed poorest physical health in both physical
functioning measures and systemic inflammation, displaying the lowest scores for grip strength,
mobility measures, estimated cardiorespiratory fitness, and IL-6. However, they reported
average or above average mental health, with very similar scores to our Optimally ageing group.
This was particularly noteworthy, given that these two profiles had opposite scores for all
physical functioning variables. Our Challenged physical health but good mental health group

therefore had good mental wellbeing despite their poor physical functioning and IL-6 levels.

Our findings partially support previous research. Our Optimally ageing profile echoes
previous person-centred research that suggests better physical functioning is related to better
mental wellbeing (Park et al., 2019). However, our other two profiles do not necessarily follow
past research, particularly our Challenged physical health but good mental health profile. It
makes an important distinction and an interesting possibility, that there may be some protective
factor not measured in the present study that protects some older adults from potential mental
health declines. Indeed, past research has suggested a wide variety of protective factors in the
development in older adults. One review suggested three themes: resources to draw upon
(physical, cognitive, and socioeconomic), life experiences teaching strategies to manage
stressors, and meaningful engagement such as volunteering, religion, or social activities (Fiske
et al., 2009). Future research could investigate these three themes using similar person-centred

approaches to establish profiles based on both health and behavioural measures.
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The three profiles were significantly different from one another for the most part, when
validating our profiles by comparing group means of our indicator variables. An unanticipated
result was that we did not find meaningful group differences in cognitive performance. One
might have expected our Optimally ageing group to perform best on cognitive measures such
as working memory, processing speed, and attention, as past research has shown clear links
between good physical health and cognitive ability in healthy older adults (Northey et al., 2018).
Further, research has linked aerobic fitness with language functioning in older populations
(Segaert et al., 2018), so theoretically it would have been expected that this group would
perform better on the tip-of-the-tongue task as well. However, we did not find differences in
cognitive scores between our Optimally ageing group compared to our other profiles. The lack
of significant findings may be due to a lack of statistical power (Johnson, 2021) or there not
being enough variance between groups in cognitive functioning. An alternative argument is that
using a person-centred approach such as LPA allows an important incorporation of multiple
indicators and allows the possibility of subpopulations within a given sample, which variable-
centred approaches are unable to do (Howard & Hoffman, 2017). Evidence shows clear
associations between physical health, inflammation, and mental health individually with
cognitive performance (Lara et al., 2019; Lautenschlager & Almeida, 2006; Yaffe et al., 2003),
but in our study at least, these patterns do not persist once the variables are integrated and
viewed holistically. Person-centred approaches acknowledge how these variables are combined
within people instead of looking at characteristics in isolation, which is useful given that

individuals present with a combination of these variables.

There are some limitations of LPA. The process of selecting the best LPA model might

appear to some to be a ‘statistical fishing expedition’ (Johnson, 2021), and person-centred
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approaches such as LPA have limited generalisability and replicability (Ullrich-French & Cox,
2020). However, person-centred approaches overcome limitations of variable-centred
approaches (e.g., a typical ANOVA or regression) as they allow the possibility of subgroups
within a population that might have differing characteristics (Howard & Hoffman, 2017). They
therefore give more specificity than variable-centred approaches, as each subpopulation is
described independently rather than looking at outcomes separately. This study has further
strengths in its comprehensive testing battery. To our knowledge, no study has incorporated
physical functioning, mental wellbeing, and serological markers of health into latent profile
analysis, or assessed group differences in such a wide range of cognitive functions in older
adults. The cognitive outcome measures span a wide range of abilities, allowing analyses across
cognitive functions rather than within tasks. We utilised three commonly used mental wellbeing
questionnaires, assessing distinct symptoms known to interact with ageing. Our physical
functioning measures too spanned a wide range of measures, and the inclusion of serological

markers of health was a way of incorporating immunological health into a behavioural setting.

The main limitation with the present study is its relatively small sample size, however
a number of previously published papers have successfully conducted LPA on smaller samples
(Arnett & Flaherty, 2022; Park et al., 2017; Terhune, 2015). Importantly, we limited the number
of potential profiles to four, to ensure that our group sizes would be sufficient (Kleitman et al.,
2021). There could arguably be subsequent latent profiles that we could not identify due to our
sample size, so this is the most pressing direction for future research. Another limitation is the
ethnically homogenous nature of our sample - most of our sample were White, which does limit
the generalisability of our findings. Both the size of our sample and the nature of our sample of

healthy older adults may have limited findings in the second step of our analysis. While each

86



profile was significantly different from each other in terms of the LPA indicator variables, no
differences were found in cognitive performance after adjusting for age. This may be for two
reasons; as explained above, our sample size may not have been large enough for sufficient
power (Johnson, 2021), or because our sample had limited variance. In particular, our sample
displayed relatively good mental health scores (i.e., fewer depression, anxiety, or loneliness
symptoms) compared to the rates cited in the introduction (Age UK, 2016, 2020b). There are a
range of socio-cultural variables that could account for mental health symptomology, meaning
patterns are not consistent across cultural settings (Kiely et al., 2019; Lee & Lee, 2011). Future
research with a larger sample size and a wider population (be it a wider range of socioeconomic
status, ethnicity, or the inclusion of old-old participants over the age of 85) may help in
identifying profiles as well as differences in cognitive performance. A further direction for
future research would be to assess how these profiles change over time, through the use of latent

profile transition analysis (Johnson, 2021).

In sum, the present study utilised a novel person-centred approach in a healthy ageing
population. Latent profile analysis identified meaningful differences between groups in terms
of physical, mental, and serological markers of health, but did not find differences in cognitive
performance between profiles. Latent profile analysis, when used in this way, is a relevant way
of looking at an overall profile of someone rather than just one aspect of wellbeing at a time. It
differs from traditional variable-centred approaches in this way and offers an alternative view
of wellbeing. We have shown that there may be subtle but important distinctions between
mental and physical health in some populations, suggesting that for public health initiatives,

researchers may need to look at the whole profile of an individual to target interventions where
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needed. The present study can be used as a base for future research conducting LPA on larger

and more diverse samples of older adults to investigate these differences further.

Reflection on Chapter 3

Chapter 3 explored associations between facets of older adult health using a person-
centred analytic approach. It identified three subgroups within the population who displayed
differing patterns of psychological, physical, and serological health. However, results from the
second step of the latent profile analysis did not find significant associations between profile
and cognitive performance. Given that in this population, cognitive performance was not
impacted by psychological, physical, or serological health, Chapter 4 looked to assess whether
an external intervention could impact cognitive ability. Chapter 4 therefore expands on
Chapter 3 by exploring cognition in older adults in more depth, assessing whether cognitive

ability changes over time using a training intervention.
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CHAPTER 4 - COMPUTERISED BRAIN
TRAINING HAS LIMITED COGNITIVE
BENEFITS IN HEALTHY AGEING
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4.1 Abstract

Whether brain training programmes are effective and have transferable benefits to wider
cognitive abilities is controversial, especially in older adult populations. We assessed, in a
randomised controlled intervention study, whether a commercially available brain training
programme led to cognitive improvements in a sample of healthy older adults (N=103).
Participants completed a three-month intervention of either an adaptive brain training
programme or active control. Cognition was measured through a comprehensive battery of tasks
pre- and post-intervention to assess working memory, processing speed, attention, and language
functioning. Analyses were conducted using mixed models and linear regressions. Despite
participants in the intervention group significantly improving on all tasks within the brain
training programme, there was no evidence of any transfer benefits to cognitive outcome
measures (as compared to the active control group). Our results indicate that benefits of brain
training programmes appear to be limited to practice effects, while no evidence is found for

transfer effects.

4.2 Introduction

Cognitive processes such as working memory, processing speed, attention, and language
functioning all decline during healthy ageing (Reuter-Lorenz et al., 2021; Salthouse, 2010;
Segaert et al., 2018). As life expectancy in developed countries continues to increase (Roser et
al., 2013), mitigating age-related cognitive decline has become a field of research paid much
attention to. In the present study, we examined whether computerised brain training improves

performance across multiple domains of cognition.
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Acrecently popular method of delivering cognitive training has been to use commercially
available brain training programmes. Applications such as Lumosity (Lumosity, 2023), Peak
(Peak, 2023) and BrainHQ (BrainHQ, 2023) are commercially advertised as training
programmes that will improve cognitive ability and delay cognitive decline. These applications
are easy to use, relatively affordable, adaptive (increasing in difficulty with improved
performance, which is key for cognitive training programmes to work, Brehmer et al., 2012)
and include training games that cover a variety of cognitive processes such as short-term
memory, language, attention, and processing speed. Research suggests some promising support
for the use of these brain training applications; company websites often cite peer-reviewed
publications that show effects of their programme: BrainHQ for example references over 100
publications (BrainHQ, n.d.). Brain training applications have been tested with healthy
populations and have been suggested to improve auditory processing and memory (Anderson
et al., 2013), sustained visual attention (Savulich et al., 2019), and improve executive functions

(Meltzer et al., 2023), to name a few.

However, there are some inconsistencies in the brain training literature. There is
evidence from meta-analytic studies that computerised cognitive training or brain training leads
to small but significant improvement in skills such as working memory, processing speed, and
visuospatial skills in healthy older adults (Kueider et al., 2012; Lampit et al., 2014). Conversely,
a recent meta-analysis has found no convincing improvement after accounting for publication
bias (Nguyen et al., 2022). Older adults have higher expectations of brain training compared to
younger adults (Rabipour & Davidson, 2015), and they could arguably benefit most from their
use, if effective. Whether brain training programmes lead to tangible improvements in cognitive

abilities in healthy older adults therefore warrants further investigation.
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Some of the inconsistencies found in cognitive training research more broadly can be
attributed to methodological differences, which have been identified in various papers and
reviews (Green et al., 2014; Noack et al., 2014; Simons et al., 2016). Sample sizes vary wildly
and are often limited; 50% of studies in a 2014 review of transfer effects in cognitive training
studies had fewer than 20 participants in each group (Noack et al., 2014), and 90% had fewer
than 45 in each group. Training duration is also often limited; 50% of studies reported 8 hours
and 20mins of training or less, with the majority (90%) reporting less than 20 hours in total
(Noack et al., 2014). Another concern is the size and content of the test battery (Green et al.,
2014). Many studies, especially early studies when cognitive training was in its infancy, used a
small test battery (i.e., one test per cognitive function) to assess cognitive outcome measures.
However, to assess valid training benefits, the outcome measures need to be chosen such that
they assess changes across the construct rather than the individual tasks. For example, executive
function cannot be assessed by a single measure, the function itself is made up of three smaller
processes (inhibition, shifting and updating, Sandberg et al., 2014), so one outcome measure
that focuses on one of those processes is not enough to encompass executive function as a
whole. Moreover, if cognitive training includes a specific task that trains, for example, working
memory (e.g., an n-back task), then its benefits can only truly be assessed through performance
on a different task which measures skills within this domain (a task which also assesses working
memory such as a digit span task). A final consideration is the choice of control group (Simons
et al., 2016). The gold standard is to use an active control group that mimics the intervention as
closely as possible, while leaving out the ‘active ingredient’ of the training. However, the very
nature of cognitive training programmes makes this difficult. The type of control groups in

published studies therefore varies, often including passive control groups, and not always
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accounting for placebo effects, motivation, or cognitive demands (Simons et al., 2016). Active
control groups can be divided further; into ‘active-ingredient’ controls and ‘similar-form’
controls (Masurovsky, 2020). ‘Active-ingredient’ control groups are identical in every aspect
apart from the ‘active’ ingredient, but these are difficult to implement and in practice are rarely
used. ‘Similar-form’ active controls are much more common, mimicking aspects of the training
but differing in a few ways. ‘Similar-form’ control groups are still considerably more suitable

than passive or no-contact control groups (Masurovsky, 2020).

We note that in above set of issues, a key concern, but one most often overlooked, is the
need to establish evidence of transfer effects (the benefits of the training ‘transferring’ to other,
un-trained, cognitive tasks), as opposed to practice effects (improvements within the training,
or same tasks, itself). Transfer effects can be categorised by how similar they are to the trained
cognitive domain (Sala et al., 2019). Near transfer refers to skills generalising to similar
domains (e.g., working memory training transferring to other, related but untrained, working
memory tasks), while far transfer relies on the cognitive domain being weakly related, or not
related at all, to the trained domain e.g., working memory training to language, or executive
control (Sala et al., 2019). The more shared features there are between domains, the nearer the
transfer effects (Sala et al., 2019). This is the ultimate aim of brain training programmes, that
regular training of specific cognitive processes leads to improvements across cognitive domains
(Stojanoski et al., 2018). There is some evidence that brain training can lead to transfer effects
(McDougall & House, 2012), however, there are also cases where no transfer benefits are found
at all (Kable et al., 2017; Stojanoski et al., 2018). Even when papers report significant positive
effects of brain training programmes on cognition in healthy older populations, the effects are

often driven by improvements on very near transfer tasks (H. K. Lee et al., 2020), and show
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little to no evidence of far transfer. Furthermore, a recent meta-analysis of brain training
randomised controlled trials with older adults found small but significant transfer to some
cognitive domains, however most effects were no longer significant once publication bias was
taken into account (Nguyen et al., 2022). There are also cases where previously reported effects
have perhaps been exaggerated. Brain training research sometimes describes improvements in
trained effects (improvement in performance within the programme) and report this as an
improvement in cognitive ability (Bonnechere et al., 2021). Instead, these are in fact just
practice effects and do not necessarily entail improvements in cognitive function, since transfer
effects (near or far) are missing or were not assessed. Transfer effects are essential if a training
programme is going to be effective and wide-reaching, especially in ageing populations, but

concrete evidence for them is often lacking.

Due to these inconsistencies and the controversy surrounding brain training
programmes and their effects, there is a need for robust and rigorous research to assess its
efficacy. An extensive review paper has given recommendations for how research into brain
training programmes should be conducted and published (Simons et al., 2016). The researchers
recommended a large sample size with random allocation to groups, with blinding of conditions
if possible. An appropriate active control group should be utilised, meaning a control group that
correctly mimics the level of engagement of the intervention, but that theoretically will not
result in improved cognitive performance. This allows for placebo effects to be controlled for,
and any effects to be attributed to the ‘active’ ingredient of the training programme (Simons et
al., 2016). Furthermore, interventions need to control for expectations and motivations of both

groups to ensure they are not different. The researchers finally recommend using appropriate
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outcome measures and a sufficient test battery by using multiple tasks to measure each

construct. Our study has incorporated each of these key recommendations.

To assess the possible cognitive benefits of the training we measured cognition across a
wide range of domains. Among various possible cognitive functions of interest, working
memory stands out as a commonly reported function. This is not only due to its consistent
decline with age (Salthouse, 2010) but also because it serves as a foundation for many other
cognitive abilities. Working memory training has shown convincing improvements in memory
skills in older adults in recent years (Karbach & Verhaeghen, 2014). Another cognitive skill that
exhibits consistent decline with age is processing speed, which has been effectively trained in
older adults. The well-known ACTIVE study demonstrated significant and sustained
improvements over a two-year period in processing speed.(Ball et al., 2002). Although findings
on attention skills are not always consistent, they do undergo changes with age, and deficits in
attention can impact daily life (Glisky, 2007), making it a worthwhile line of enquiry. Finally,
language skills, specifically word finding difficulties, increase with age (Maylor, 1990) and are

commonly reported by older adults as deficits they notice in older age (Segaert et al., 2018).

Cognitive training is an important field of research that needs methodologically sound
experiments to assess whether brain training programmes are effective. The aim of the current
study was to do just that; assess the efficacy of a commercially available adaptive brain training
programme (Peak) on a range of cognitive domains, in a randomised controlled study with
healthy older adults. We aimed to include a larger sample size than has been used in many
previous cognitive training studies (Noack et al., 2014) and an appropriate active control group.

We assessed cognitive functions known to decline with healthy ageing and used tasks that are
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commonly used in ageing research. These included working memory (Forward Digit Span task
and visual N-back task), processing speed (Choice Reaction Time task and Letter Comparison
task), attention (Attention Network Task) and language functioning (tip-of-the-tongue task). We
hypothesised that we would find significant improvements within the training games (practice
effects) for our intervention group. Whether we would find transfer effects from the brain
training to other cognitive abilities was unclear, but we anticipated any transfer effects would

be to similar cognitive tasks (near transfer) rather than to dissimilar tasks (far transfer).
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4.3 Methods

Participants

One hundred and nine participants were initially recruited through existing participant
databases at the University of Birmingham (Birmingham 1000 Elders) and online social media
advertisements. Six participants dropped out and did not complete the post-intervention
measures; 103 completed both pre- and post-intervention sessions. Our sample size was not
informed by power analysis but guided by previous research (Noack et al., 2014). Our aim was
for 100 people to complete the intervention with roughly 10% attrition rate. Participants ranged
from 60 to 84 years old (M =70.57, SD =5.5). The Montreal Cognitive Assessment (Nasreddine
et al., 2005) was used to check for impaired cognition. A recent meta-analysis suggested that a
cut off score of 23 out of 30 for mild cognitive impairment (rather than the original 26/30)
provides fewer false positives and better diagnostic accuracy (Carson et al., 2018); no

participants were excluded based on this cut-off point. Participant flow chart is in Figure 4.1.

Inclusion criteria required participants to be over 60 years of age, a monolingual native
English speaker, have normal or normal to corrected hearing and vision, access to a smartphone
or tablet, and be able to walk short distances unaided. Participants were also required to be up
to date on COVID-19 vaccinations at the time of visit. Exclusion criteria were criteria that might
be confounded by cognitive ageing: a diagnosis of cognitive impairment (mild cognitive
impairment, Alzheimer’s disease, Lewy body dementia, vascular dementia, frontotemporal
dementia), a diagnosis of mental health disorder (depression, anxiety, schizophrenia, bipolar
disorder, post-traumatic stress disorder, psychosis, obsessive compulsive disorder), a diagnosis

of dyslexia (this specifically related to the tip-of-the-tongue task), or currently taking
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medication known to interact with cognitive function or inflammation (medication for arthritis,

anti-depressants, anti-anxiety).

Assessed for eligibility

(n=150)
Excluded (n=41)
Not meeting inclusion criteria (n=22)
v Dropped out before baseline (n=19)
Baseline measures
(n=109)
.‘ |

Random allocation to Random allocation to

intervention active control
(n=54) (n=55)
Lost to follow-up Lost to follow-up
(n=2) I (n=4)
liness (n=1) ) COVID-19 (n=2)

Did not complete
training (n=1)

Post-intervention
measures

Post-intervention

Did not complete

measures

training (n=2)

(n=52) (n=51)

Figure 4.1. Participant flow chart.

Intervention
Cognitive training intervention

The present study used Peak (Peak, 2023), a commercially available brain training
application, as the intervention. A total of 48 games based on neuroplasticity train seven
different cognitive functions: Language, Problem Solving, Memory, Focus, Mental Agility,
Emotion, and Coordination. The app tracks progress, comparing your scores to personal
previous scores and to other players of a similar age group. Scores are given out of a possible
1000 and are updated for each category every time a game or ‘brain workout’ is played. Games
are adaptive, increasing in difficulty with improved performance. Participants in this group
were asked to use the pre-made ‘daily brain workouts’ to ensure a wide range of cognitive

abilities were trained. The daily workouts took around 15 minutes, after which participants were
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told they could explore the app and use other games as they wished. Peak has been reported by
others to improve everyday functioning and improve measures of processing speed in younger
adults with depression (Motter et al., 2019), however to our knowledge, no research to date has

investigated the efficacy of Peak on cognition in healthy ageing.

Active control group

Active control groups, matched to the intervention as best as possible on training
intensity, motivation, and engagement, are the gold standard in intervention studies (Green &
Bavelier, 2012). Active control groups are crucial to establish that any effects found are a direct
result of the intervention itself, rather than social impacts, expectation effects of training, or the
repetition or structure of completing a daily or regular task (Green et al., 2014). Following the
justification of an active control group given by Kable et al. (2017), the control group was
chosen to mimic and control for any effects of cognitive stimulation. The choice of training was
a ‘similar-form’ control group (Masurovsky, 2020), a readily available free mobile application,
Cardgames.io (Cardgames.io, 2023), that includes 42 card and board games, such as Hearts,
Rummy, Yahtzee, and Solitaire. Similar to Kable et al., participants were not restricted in terms
of what games they played but were encouraged to try a variety of them, as long as it was for
at least 15 minutes per day, to match training intensity. Crucially, game difficulty was not

adaptive to user performance, and the variety of games ensured novelty and engagement.

Cognitive outcomes measured pre- and post-intervention
Working memory
Working memory was assessed through two computerised tasks: the Forward Digit Span

task, and N-back task.

99



Forward Digit Span: Single digits (0-9) are presented to participants one at a time on a
computer screen at 1000 ms intervals. Trials begin with three-digit sequences up to a possible
ten-digit sequence. After the sequence has been presented, participants are asked to type the
digits in the order they were presented using the computer keyboard, using the Enter key to
confirm. Feedback is given after each trial. There are three trials in each level, and participants
must get two trials correct to move up to the next level. The task automatically ends after two
incorrect answers within a level. The participant’s digit span is taken from the highest level in
which participants get two trials correct. Measuring working memory using Digit Span tests is
common in psychological experiments such as these and has been established within ageing
literature (Grégoire & Van der Linden, 1997). This task takes approximately 5 minutes.

N-back task: This task consists of a visual N-back task. Participants view a 3 x 3 grid
on a computer screen, in which squares appear in one of the nine possible places (presented
regularly at 1000 ms intervals), one at a time. Participants are asked to respond by pressing the
‘Space’ key whenever the target matches the location shown N steps before. There are two
blocks of 60 trials, a 1-back and a 2-back, with 16 targets in the 1-back block, and 12 in the 2-
back. Participants have a practice 1-back block of 12 trials and receive feedback on their
performance at the end of the practice. No feedback is given for rest of the task. This task is
well established and has been validated as an effective working memory measure (Jaeggi et al.,
2010) RT is measured in milliseconds and a performance is measured by calculating a d’ score
from the four outcomes of each trial: hit (correct button press in response to the target), miss
(no button press when the target appears), correct rejection (participant correctly does not press
button) and false alarm (participant incorrectly presses button when no target appears). A higher
score indicates better performance or better sensitivity to the target. The task takes

approximately 10 minutes. The final score, d’, is calculated as follows:
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Z-score Hit Rate [#Hits / (#Hits + #Misses)] minus Z-score False Alarm Rate [#False Alarms /

(#False Alarms + #Correct Rejections)]

Processing speed

Processing speed was assessed through two computerised tasks, the Choice RT task, and
Letter Comparison task.

Choice RT task (CRT): Four empty squares are displayed on the computer screen, which
correspond to the Z, X, N, and M keyboard keys. Participants rest index and middle fingers on
these keys. Intertrial intervals ranged from 1000 and 2500ms (at 250ms increments), after which
an X appears in one of the four squares. Participants are asked to press the Z, X, N, or M key
for which box the X appears in, as fast and accurately as possible. The task consists of 8 practice
trials, followed by 32 test trials. Feedback is only given after each practice trial. Target locations
and intertrial intervals are counterbalanced, and trials are randomised. RT is calculated in
milliseconds. This task is well established when assessing processing speed (Deary et al., 2010).
The CRT takes approximately 2 minutes.

Letter Comparison task (LC): A fixation cross is displayed in the middle of the screen.
Two sequences of letters are then displayed at equal distances above and below the fixation
cross, and participants are asked to decide whether the letter sequences are the same or different.
Participants are asked to do this as fast and accurate as possible. The Z arrow key is pressed for
the same letters, M for different. The task consists of eight practice trials of three letter
sequences, followed by one block of 48 trials, consisting of three-letter and six-letter strings.
Trials are presented at even intervals (1000ms between trials, fixation cross for 500ms, blank

for 100ms, letters presented until response) and are randomised. RT is calculated in
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milliseconds. This task is a well-known measure of processing speed in ageing populations

(Salthouse & Babcock, 1991). The task takes approximately 5 minutes to complete.

Attention

Attention Network Task (ANT): The Attention Network Task was used to measure
attention. The computerised task allows assessment of orienting, alerting and executive control
through the combination of a flanker (Eriksen & Eriksen, 1974) and spatial attention task
(Posner & Cohen, 1984). During each trial, a fixation cross is displayed for 400ms before a
stimulus appears. The stimulus is a row of five arrows, each pointing left or right. Participants
are asked to report, using the left and right arrow keyboard keys, which direction the centre
arrow points. They are asked to do this as fast and accurate as possible. The centre arrow can
be congruent (points the same direction as the flankers) or incongruent (points in the opposite
direction to the flankers). The stimuli can appear above or below the fixation cross and can be
cued with an asterisk (*) or not cued. There are three cue conditions: spatial cue (cue appears
either above or below the fixation cross), centre cue (asterisk appears in the centre of the
screen), or double cue (cue appears both above and below the fixation cross). Only the spatial
cue indicates where the stimulus will appear, the location of the stimuli is ambiguous for the
centre and double cue. Participants have a practice trial of 12 trials followed by three blocks of
96 trials (total of 288 trials). Feedback is only given during the practice trials. The ANT has
been used in older adults to detect changes in attention compared to younger adults (Jennings
etal., 2007).

RT is measured in milliseconds. Alerting is measured by the no cue response time minus
the double cue response time for correct responses only. Orienting is measured by the centre

cue response time minus the spatial cue response time for correct responses only. Executive
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control is measured by response time in the incongruent flanker condition minus response time
in the congruent condition. High scores for alerting and orienting, and low scores on executive

attention, indicate better performance. The task took approximately 10 minutes to complete.

Tip-of-the-tongue

Tip-of-the-tongue (TOT) instances were measured through a computerised task. In 60
trials, participants are shown a written definition of a word and are asked whether they can
name the word the definition is referring to. There are three available responses: ‘Yes, I know
the word’ (participant is given the answer and is asked whether that was the word they had in
mind), ‘No, I don’t know the word’ (move onto next trial) or ‘tip-of-the-tongue’ (described to
the participant as ‘you know the word but can’t bring it to mind just now, or you could think of
it with more time’). In TOT instances, participants are then asked if they can recall how many
syllables the word has, or if they can remember any of the sounds in the word. Both answers
are typed on the keyboard. They are then shown the answer and are asked whether that was the
word they had in mind. A “Yes’ response at this stage is recorded as a true TOT instance, and a
TOT score out of 60 is recorded for analysis. This TOT task has been used in previous research
with older adults and was found to be related to cardiovascular health (Segaert et al., 2018).
There were two 60-word lists for this task, which were counterbalanced across participants. The

TOT task takes approximately 20 minutes.

Procedure
All participants were screened on the inclusion and exclusion criteria and gave informed
consent before being allocated to the intervention or active control group. Groups were

allocated using stratified randomisation (split by sex), to ensure equal sex distribution.
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Participants completed a baseline assessment of all outcome measures which took around two
hours as well as a questionnaire to record demographic information. Age, sex, ethnicity, highest
educational qualification, and regular medication were all recorded. Cognitive measures were

coded and administered using PsychoPy (Peirce et al., 2019).

The researcher then downloaded either the intervention application (Peak) or control
application (Cardgames.io) onto the participant’s smartphone or tablet. Participants were shown
how the applications work and were instructed to train for at least 15 minutes each day for the
duration of the intervention period (three months). This training intensity and duration was
based on a previous report which found that 50% of studies had less than 8hrs 20mins of training
in total (Noack et al., 2014). If adhered to correctly, our intervention would result in at least
22.5hrs of training. While more training could in theory be more beneficial to our outcomes,
we wanted to choose a duration and intensity that would be feasible and achievable for our
chosen population. Adherence to the training programme was measured by asking participants
to keep a training diary, which they reported through weekly emails detailing how much training
they had completed that week (in minutes per day), what their Peak brain scores were
(intervention) and what games they had played (active control). This also controlled for the

amount of researcher contact both groups received.

Participants repeated the series of outcome measures immediately after the three-month
intervention, to assess any direct effects of the training. At post-intervention, additional
questions were asked about motivation (‘How motivated were you to complete the training?’)
and enjoyment (‘How much did you enjoy the training?’) on a 7-point Likert scale from 1- ‘Not

motivated’ / ‘I did not enjoy it’, to 7 — ‘Extremely motivated’ / ‘I really enjoyed it’. Adherence
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to the training was determined by asking participants how many days of training they missed

per week.

The study was randomised, controlled, and a single blinded intervention: participants
were randomly allocated and both groups were told the study aimed to investigate the effects
of computerised smartphone apps on cognitive health, to ensure the same level of expectation
effects (Kable et al., 2017). The assessor for both sessions was not blinded to whether
participants were part of the intervention or control group, but, while in theory this might
introduce bias (Kendall, 2003), it is important to note that all cognitive outcome measures were
computerised which should mitigate potential limitations. The study was approved by the
University of Birmingham Ethics Committee (ERN 19-1176) and complied with ethical
considerations outlined in the British Psychological Society Code of Human Research Ethics
(BPS, 2021). The study was performed in accordance with all relevant guidelines and

regulations. Participants received monetary compensation for the in-person visits.

Data reduction and analysis

Before analysis, data were cleaned to identify outliers, using Python 3.7. Outliers for
RT data (for N-back, CRT, LC, and ANT tasks) were detected and removed from 2+SD from
the mean, per participant per condition. This removed around 1% of RT responses. Individual
responses were excluded from analysis if the % accuracy was below 50% for that task (this
removed one participant’s response for CRT, four for the Letter Comparison task, four from the

N-back task, four from the ANT, and two from the ToT task).
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Pre- vs post-intervention cognitive scores were analysed in R Studio (RStudio Team,
2020). For those tasks where outcome variables had repeated observations over trials and/or
participants (CRT task, Letter Comparison task, and tip-of-the-tongue task), we ran linear
mixed models using the /me4 (Bates et al., 2015) and report (Makowski et al., 2023) packages.
Linear mixed models are extensions of regressions that are increasingly popular in
psychological research (Bono et al., 2021) as a way of analysing data while being able to
account for variability within factors such as item or participant (Judd et al., 2012). For each
model, we attempted to include a maximal random-effects structure (Barr et al., 2013). We
included participant and item as random intercepts (as there may be variance between items or
individual differences in participants) and attempted to include as many random slopes (random
adjustments to the fixed effects) as the model would allow. For other tasks, where the outcome
measure is a single value (i.e., N-back d’, maximal digit span, or ANT cost score), linear

regressions were conducted using the dplyr package (Wickham et al., 2023).

For the CRT task, 3-letter condition, and 6-letter condition of the Letter comparison
task, we fitted separate linear mixed models predicting reaction time, including session (pre vs
post) and condition (intervention and control) as fixed effects. Random intercepts were included
for participants and items. Random slopes for items were not included in the final models as
they did not converge (Barr et al., 2013). These models were estimated using REML (Corbeil
& Searle, 1976) and used nloptwrap optimizer. ToT data was analysed by a generalised linear
mixed effects model, as the dependent variable (tip-of-the-tongue occurrence) was binomial
(ToT response was either a 0 — no ToT, or 1 — ToT). ToT occurrence was predicted by fixed
effects of session, condition, and the number of phonemes in each item (Segaert et al., 2018),

as well as including random intercepts for item and participant. Random slopes were again not
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included in the final model due to non-convergence. ToT models were estimated using
maximum likelihood and BOBY QA optimizer, with the logit link function. Maximal digit span,
I-back d’, 2-back d’, and alerting score, orienting score, and executive control score from the
ANT were all investigated using session and condition as predictor variables in a linear
regression model. As less than 5% of data was missing, missing data was not estimated
(Jakobsen et al., 2017; Roth & Switzer 111, 1995; Schafer, 1999). All continuous variables were
scaled prior to analysis. As we were assessing many outcome variables and conducting multiple
statistical analyses (N=10), a Bonferroni adjusted p-value was calculated (new p-value = 0.005).
95% Confidence Intervals (Cls) and p-values were computed using a Wald t-distribution

approximation.
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4.4 Results

Demographics

Table 4.1 reports demographic information for the 103 participants who completed both

pre- and post-intervention assessment sessions. There were no significant differences between

groups at baseline in terms of age, gender, or MoCA score (all p > .05). Participants were

excluded from further analyses if total training was less than 80% (less than 18 hours in total).

Four participants (N=2 intervention, N=2 control) were excluded due to low training, meaning

a total of 99 participants (N=50 intervention, N=49 active control) were included in analysis. It

is worth noting that, following Intent to Treat principles (Montori & Guyatt, 2001), we also ran

analyses on the full dataset (N=103). Overall effects did not change for any reported analyses.

Table 4.1. Baseline demographics for intervention and active control groups.

Intervention  Active control p value
n=152) (n=51)
Age — years (SD) 70.7 (5.5) 70.5 (5.6) .84
MoCA score — M (SD) 28.3(1.3) 28.5(1.5) 45
Sex - N .94
Female 31 30
Male 19 19
Ethnicity - N .99
White 48 47
Mixed/Multiple Ethnic Groups 1 1
Other 1 1
Highest educational qualification - N
GCSEs, O-levels or equivalent 4 2
A-levels or equivalent 7 15
University undergraduate (e.g., BSc, BA) 13 14
University postgraduate (e.g., MSc, MA) 8 13
Doctoral degree (e.g., PhD) 4 0
Other 13 5

Note: MoCA = Montreal Cognitive Assessment.
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Adherence to training

Overall adherence to both intervention and active control was high. Participants were
asked to train for at least 15 minutes per day on their respective programmes for three months.
The expected training time was a minimum of 22.5hrs. On average, participants trained for
42.22hrs (SD = 26.28) and missed 4.5 days of training between baseline and follow-up during
the three-month intervention. Total hours of training were calculated per participant by time
trained across the three months, multiplying by the number of days participants trained for.
Total training hours did not differ between intervention (M = 41.34, SD = 28.05) and active

control (M = 43.13, SD = 24.59), #97) = .336, p = .369.

Motivation and enjoyment

Motivation to complete the training and enjoyment of the training were measured
through questions post-intervention. There were no significant differences between intervention
and active control in terms of motivation (p = .118) or enjoyment (p = .895) of the respective
training programmes. Intervention and active control groups were therefore matched well in

terms of motivation and enjoyment.

Intervention group practice effects: Peak performance pre- vs post-intervention

Repeated measures analysis of variance (ANOVAs) were conducted to compare first
and last reported scores for the intervention group, for each of the seven Peak categories.
Results were significant for all measures (all p < .001), indicating that participants in the
intervention group improved significantly in their performance within the app. Descriptives and

results can be found in Table 4.2. Visual representations are shown in Figure 4.2.
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Figure 4.2. Pre- and post-intervention scores for Peak games, demonstrating practice effects
within the intervention. Note: Error bars reflect standard error. Peak scores are out of 1000.

Table 4.2. Mean (SD) pre- and post-intervention Peak scores for participants in the
intervention group.

M(SD) pre- M (SD) post- ANOVA result

intervention intervention
Memory 262.47 (63.08) 435.49 (94.44) F(1,50) = 206.08, p <.001, n*= .81
Problem solving 222.12 (55.01) 363.51 (95.28) F(1,50) = 121.77, p <.001,n*= .71
Language 338.00 (107.48)  534.37 (133.22) F(1,50) = 175.03, p <.001,n*=.78
Mental agility 180.61 (29.63) 317.00 (93.55) F(1,50) = 126.20, p <.001,n*=.72
Focus 178.61 (26.38) 313.35(89.67) F(1,50) = 144.82, p <.001,n*=.74
Emotion 194.41 (53.64) 413.45 (184.92) F(1,50) = 98.56, p <.001, n*= .66
Coordination 155.14 (14.34) 219.39 (85.02) F(1,50) = 33.06, p <.001, n*= .40

Note: Peak scores are out of 1000.

Cognitive benefits of the intervention: pre- vs. post-intervention cognitive outcomes

We investigated pre- versus post-intervention cognitive outcomes using a mixture of
mixed models (where there were repeated observations over participants and/or items) and
linear regressions (where the outcome variable was one value). Raw pre- and post-intervention

scores can be found in Table 4.3. Detail on best fitting models can be found in Table 4.4 (mixed
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models) and Table 4.5 (linear regressions). Visual representations can be found in Figure 4.3.

Alpha level (o) was adjusted for multiple comparisons (0.05 / 10 = .005).

Table 4.3. Pre-intervention and post-intervention scores in intervention and active control
groups for cognitive outcome measures.

Cognitive Measure Group Pre intervention [95%CI]  Post intervention [95%ClI]
function
Working Digit Span Intervention 5.65[5.27, 6.03] 6.00 [5.67, 6.33]
memory Active control 5.84 [5.46, 6.22] 6.06 [5.73, 6.40]
1back d’ Intervention 3.817 [3.69, 3.95] 3.914 [3.84, 3.99]
Active control 3.706 [3.57, 3.84] 4.090 [4.02, 4.17]
2back d’ Intervention 2.415[2.14, 2.69] 3.045 [2.83, 3.26]
Active control 2.632 [2.35,2.91] 2.724 [2.50, 2.95]
Processing  CRT average RT (ms) Intervention 0.602 [0.57, 0.64] 0.54710.52, 0.58]
speed Active control 0.597 [0.56, 0.63] 0.540 [0.51, 0.57]
LC 3 letter RT (ms) Intervention 1.061[1.02, 1.10] 1.052[1.02, 1.09]
Active control 1.052 [1.01, 1.10] 1.020 [0.99, 1.06]
LC 6 letter RT (ms) Intervention 1.595[1.52, 1.67] 1.635[1.57, 1.70]
Active control 1.569 [1.49, 1.65] 1.537[1.47, 1.60]
Attention ANT alerting Intervention -2.19 [-8.27, 3.87] 2.18 [-2.96, 7.31]
Active control 491 [-1.16, 10.98] 5.09 [-0.04, 10.23]
ANT orienting Intervention 21.14[14.31, 27.97] 27.10[20.25, 22.95]
Active control 22.01[15.17, 28.84] 22.12[15.27,28.97]
ANT executive control Intervention 128.00 [110.02, 145.98] 122.59 [104.24, 140.94]
Active control 147.42 [129.44, 165.39] 137.44 [119.09, 155.97]
Language TOT states (%) Intervention 4.17 [2.93, 5.40] 3.13[1.93, 4.33]
functioning Active control 3.50[2.25, 4.75] 3.30[2.09, 4.51]

Note: CRT: Choice Reaction Time. LC: Letter Comparison. ANT: Attention Network Task.
TOT: Tip-of-the-tongue
CRT task

We fitted a linear mixed model to predict reaction time from session (pre and post) and
condition (intervention and active control). The model included item and participant ID as
random effects. The total effect of both fixed and random factors (conditional R?) was 0.38, and
the variance explained by the fixed effects alone (marginal R?) was 0.03. The main effect of
session was significant (t(6058) = -10.63, p <.001), but we found no main effect of condition

(p = 0.492) or interaction between session and condition (p = 0.907). Overall, RTs got faster
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post-intervention regardless of condition, after accounting for variability in items and

participants.

Letter Comparison task — 3-letter condition

We fitted a linear mixed model to predict reaction time for the 3-letter condition of the
Letter Comparison task from session (pre and post) and condition (intervention and active
control). The model included item (each letter string) and participant ID as random effects. The
variance of fixed and random factors together (conditional R?) was 0.42, and the variance
explained by the fixed effects alone (marginal R?) was 0.003. The model showed a main effect
of session (t(4399) = -4.29, p < .001) but no significant effect of condition (p = 0.917) or
interaction between session and condition (p = 0.007), once Bonferroni adjusted p-values were
accounted for. Similar to the CRT, after accounting for variance between item and participant,

RTs got faster post-intervention, regardless of condition.

Letter Comparison task — 6-letter condition

We fitted a linear mixed model to predict reaction time for the 6-letter condition of the
Letter Comparison task from session (pre and post) and condition (intervention and active
control). The model included item (each letter string) and participant ID as random effects. The
variance of fixed and random factors together (conditional R?) was 0.45, and the variance
explained by the fixed effects alone (marginal R?) was 0.005. After correcting for multiple
comparisons, there was no significant effect of time (p = 0.01) or condition (p = 0.922) but there
was a significant interaction between session and condition (t(3778) = 3.98, p <.001). Results
showed that post (compared to pre) intervention, the control group significantly reduced their

reaction times (i.e., they got faster), compared to the intervention group.
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ToT

We fitted a logistic mixed model to predict ToT occurrences per trial with session,
condition, and number of phonemes per item as fixed effects, as an increase in phonemes has
been associated with increased ToT occurrences (Segaert et al., 2018). The model included item
(each word) and participant ID as random effects. The variance of fixed and random factors
together (conditional R?) was 0.33, and the variance explained by the fixed effects alone
(marginal R?) was 0.01. After correcting for multiple comparisons, the model did not show
significant effects of session (p = 0.373), condition (p = 0.356), number of phonemes (p = 0.05)

or an interaction between session and condition (p = 0.006).

Table 4.4. Summary of the best fitting models for cognitive data using linear mixed models.

Task Predictor Coefficient 95% CI SE t-orz- p
(outcome) value
CRT task Intercept 0.02 -0.03,0.07 0.028 0.731 0.497
(RT) Session -0.055 -0.07,-0.05 0.005 -10.63 <0.001
Condition 0.013 -0.02,0.05 0.019 0.687 0.493
Session*Condition  0.0008 -0.01,0.02  0.0007  0.117 0.907
Letter Intercept 0.018 -0.03,0.06  0.023 0.776 0.439
Comparison Session -0.033 -0.05,-0.02 0.008 -4.295 <0.001
— 3 letter Condition -0.003 -0.06,0.05 0.028 -0.104 0.917
(RT) Session*Condition  0.03 0.00,0.05  0.011 2.72 0.007
Letter Intercept 0.01 -0.07,0.09  0.043 0.224 0.824
Comparison Session -0.035 -0.06,-0.00 0.014 -2.558 0.011
— 6 letter Condition 0.004 -0.08,0.09  0.045 0.098 0.922
(RT) Session*Condition 0.077 0.04,0.12  0.019 3.977 <0.001
ToT Intercept -3.780 -4.15,-3.41 0.191 -19.787 <0.001
occurrence  Session 0.119 -0.14,0.38 0.134 0.891 0.373
(0/1) Condition 0.219 -0.25,0.69  0.238 0.922 0.356
Nb Phonemes 0.098 0.00-0.20 0.050 1.960 0.050
Session*Condition -0.541 -0.92,-0.16 0.195 -2.770 0.006

Note. This analysis was conducted on N=99 participants who completed more than 80% of
minimum training hours. Following Intent to Treat principles (Montori & Guyatt, 2001), we
also ran analyses on the full dataset (N=103), including four participants who completed
<80% of the training. Overall effects did not change. Bonferroni adjusted p-values were used
based on N=10 comparisons (p = 0.005). Significant effects that remained after correcting
are highlighted in bold. T- values are used for CRT and Letter Comparison task. Z-value is
used for ToT task.
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Linear regressions
A linear regression predicting 1-back d’ was statistically significant and explained a

moderate proportion of variance (F(3, 190) = 9.97, p < .001, adj. R?>= 0.12). There was a main
effect of session (t(190) = 2.97, p = 0.003; Std. B = 0.57), but condition (p = 0.101) and
interaction between session and condition (p = 0.658) were not significant. Results show that
participants in both conditions improved performance in the post-intervention session

compared to pre-intervention.

A linear regression predicting 2-back d’ was statistically significant (F(3, 188) =4.49, p
= 0.005, adj. R>= 0.05). However, after correcting for multiple comparisons (new p = 0.005),
main effects of session (p = 0.739), condition (p = 0.232), and interaction between session and

condition (p = 0.023) were not significant.

Linear regression predicting digit span from session (pre and post) and condition
(intervention and control) was conducted. The model was not significant and explained little of
the variance (F(3, 193) = 1.11, p = 0.344, adj. R?>= 0.002). There were no significant effects of
session (p = 0.378), condition (p = 0.437) or an interaction between the two (p = 0.704).

Participant performance did not change as a result of session or condition.

Similarly, linear regression predicting alerting score from session and condition was not
significant (F(3, 191) = 1.23, p = 0.301, adj. R>= 0.003). Results showed no significant effects
of session (p = 0.843), condition (p = 0.083) or interaction between session and condition (p =
0.409). A linear regression predicting orienting score from session and condition was also not
significant (F(3, 191) = 0.88, p = 0.455, adj. R?=-0.001). Results showed no significant effects

of session (p = 0.96), condition (p = 0.861) or interaction between session and condition (p =

114



0.305). A final linear regression predicting executive control from session and condition was

also not significant (F(3, 191) = 1.02, p = 0.383, adj. R>= 0.0003). Results showed no significant

effects of session (p = 0.493), condition (p = 0.149) or interaction between session and condition

(p = 0.45). Results showed no effects of time or condition for any of the ANT cost scores.

Table 4.5. Summary of regression models for cognitive data analysed using linear regression.

Qutcome Predictor Coefficient 95% CI SE t-value P
I-back d’ Intercept -0.187 -0.29,-0.08  0.053 -3.505 <.001
Session 0.226 0.08, 0.38 0.076 2.972 0.003
Condition 0.124 -0.02, 0.27 0.075 1.650 0.101
Session*Condition  0.047 -0.16, 0.2 0.107 0.443 0.658
2-back d’ Intercept -0.067 -0.32,0.18 0.126 -0.533 0.595
Session 0.059 -0.29,0.41 0.178 0.333 0.739
Condition -0.212 -0.56, 0.14 0.177 -1.200 0.232
Session*Condition 0.571 0.08, 1.06 0.250 2.286 0.023
Digit Span Intercept -0.046 -0.40, 0.31 0.180 -0.259 0.796
Session 0.224 -0.28,0.73 0.254 0.884 0.378
Condition -0.197 -0.70, 0.30 0.253 -0.778 0.437
Session*Condition 0.135 -0.57, 0.84 0.358 0.378 0.706
ANT: Intercept 2.767 -2.92, 8.46 2.884 0.959 0.339
Alerting Session -0.807 -8.81,7.20 4.058 -0.199 0.843
score Condition -7.110 -15.16,0.94 4.079 -1.743 0.083
Session*Condition 4.741 -6.55,16.03  5.725 0.828 0.409
ANT: Intercept -1.261 -8.12, 5.60 3.478 -0.363 0.717
Orienting Session -0.244 -9.90, 9.41 4.893 -0.050 0.960
score Condition -0.868 -10.57,8.83 4918 -0.176 0.860
Session*Condition 7.104 -6.51,20.72  6.902 1.029 0.305
ANT: Intercept 12.259 -6.45,30.97 9.486 1.292 0.198
executive Session -9.174 -35.50,17.15 13.347 -0.687 0.493
control score  Condition -19.420 -45.88,7.04 13.415 -1.448 0.149
Session*Condition 8.419 -28.72,45.56 18.828 0.447 0.655

Note. This analysis was conducted on N=99 participants who completed more than 80% of
minimum training hours. Following Intent to Treat principles (Montori & Guyatt, 2001), we
also ran analyses on the full dataset (N=103), including participants who completed <80% of
the training. Overall effects did not change. Bonferroni adjusted p-values were used based on
N=10 comparisons (p = 0.005). Significant effects that remained after correcting are
highlighted in bold.
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Figure 4.3. Pre- and post-intervention scores for outcome measures split by condition,
demonstrating a lack of transfer effects to cognitive measures. a: scores for working memory
measures, analysed using linear regression. Higher scores represent better performance. b:
scores for attention measures, analysed using linear regression. Higher performance for
alerting and orienting, and lower scores for executive control, represent better performance. c:
scores for processing speed measures, analysed using mixed models. Lower scores represent
better performance. d: score for tip-of-the-tongue measure, analysed using mixed models.
Lower scores represent better performance. Note: Asterisks (*) represent significant time by
condition interaction. Error bars reflect standard error
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4.5 Discussion

This study explored the benefits of Peak, a commercially available adaptive brain
training programme, on cognitive abilities in a sample of older adults. In line with
recommendations for evaluating the effectiveness of these programmes, we used a randomised
controlled intervention study design, with a sufficiently large sample of healthy older adults, a
blinded active control group, and assessed potential cognitive benefits using a comprehensive
test battery. In line with our hypothesis, we found practice effects in the intervention group,
specifically observing significant improvements on the Peak training games. However, we
found no evidence of transfer to untrained tasks. While some previous research had suggested
promising effects of brain training programmes (Anderson et al., 2013; Meltzer et al., 2023;
Savulich et al., 2019), the literature is mixed and many other studies, alongside our own, find

little to no transfer effects (Guye & von Bastian, 2017; Stojanoski et al., 2018).

Our data demonstrated that participants in our intervention condition significantly
improved their scores for all seven of Peak’s categories: Memory, Problem Solving, Language,
Mental Agility, Focus, Emotion, and Coordination. Practice effects are shown regularly in brain
training studies, so this was not unexpected. We also found some test re-test effects where both
our intervention and active control group improved in performance on our cognitive outcome
measures. Test re-test effects (which are well documented in the literature, Scharfen et al.,
2018) as well as improvements within the training programme are unlikely to indicate true
improvements in cognitive abilities, but merely learning effects of being able to do the training
task. The key aim for the present study was to assess whether brain training leads to transferable

benefits to wider cognitive abilities.
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We did not find any evidence of transfer effects. The only session by condition
interaction we found, after accounting for variability in items and participants, was for the 6-
letter condition of the Letter Comparison task. Data showed that reaction times got faster in the
active control group compared to the intervention group post vs. pre-intervention. This finding
is slightly unexpected, but the finding that a control group improves more than a cognitive
training group has previously been shown (Hardy et al., 2015; van Muijden et al., 2012).
Further, the effect is marginal, with the average RT in the intervention group increasing by
40ms, while the control group decreasing by 32ms. Nevertheless, there are potential issues with
our choice of active control; it is a similar-form control rather than an active-ingredient control
(Masurovsky, 2020), and arguably our control group could have differed in terms of the choice
of games. These reasons may have led to the significant improvement in RTs compared to the

intervention group in the 6-letter condition of the Letter Comparison Task.

However, our active control group, who played computer games on a free smartphone
application, was similar regarding the novelty and variety of tasks. We found no significant
differences between our intervention and active control groups in terms of motivation or
enjoyment. This is important as research has shown these factors can affect intervention success
(Green & Bavelier, 2008). Furthermore, there were no significant differences between groups
in how much time participants trained for. This shows that the active control group was a
suitable match for the experimental condition — they were comparable in these important
factors, but their training did not include the brain training element. Note that our study design
is comparable to a cognitive training study that used Lumosity to assess improvements in
executive function in younger adults (Kable et al., 2017). Similar to our study, they used an
active control group that was matched to the intervention group in terms of engagement,

motivation and novelty (Kable et al., 2017). In line with our findings, they found practice
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effects but did not find any evidence of transfer effects from the brain training programme to
any cognitive outcome measures. We have both corroborated the findings from this study and

extended the research to an older population.

We did not find any evidence that brain training significantly improved cognitive
performance in the intervention group when comparing to the active control. As mentioned in
the introduction, transfer effects are few and far between in existing brain training literature,
and it is possible that ‘transfer effects’ in published research are sometimes misinterpreted
practice effects instead. For example, one recent study reported transfer effects for a composite
of memory measures, however these were driven solely by improvements in N-back training
(H. K. Lee et al., 2020). Upon closer examination, the cognitive training programme
administered in the intervention group (BrainHQ) involved an N-back style game, and

therefore any suggested transfer is arguably due to a practice effect.

It is important in this field to closely scrutinise previous research, as the terms practice
effects and transfer effects are sometimes not fully explained. For example, one recent study
analysed retrospective data from Peak and suggested that from a sample of 12,000 users,
processing speed increased after 100 sessions of Peak training (Bonnechere et al., 2021). While
this finding is impressive at face value, what is important here is that the authors’ measure of
processing speed was performance on the trained games and thus should be interpreted as
practice effects. Our data show practice benefits do indeed take place during brain training, but
in the present study at least, this does not transfer to other measures of the same cognitive
constructs, or to different cognitive constructs. Results such as these should therefore be

interpreted with caution.
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Although our data suggest there are no direct benefits of brain training on cognitive
performance in this population, there may be indirect benefits. There is rarely a negative impact
of using these programmes, and perhaps a belief of these applications working might lead to
improvements in wellbeing, which itself is helpful. For example, worries about cognitive health
has been associated with poorer psychological wellbeing (Sutton et al., 2022) and have even
been linked with poorer cognitive performance (Caughie et al., 2021). Therefore, even if these
applications do not directly improve general cognitive ability, if they reduce worry about
cognitive decline in older adults this is still beneficial. This is a possible avenue for future
research. There may be factors not analysed in the present study that may have mediated
training effects. For example, higher baseline cognitive performance has been shown to result
in smaller training effects in brain training studies (Harvey et al., 2020), so theoretically this
could impact cognitive improvements. Similarly, while groups did not differ in total amount of
training, there were individual differences in the amount of training that may have impacted
potential gains in cognitive performance. While outside the scope of the present study, this is

something future research could investigate.

Limitations of the present study include that the sample consisted of mainly White
participants, which limits the generalisability of the findings. A positive of our sample however
is that the sample size was larger than 90% of previous cognitive training studies (Noack et al.,
2014). One could argue that the flexibility participants were afforded in training duration is a
limitation of our study design. Indeed, there were large differences in how long participants
trained for; some maintained the minimum 15 minutes a day, but many went above and beyond.
While we designed this intervention to be controlled and robust, we also wanted it to be
enjoyable and not too restrictive for the participants. A small pilot study found limiting training

to 15 minutes a day was difficult due to participants enjoyment of the training, so we removed
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this requirement for the study presented here. Importantly, training duration did not
significantly differ between the intervention and the control group, so this is unlikely to have
impacted results. Future research would benefit from including more than one language task
(such as verbal fluency). Finally, future studies would benefit from the inclusion of non-
cognitive outcomes (such as mental health symptoms), a further assessment or booster training
sessions to investigate potential longer-term benefits, as well as a double-blind design in which

both the participant and researcher were blinded to participant condition.

Researchers and consumers alike should look closely at the terms used in publications
and on company websites, as we have shown that making a clear distinction between transfer
and practice effects is important. This has implications in the brain training market as
consumers should be aware of the differences and what they mean in terms of real-life results.
A recent meta-analysis concluded that at present there is no convincing empirical evidence to
suggest brain training programmes lead to tangible transfer effects in older adults (Nguyen et
al., 2022). Our data is in line with this and suggests that commercial brain training leads to
practice effects, without convincing evidence of transfer to cognitive abilities beyond the
practiced tasks. In short, in our sample of healthy older adults, practice makes perfect, but it

does not transfer to wider cognitive benefits.
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CHAPTER 5 - GENERAL
DISCUSSION
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5.1 Summary of aims

This thesis sought to contribute to knowledge of older adult cognitive, mental, physical,
and serological markers of health, using a combination of cross-sectional and intervention

studies. The aims of each chapter were as follows:

1. Investigate cognitive, mental, and physical wellbeing in older adults during the
COVID-19 pandemic via an online survey (Chapter 2)

2. Explore, using a person-centred approach, the differences in cognitive performance in
older adults based on profiles of physical, mental, and serological markers of health
(Chapter 3)

3. Examine the efficacy of a commercially available computerised brain training
programme for improving cognitive performance in a sample of healthy older adults,

in a three-month randomised and controlled intervention design (Chapter 4)

5.2 Summary of findings

This thesis first assessed older adult wellbeing in a period of uncertainty, during the
COVID-19 pandemic (Chapter 2). Results showed that worrying about cognitive health was
associated with poorer mental and physical wellbeing, and that those who reported higher
levels of social interaction and physical activity also reported better psychological wellbeing.
Next, we used a person-centred approach, latent profile analysis (LPA), to establish profiles in
older health based on physical, mental, and serological markers of health (Chapter 3). Results
revealed three profiles: one who demonstrated good physical and mental wellbeing, a second

who reported average physical functioning but poor mental wellbeing, and a third group who
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reported good mental wellbeing but poor physical health. We then investigated whether there
were differences in cognitive performance between the three groups but did not find
meaningful group differences. Finally, Chapter 4 assessed the effectiveness of a commercially
available brain training programme for cognitive function in healthy older adults, in a
controlled intervention study that overcame many methodological issues reported in previous
research in this field. We found no transfer benefits of a three-month training programme
compared to an active control group in relation to performance on cognitive functions known
to be affected by ageing: working memory, processing speed, attention, or language

functioning.

The following discussion highlights key findings from each empirical chapter,
discusses overall strengths and limitations of the thesis, and suggests future directions for the

field.

5.3 Key findings and theoretical implications

1. Worries about cognitive health may impact psychological and physical wellbeing

Chapter 2 examined cross-sectional associations between cognitive health worries,
psychological wellbeing, and physical health, in an online survey of older adults in the UK
during the COVID-19 pandemic. This chapter was motivated by the COVID-19 pandemic and
nationwide lockdowns. At the time of data collection, little had been published on how older
adult wellbeing had been affected, and assessing worries about cognitive health was a way of
investigating subjective concerns about cognition at the time. Results showed that compared to
participants who did not worry about their cognitive health, those who did worry scored

significantly higher on depression, anxiety, loneliness, and fatigue scales, and significantly
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lower on sleep satisfaction, subjective vitality, and quality of life scales. Results furthermore
supported what Aad been published in the literature and showed that participants who reported
higher levels of physical activity and social interaction also reported better psychological
(depression and loneliness) and physical (fatigue) wellbeing. Surprisingly, we found no
significant differences in psychological wellbeing between participants who were concerned

about the COVID-19 pandemic (COVID-19 worry) and those who were not.

The findings that cognitive health worries were significantly associated with both
psychological and physical wellbeing extends previous research investigating dementia worry
in older adults. Research has found dementia worry to be linked with depression, stress, and
quality of life (Cutler & Bragaru, 2017), and with performance on executive functioning
measures (Caughie et al., 2021). The cross-sectional findings from Chapter 2 suggest negative
effects of cognitive worries transcend mental wellbeing and can associate with poorer
perceived physical health in terms of fatigue and sleep satisfaction. These findings perhaps
suggest we need to pay more attention to the mechanisms behind dementia and cognitive health
worry and identify potential interventions that can support cognitive performance in older

adults. This may help to improve perceived physical health as a result.

Our findings partially support previous research conducted during the pandemic that
utilised latent profile analysis (Maxfield & Pituch, 2022). The analysis established one profile
that was characterised by high levels of dementia related worry, and participants in this profile
also reported more anxiety, depression, and COVID-19 worry symptoms than those with low
dementia related worry (Maxfield & Pituch, 2022). This partially supports our results that
showed cognitive worries to be related to psychological wellbeing. However, we did not find

associations between COVID-19 worry and negative psychological wellbeing. Data collection
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for this study took place early in the pandemic (April to May 2020), so it may be that overall
concerns were higher in the early stages compared to our data collection almost a year later
(February to April 2021). Indeed, psychological wellbeing scores have been found to fluctuate
over time in the UK during the pandemic, coinciding with the number of cases and strength of
restrictions in place (Daly & Robinson, 2021). While speculative, this research, taken together
with the findings from Chapter 2, suggests that there are clear associations between dementia
worry and negative psychological wellbeing, but they do not always relate to COVID-19
concerns. Instead, COVID-19 concerns may be more related to the level of restrictions in place

at time of data collection.

The findings that more physical activity and increased social interactions were
associated with better psychological wellbeing is not necessarily surprising but was important
to corroborate. Research conducted during COVID-19 broadly supports this finding and has
shown that physical activity and social interactions are protective against negative mental
health impacts of the pandemic (Carriedo et al., 2020; Groarke et al., 2020). Our findings
therefore provide further support to the idea that in times of social isolation, keeping physically

and socially active is important to mental wellbeing (Callow et al., 2020; Groarke et al., 2020).

Chapter 2 adds to the growing body of literature on how the COVID-19 pandemic has
affected older adult health. It assessed cognition (albeit subjectively) at a time when laboratory-
based cognitive assessments were difficult or not possible during nationwide lockdowns. It
extends previous research investigating dementia related worries, finding that worrying about
cognitive health relates to poorer psychological wellbeing as well as poorer physical health,
affecting sleep and fatigue. The findings from this cross-sectional study have implications for

future research, as interventions that can successfully reduce dementia worry may be able to
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improve cognitive wellbeing. Further, these interventions could potentially have a positive

indirect impact on their perceived physical health and overall quality of life.

2. There are significant and interesting relationships between physical functioning,
mental wellbeing, and serological markers of health in older adults, but these

profile characteristics do not necessarily relate to cognitive performance

Chapter 3 used a person-centred approach, latent profile analysis, to identify
characteristics of populations based on their physical functioning, mental wellbeing, and
serological markers of health. The LPA identified three distinct, but related profiles of people
based on the distribution of data. Just under half of the sample were Optimally ageing,
displaying good physical and mental health as well as low levels of inflammation. A second
group of participants, Average physical health but challenged mental health, displayed physical
functioning and inflammatory levels around the sample mean, but their mental health scores
were high (i.e., poor). Our final group, Challenged physical health but good mental health,
showed the poorest scores for physical functioning and inflammation, but their mental health

scores were below the mean (i.e., good) and similar to our Optimally ageing group.

The characteristics of the Optimally ageing group reflects much previous research that
shows good physical functioning to be related to good mental wellbeing (e.g., Park et al., 2019).
However, the other two profiles, in particular the Challenged physical health but good mental
health group, are perhaps more surprising given the associations between physical and mental
wellbeing. The subtle differences in how mental and physical wellbeing related to each other
therefore prove an interesting thought for potential protective factors in older adults. As

reported in Chapter 3, research has found many protective factors against negative mental
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health symptoms, including physical, cognitive, and socioeconomic resources one can draw
one, strategies to manage life stressors, and meaningful engagement through volunteering or

social activities (Fiske et al., 2009).

The second step of the analysis was to use these latent profiles as independent variables
and to compare group differences in cognitive performance. We did not find significant
differences between groups in terms of performance on working memory, processing speed,
attention, or language functioning measures. This was surprising as research has shown links
between physical, mental, and serological markers of health individually with cognitive
performance (Lara et al., 2019; Lautenschlager & Almeida, 2006; Yaffe et al., 2003). The lack
of significant differences here may be due to a lack of variance or power (Johnson, 2021), or
that there were simply no differences to find in our sample of healthy older adults. Despite this,
Chapter 3 can be used as a template for future research to examine older adult health in more

detail, using person-centred approaches.

This chapter has theoretical implications in comparing variable- and person-centred
approaches. Person-centred approaches such as LPA overcome limitations of variable-centred
approaches by allowing the possibility of subpopulations within a given sample. Research
shows that generally, good physical health is associated with good mental health, and our
findings partially support this. However, the LPA also found smaller subgroups that show
differing patterns of wellbeing. These findings show that it is important to not just look at
individual markers of health, but that a profile based on multiple markers of health could
provide more information. For example, it is possible that the negative effects of poor mental
health on cognitive function could be compensated by good physical health in some

individuals. This suggestion would need to be tested in further research.

128



3. After controlling for a number of methodological inconsistencies found in the
literature, practice makes perfect, but brain training does not improve wider

cognitive performance

Chapter 4 assessed the effectiveness of a commercially available brain training
programme, Peak, in a randomised controlled intervention study with a sample of healthy older
adults. This chapter was motivated by the reported potential benefits of brain training
programmes (e.g., Kueider et al., 2012; Lampit et al., 2014) and sought to overcome many of
the methodological issues that had been identified in previous reviews, as mentioned in the
introduction of this thesis. We used a larger sample than many studies in the field (Noack et al.,
2014), randomised participants to condition (stratified by sex to ensure equal sex distribution)
and included an appropriate blinded active control group that matched the intervention on
motivation and enjoyment as well as intensity and training duration. We furthermore assessed
cognition and transfer effects comprehensively, including three measures for working memory,
processing speed, and attention, which would allow assessment of improvements across

cognitive functions rather than within specific tasks.

The results from Chapter 4 indicate that there are no transferable benefits of a brain
training programme on cognitive performance, in our sample of healthy older adults. We show
that practice effects do indeed take place, as our intervention group significantly improved on
all seven of Peak’s categories. This is commonly shown in published research, with many
studies showing improvements on the trained tasks (e.g., Owen et al., 2010; Stojanoski et al.,
2018). However, we found no evidence of transfer to working memory, processing speed,

attention, or language functioning. Our results are contrary to research that has found transfer
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effects (McDougall & House, 2012), but do echo that of other training studies that find limited
or no transfer to wider cognitive abilities (Booth et al., 2023; Kable et al., 2017; Ripp et al.,
2022). The reasons for such inconsistencies in findings likely come down to the methodological
differences between studies which have been identified in review papers (e.g., Simons et al.,
2016). For example, one striking comparison involves two studies that examined effects of an
adaptive, computerised working memory training programme. The studies were very similar
in terms of study design, but either used a passive (Penner et al., 2012) or active control group
(Booth et al., 2023). The study with a passive control group reported significant transfer to
other cognitive tasks, while the study with an active control group reported no transfer. While

this may not explain all the differences, it emphasises the importance of an active control group.

We also argue that better distinctions need to be made between practice and transfer
effects, as published research sometimes does not make this clear. For example, a recent paper
claimed that regular use of the Peak brain training app improves processing speed (Bonnechere
et al., 2021). The conclusions from this large-scale retrospective observational study are
arguably exaggerated, as their measure of processing speed was merely the games within the
app. These ‘effects’ are therefore likely to be reflective of practice effects rather than true
improvements in processing speed, as they show improvements within the trained task rather

than training-induced gains seen in untrained tasks (Ripp et al., 2022).

The findings from Chapter 4 add to the growing body of literature that investigates
brain training programmes in a controlled manner. It emphasises the need to conduct rigorous
trials where possible, and to include appropriate active control groups and a comprehensive
test battery. It suggests that researchers should be careful not to overstate their findings or

confuse practice and transfer effects as this has implications for consumers who may believe
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in the benefits of these programmes. Importantly, research has shown that older adults have
higher expectations of these programmes compared to younger adults (Rabipour & Davidson,
2015), but this chapter suggests limited benefits in terms of cognitive performance. These
results therefore indicate that brain training programmes need to be evaluated rigorously, so

consumers are aware of their true effects.

5.4 Overall strengths and limitations

This thesis has strengths in its broadness of topics and range of methodologies and
analysis techniques. Chapter 2 was an adaptation of the original research plan as a result of
COVID-19 restrictions. However, it allowed research to continue during a global pandemic
and as a result I gained a grounding in the literature surrounding COVID-19 and older adult
wellbeing through an online observational survey. The person-centred approach in Chapter 3
gave an alternative viewpoint to traditional variable-centred approaches, lending more
specificity to our results. We included a wide range of variables in the LPA, allowing us to
identify patterns across physical functioning, mental wellbeing, and serological markers of
health. Combining both physiological and psychological variables meant we could assess an
individual holistically rather than focusing on one aspect of health. While some LPA review
papers suggest our sample size may restrict our results, I believe that this chapter can be used
as a basis for future research investigating links between multiple aspects of health in later life.
Finally, Chapter 4 had strengths by overcoming methodological issues in past brain training
research, adopting a single-blind randomised controlled intervention design. Double blinding
was not possible due to the small research team, but single blinding is not often possible in
cognitive training studies due to the nature of the training (Simons et al., 2016). The fact that
participants were blinded to condition (intervention and control participants were told that the

experiment was investigating different types of cognitive training) is therefore a strength of the
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design. We included an active control condition that matched in terms of enjoyment,
motivation, and intensity, making it appropriate for the intervention. We finally assessed both
practice and transfer effects, clearly differentiating the two. These factors, alongside the

comprehensive test battery, makes it more rigorous than many other studies in the field.

There are some limitations to be addressed. Following on from our findings in Chapter
2 regarding cognitive health worries, we could have assessed worries about cognitive health
(or dementia worry) in Chapters 3 and/or 4 to allow a comparison across chapters. It would
have been particularly interesting for the intervention in Chapter 4. Despite not finding any
cognitive improvement as a result of the brain training, there could be an unmeasured placebo
effect in which some participants (intervention or control) believed that the training was
improving their cognitive health, and therefore reducing worries about their brain health.
Indeed, some research suggests that dementia worry can be reduced by interventions, with one
study successfully using group cognitive behavioural therapy (CBT) to reduce dementia worry
in older adults (An et al, 2020). Other than this however, investigation on cognitive

interventions to reduce dementia worry is limited and is a clear direction for future research.

A limitation that runs throughout the empirical chapters is the characteristics of the
sample, as, for the most part, my participants were White and educated to at least undergraduate
level. Research has found those who take part in ageing research are likely to be more educated,
healthier and more motivated than the general population (Cabeza et al., 2005, p. 31).
Therefore, wider samples are under-researched in the ageing literature. Furthermore, the
diversity of the sample could arguably be affected by eligibility criteria for Chapters 3 and 4,
which required participants to be monolingual native English speakers, due to the tip-of-the-

tongue task being affected by bilingual performance (Gollan & Brown, 2006). Particularly
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relevant to Chapter 2, recent research has shown non-White adults to be more negatively
affected in terms of mental wellbeing during the COVID-19 pandemic and showed higher
levels of unmet mental health care needs (Thomeer et al., 2023). Future research would benefit

from including wider samples to assess age-related changes in a broader population.

5.5 Overall conclusions and implications

Adults over 65 years of age take up an increasingly large proportion of the general
population (Randall, 2017), and with this comes a higher cost to health and care services
(Robineau, 2016). Optimising healthspan before age-related decline (e.g., cognitive
impairment or mobility issues) is therefore imperative to reduce these costs. This thesis
contributes to the field by combining functions of ageing (across cognitive health, mental
wellbeing, physical functioning, and serological markers of health) to gain a more holistic view
of the ageing process. The empirical chapters have evaluated wellbeing during a global

pandemic, used novel person-centred approaches, and conducted a robust efficacy intervention.

The results from this thesis provide many avenues for future research. Dementia worries
could be investigated further to establish whether they can be reduced through cognitive
interventions. Research could investigate protective factors against mental health declines
relative to declines in physical health. Finally, research should ensure that any future
interventions assessing the efficacy of brain training programmes are done rigorously. It is
hoped that by conducting further research in these areas, our understanding of older adult health
(and the relationships between different aspects of health) and how to extend healthspan are

understood more clearly.
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Taken together, the results from this thesis indicate that worrying about cognitive health
may be detrimental to both psychological and physical wellbeing (Chapter 2). This chapter
also suggests that more research needs to be undertaken to assess interventions to mitigate
potential negative effects, especially in times of uncertainty such as a global pandemic. Second,
this thesis shows that there may be subtle differences in patterns of physical functioning and
mental wellbeing in older adults, and that poor physical health does not always associate with
poor mental health (Chapter 3). This has implications for public health initiatives, in that
interventions may need to be targeted to consider a holistic profile of an individual. Finally, it
provides strong evidence that in a controlled intervention study, brain training programmes do
not transfer to wider cognitive abilities in older adults, and that more needs to be done to

separate practice and transfer effects for consumer benefit (Chapter 4).
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Appendix 1. Variance and Covariance matrix for LPA models 1, 2, 3, and 6, with

APPENDICES

corresponding Mclust model name.

Variances Covariances Mclust model
Model 1 Equal Zero EEI
Model 2 Varying Zero VVI
Model 3 Equal Equal EEE
Model 6 Varying Varying VvV

Appendix 2. Full fit indices for models 1, 2, 3, and 6. Note that models 2 and 6 failed to

converge so values for 2-4 profiles are not included

Model No.of AIC BIC SABIC Entropy prob min prob max n min BLRT p
profiles

1 1 2810.92 285936  2802.48 1.00 1.00 1.00 1.00 -

1 2 2763.89  2839.25  2750.77  0.72 0.88 0.95 0.40  0.01

1 3 2709.79  2812.06 2691.99 0.81 0.85 0.97 0.20  0.01

1 4 2715.23 284441  2692.74 0.82 0.85 0.95 0.12  0.57

2 1 2810.92 285936  2802.48  1.00 1.00 1.00 1.00 -

2 2

2 3

2 4

3 1 2717.21  2862.55 269191 1.00 1.00 1.00 1.00 -

3 2 270691  2879.16  2676.93  0.89 0.97 0.97 025  0.01

3 3 2652.54  2851.70  2617.87 0.94 0.94 0.98 0.18  0.01

3 4 2650.15  2876.22  2610.79  0.93 0.93 0.99 0.05 0.13

6 1 2717.21  2862.55 269191 1.00 1.00 1.00 1.00 -

6 2

6 3

6 4
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