Edinburgh Research Explorer
Heterogeneity of Frailty Trajectories and Associated Factors in
the Lothian Birth Cohort 1936
Citation for published version:
Welstead, M, Luciano, M, Russ, TC & Muniz-terrera, G 2021, 'Heterogeneity of Frailty Trajectories and
Associated Factors in the Lothian Birth Cohort 1936', Gerontology, pp. 1-8.
https://doi.org/10.1159/000519240

Digital Object Identifier (DOI):
10.1159/000519240
Link:
Link to publication record in Edinburgh Research Explorer
Document Version:
Publisher's PDF, also known as Version of record

Published In:
Gerontology

General rights
Copyright for the publications made accessible via the Edinburgh Research Explorer is retained by the author(s)
and / or other copyright owners and it is a condition of accessing these publications that users recognise and
abide by the legal requirements associated with these rights.
Take down policy
The University of Edinburgh has made every reasonable effort to ensure that Edinburgh Research Explorer
content complies with UK legislation. If you believe that the public display of this file breaches copyright please
contact openaccess@ed.ac.uk providing details, and we will remove access to the work immediately and
investigate your claim.

Download date: 22. May. 2022

Clinical Section: Research Article
Gerontology
DOI: 10.1159/000519240

Received: March 12, 2021
Accepted: August 24, 2021
Published online: September 29, 2021

Heterogeneity of Frailty Trajectories
and Associated Factors in the Lothian
Birth Cohort 1936
Miles Welstead a, b, c Michelle Luciano a Tom C. Russ a, b, c
Graciela Muniz-Terrera b
aLothian

Birth Cohorts, School of Philosophy, Psychology & Language Sciences, University of Edinburgh, Edinburgh,
UK; bEdinburgh Dementia Prevention, University of Edinburgh, BioCube 1, Edinburgh, UK; cAlzheimer Scotland
Dementia Research Centre, University of Edinburgh, Edinburgh, UK

Keywords
Latent class mixed models · Subpopulations · Differential
ageing · Longitudinal study · Older adults

Abstract
Introduction: Recent research suggests that the experience
of frailty progression may be heterogeneous, with latent
subpopulations of older adults following distinct trajectories
of frailty. We aimed to investigate this notion and determine
whether certain factors are associated with the membership
of these subpopulations. Methods: Data from 5 data waves
collected over 12 years in participants of the Lothian Birth
Cohort 1936, aged 70 at baseline, were used to derive the
frailty index (FI) (NW1 = 1,091, NW5 = 431). These were used
in latent class mixed modelling to estimate subpopulations
of frailty trajectories. Results: A quadratic latent class mixed
model found 3 distinct groupings, which followed a low
(61%, n = 632), medium (36%, n = 368), or high (3%, n = 28)
FI trajectory. Each grouping had different intercepts and
slopes, with the high grouping following the steepest trajectory indicating a rapid increase in frailty. Findings showed
that in general, those in the low grouping were younger, had
higher education, higher age 11 cognitive ability, and were
from a higher social class than those in the medium and high
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groupings. Discussion/Conclusion: Our findings demonstrate heterogeneity in frailty trajectories over 12 years in individuals aged 70 years at baseline. Membership of higher
frailty trajectory groupings was associated with lower social
class, less education, and lower childhood cognitive ability,
indicating the potential for future interventions to target individuals who are at the greatest risk of belonging to the
high frailty trajectory. Future research is required to continue
this line of inquiry by exploring other risk and protective factors, and importantly, to assess whether it is possible to realign an individual’s membership to a less detrimental
grouping of frailty trajectory.
© 2021 The Author(s).
Published by S. Karger AG, Basel

Introduction

Frailty is characterized by an increased vulnerability to
external stressors and a greater risk of disease, disability,
and death [1]. It is well established that frailty can affect
groups of older people of the same age in different ways
[2], and has been shown to be a more reliable indicator of
adverse health outcomes than chronological age [3, 4].
Identifying the ways in which frailty affects different
groups in different ways at a cross-sectional level is imCorrespondence to:
Miles Welstead, miles.welstead @ ed.ac.uk

portant; however, equally important is exploring how
longitudinal frailty trajectories differ across different
groups.
A recent systematic review of longitudinal frailty studies [5] found that there is limited evidence of heterogeneity in the field, with most studies exploring mean change
over time. For example, previous studies have assessed
frailty progression over time accounting for predictive
factors such as gender [6], physical activity [7], and inflammation levels [8]. While using a population’s mean
change in frailty is widely used and effective, it does not
always capture the full heterogeneity of a dataset as it estimates the population mean frailty curve under the assumption that all individuals follow a similar pattern of
change [9]. Latent class mixed modelling [10], which
makes the assumption that there are underlying exclusive
latent classes [11], may allow us to better explore the heterogeneity of frailty in a population and isolate frailty trajectories of any underlying subpopulations with distinct
patterns of change over time. Identifying subpopulations
of frailty change and exploring the factors which may be
associated with these trajectories has important implications. Previous studies that have identified distinct frailty
trajectories in older adult populations have highlighted
the potential role this research may have in targeting
high-risk individuals [12]. Understanding these distinct
trajectories also improves the ability to design individualized interventions focussed on preventing or delaying the
development of numerous adverse outcomes that are associated with frailty [13].
Only a handful of studies using continuous frailty
measures have utilized mixture modelling approaches to
identify latent trajectories of frailty [5]. Methods of measuring frailty in these studies differed, with most favouring the frailty index (FI), which characterizes frailty as the
accumulation of deficits across multiple body systems encompassing physical, social, and cognitive domains [6,
14–16]. For example, FI trajectories were assessed in an
English cohort of participants using electronic primary
care records [17]. Over the course of 1 year with 12 time
points, a latent class mixed model with 3 subpopulations
was found to be the best fit (labelled as rapidly rising,
moderately increasing, and stable). Comparatively, other
studies used a different method to measure frailty, favouring instead the Fried phenotype which measures
frailty according to 5 criteria thought to reflect the affected systems of frailty: weight loss; exhaustion; weakness; slowness whilst walking; and low levels of physical
activity [18]. For example, 1 longitudinal study [19] used
a modified version of the Fried phenotype and found 3
2
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distinct subpopulations in a Mexican-American population over the course of 12 years (labelled as a consistently
low group, a progressive moderate group, and a progressive high group).
Although these findings suggest that frailty progression can affect different subpopulations in different ways,
further studies are needed [5]. It is important to understand the unique factors associated with these subpopulations, that is, which individuals are more likely to be
members of a rapidly rising trajectory opposed to a slow
and steady trajectory. Accordingly, here we explored the
subpopulations of trajectories in the FI over approximately 12 years in the Lothian Birth Cohort 1936
(LBC1936). FI was used as the measure of frailty as it is
measured on a continuous scale, allowing more subtle
changes in frailty over time to be detected than a categorical approach [8]. Additionally, it is widely used in the
field, allowing comparisons to other studies. We used latent class mixed models to establish a best fitting number
of subpopulations, and then explored factors predictive
of these subpopulations. In line with previous research
[17, 19, 20], we expected to find at least 3 subpopulations
of FI trajectories in the LBC1936. We also expected that
those individuals allocated to the most detrimental trajectories will have higher rates of the frailty trajectory risk
factors that we are already familiar with such as lower
education [19, 21], social class [22], and childhood intelligence [23].
Materials and Methods
Study Sample
The LBC1936 is a study based upon the follow-up of participants of the Scottish Mental Survey in 1947 which recruited 70,805
Scottish school children all born in 1936 [24]. The first wave of
LBC1936 ran from 2004 to 2007 and consisted of 1,091 participants (mean age, standard deviation [SD] = 69.5 [0.8]). Follow-up
testing occurred approximately every 3 years thereafter: wave 2
from 2007 to 2010 (n = 866, mean age [SD] = 72.5 [0.7]), wave 3
from 2011 to 2013 (n = 697, mean age [SD] = 76.3 [0.7]), wave 4
from 2014 to 2017 (n = 550, mean age [SD] = 79.3 [0.6]), and wave
5 from 2017 to 2019 (n = 431, mean age [SD] = 82.0 [0.5]) [25].
Summary data are reported in Table 1. The study followed the
Declaration of Helsinki guidelines and obtained ethical permissions from the Multicentre Research Ethics Committee for Scotland (MREC/01/0/56), Lothian Research Ethics Committee
(LREC/2003/2/29), and Scotland A Research Ethics Committee
(07/MRE00/58). Written consent was obtained from all participants.
Frailty Measure
A FI was derived at each of the 5 waves of the LBC1936 according to standard guidelines [16]. In total, 30 deficits covering psy-
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Table 1. Summary characteristics of participants at each LBC1936 wave
Variables

Wave 1
Wave 2
Wave 3
Wave 4
Wave 5
2004–2007 2007–2010 2011–2013 2014–2017 2017–2019

Participants, n
Lost to follow-up since previous wave, n
Age, years, mean (SD)
Female, n (%)
Type of residence, n (%)
Own home
Rented accommodation
Residential home
Nursing home
Other
FI, mean (SD)
Social class, n (%)
Professional
Managerial
Skilled nonmanual
Skilled manual
Semiskilled/unskilled
Age 11 cognitive ability, mean (SD)
Years of education, mean (SD)

1,091
0
69.5 (0.8)
543 (49.8)

866
225
72.5 (0.7)
418 (48.3)

697
169
76.3 (0.7)
337 (48.4)

550
147
79.3 (0.6)
275 (50)

431
119
82.0 (0.5)
222 (52)

987 (90.5)
89 (8.2)
6 (0.5)
4 (0.4)
5 (0.4)
0.16 (0.1)

791 (91.3)
67 (7.7)
6 (0.7)
0 (0.0)
2 (0.2)
0.18 (0.1)

637 (91.4)
49 (7.0)
2 (0.3)
0 (0.0)
9 (1.2)
0.20 (0.1)

506 (92.0)
32 (5.8)
1 (0.2)
0 (0.0)
11
0.21 (2.0%)

400 (92.8)
24 (5.6)
1 (0.2)
0 (0.0)
6 (1.4)
0.22 (0.1)

194 (17.8)
412 (37.8)
249 (22.8)
191 (17.5)
45 (4.1)
0.0 (11.6)
10.7 (1.1)

170 (19.6)
331 (38.2)
188 (21.7)
144 (16.6)
33 (3.8)
0.5 (11.8)
10.8 (1.1)

144 (20.7)
271 (38.9)
143 (20.5)
111 (15.9)
28 (4.0)
1.2 (11.8)
10.8 (1.1)

127 (23.1)
217 (39.5)
109 (19.8)
78 (14.2)
19 (3.5)
1.4 (11.8)
10.9 (1.2)

102 (23.7)
171 (39.7)
93 (21.6)
52 (12.1)
13 (3.0)
1.8 (11.6)
10.9 (1.2)

FI, frailty index; SD, standard deviation.

chological, cognitive, and physical dimensions were used to construct the measure. A full list of the included deficits and their
cutoff values has been described in more detail previously [8]. To
calculate an FI score for each participant, their present deficits
were summed and divided by the number of total deficits (n = 30).
For instance, a participant with 12 deficits would have an FI score
of 12/30 = 0.4. Scores ranged from 0 to 1 with a higher score indicating a higher level of frailty.
Covariates
Covariates were included to assess differences in subpopulation characteristics. We included: age at baseline, sex, years of education, age 11 cognitive function, and social class (professional/
managerial/skilled, nonmanual/skilled manual or semiskilled/unskilled). Age 11 cognitive function was derived as part of the
LBC1936 using the Moray House Test at age 11 [24] and standardized into an IQ-type score for age in days on the test date. Social
class was derived from the principal occupation of each participant
and coded using the 1980 census [26]. More detail has been reported in previous LBC1936 articles [8, 25].
Missing Data
Across the 5 waves of the LBC1936 there were instances where
some of the items needed to derive the FI were missing. To address
this, we used multiple imputations using the MICE package in R
version 4.0.3 to impute these values [27, 28]. Five rounds of imputations estimated the missing data and a total of 49 missing values
(4.5%) were replaced with substituted values. Full details of this are
published elsewhere [8].

Heterogeneity of Frailty Trajectories

Statistical Analyses
In order to identify latent subpopulations of FI trajectories in
the LBC1936, latent class mixed models were used. Of the 1,091
participants, 63 had missing covariate data. Accordingly, 1,028
participants were included in the latent class mixed models. To
establish which model was best fitting for the data, it was necessary
to compare models describing different functional shapes for the
frailty trajectories. First, models describing linear rate of change
and with an increasing number of classes were estimated. Next, we
estimated models describing quadratic change with an increasing
number of classes. The best fitting model was identified comparing
values for Akaike information criterion (AIC) and Bayesian information criterion (BIC) [29], indices that help identify the most
parsimonious model. Models with the lowest AIC and BIC are preferred. Posterior probabilities were calculated for each participant,
and participants were assigned to a certain trajectory group according to the class with the highest probability [30]. As a measure
of fit, average posterior probabilities were calculated and reported.
Comparisons of the AIC and BIC of different models revealed
that a quadratic model with either 3 or 4 classes of FI trajectories
showed the best fit. A model with 4 classes of latent FI trajectories
showed a marginally better fit according to the BIC value
(−9,995.12) and AIC value (−10,105.01) than a 3-class model (BIC:
−9,979.04, AIC: −10,068.94). However, the 4-group model had relatively low posterior probabilities for each of the group memberships (0.71 in 2 cases), whilst the 3-group model showed posterior
probabilities above 0.83 (group 1: 0.90, group 2: 0.84, group 3:
0.95). Typically probabilities above 0.80 indicate a strong fitting
model [31], and accordingly, the posterior probabilities indicate
that discrimination of individuals into groups in the 4-group mod-
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Fig. 1. FI scores for each individual of the LBC1936 over the 5
waves. Three trend lines show differing trajectories for different
subpopulations. FI, frailty index.

el was fuzzier than in the 3-group model. Additionally, upon further inspection, all individuals assigned to the smallest grouping
in the 4-group model were also assigned to the smallest grouping
in the 3-group model. Subsequently, taking into account each of
these indicators, preference was given to the 3 group quadratic
model, as it was the most parsimonious. AIC and BIC values for
each model are reported in online suppl. Table 1; for all online
suppl. material, see www.karger.com/doi/10.1159/000519240.
Comparisons of the covariates across different trajectory groupings were assessed by ANOVAs, t tests, and Pearson’s χ2 tests. All
analyses and figure creation were undertaken in R Version 3.6.1
[28] with the latent class mixed models using the Hlme package,
and Figure 1 using the Spaghettiplot function.

Results

Of the 1,028 participants with complete data, 520
(51%) were male and 508 (49%) were female. The mean
age of these participants at baseline was 69.58 (SD 0.84).
4
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Using a quadratic latent class mixed model, 3 groupings
of latent FI trajectories were identified. As illustrated in
Figure 1, findings show 3 distinct FI trajectories with differing intercepts and slopes. For ease of understanding,
these 3 trajectory groups will henceforth be referred to as
groups Low, Medium, and High.
In the quadratic model the intercept represented the
baseline FI, the linear slope corresponded to the rate of
change over time, and the quadratic term indicated the
change in the rate of change, that is, the acceleration or
deceleration over time. The low grouping was most common with 61% (n = 632) of participants. Participants in
this grouping showed a baseline FI of 0.08 (SE = 0.01)
with a linear slope of 0.04 (SE = 0.00). However, the quadratic term indicated that this increase significantly
slowed over the course of the 5 waves (q = −0.002). Accordingly, by the final wave the low grouping had increased by 0.10 to a FI score of 0.18. The medium grouping contained 36% (n = 368) of the sample, showing a
baseline FI of 0.20 (SE = 0.01) with a linear slope of 0.02
(SE = 0.01). By the final wave, the medium grouping had
increased by 0.08 to a FI score of 0.28. The high grouping
held only a small minority of the sample with the remaining 3% (n = 28). This grouping showed the highest baseline FI of 0.34 (SE = 0.03) and the steepest trajectory with
a linear slope of 0.06 (SE = 0.02) which equated to an
overall increase of 0.18 by the final wave to a FI score of
0.52.
Probability of Classification
Results estimating the probability of group membership as a function of age, sex, education, age 11 cognitive
functions, and social class, indicated that there were significant differences between the 3 groups. As reported in
Table 2, associations between the covariates and FI trajectory group were significant for age at baseline, social class,
age 11 cognitive ability, and years of education. No sex
differences were found. Post hoc t tests and Pearson’s χ2
tests were used to assess the difference between specific
FI trajectory groups and the covariates (low vs. medium/
low vs. high/medium vs. high). Significant differences indicated that members of the low grouping were significantly more likely to come from a higher occupational
social class than those in the medium (χ2[5] = 67.67, p <
0.001) or high grouping (χ2[5] = 51.72, p < 0.001). Those
in the low grouping were also significantly younger at
baseline than those in the medium grouping (t[998] =
−10.31, p < 0.001), but not the high grouping. Baseline age
did not significantly differ between the medium and high
groups. Years of education was significantly higher in the
Welstead/Luciano/Russ/Muniz-Terrera

Table 2. A comparison of covariate characteristics between latent classes
Variables

Low
(n = 632)

Medium
(n = 368)

High
(n = 28)

p value

Age at baseline, mean (SD)
Sex, n (%)
Male
Female
Social class, n (%)
Professional
Managerial
Skilled nonmanual
Skilled manual
Semiskilled/unskilled
Age 11 cognitive ability, mean (SD)
Years of education, mean (SD)

69.38 (0.83)

69.92 (0.75)

69.62 (0.74)

324 (51.3)
308 (48.7)

182 (49.5)
186 (50.5)

14 (50.0)
14 (50.0)

<0.0011*

145 (23.0)
261 (41.3)
140 (22.2)
68 (10.8)
18 (2.9%)
3.95 (9.08)
10.99 (1.16)

37 (10.1)
120 (32.6)
92 (25.0)
98 (26.6)
21 (5.7%)
−5.57 (11.80)
10.29 (0.90)

1 (3.6)
7 (25.0)
3 (10.7)
13 (46.4)
4 (14.3%)
−15.96 (15.30)
10.14 (0.89)

* p < 0.001. 1 Linear model ANOVA. 2 Pearson’s χ2 test. SD, standard deviation.

low grouping than both the medium (t[998] = 9.98, p <
0.001) and high grouping (t[658] = 3.82, p < 0.001). Age
11 cognitive ability was significantly higher in the low
grouping than both the medium (t[998] = 14.28, p <
0.001) and high groupings (t[658] = 10.95, p < 0.001), and
also significantly higher in the medium grouping than the
high grouping (t[394] = 4.39, p < 0.001). No other statistically significant findings between specific FI trajectory
groups and covariates were found.
Discussion/Conclusion

In this study, we investigated the existence of subgroups of individuals with distinct patterns of frailty
change over time using data from the LBC1936. Using a
growth mixture model, we found that participants of the
LBC1936 tend to fit into one of 3 trajectory groups. Of the
population, 61% fit into the low grouping, 36% into the
medium grouping, and 3% into the high grouping. Each
grouping showed significantly different baseline FI scores
and differing slopes of change over time. The high grouping showed both the highest baseline FI score and steepest
slope of change, indicating a rapid increase in frailty over
the 5 waves. Whilst the low and medium groupings have
significantly different baseline FI scores, over the 5 waves,
they gradually begin to take converge due to a marginally
steeper FI trajectory in the low grouping. Further analysis
revealed that membership of these 3 groupings of FI trajectory were affected by social class, years of education,
age at baseline, and age 11 cognitive ability.
Heterogeneity of Frailty Trajectories

0.8572

<0.0012*
<0.0011*
<0.0011*

Comparison with Other Literature and Interpretation
Comparisons with similar literature prove difficult
due to differing frailty outcome measures and time scales.
For example, 2 longitudinal studies [19, 20] found 3 distinct frailty trajectories in a group of older adults. However, both of these studies utilized the Fried phenotype,
which not only conceptualizes frailty in a different way to
the FI, but it also measures frailty as a categorical variable.
Comparatively, 1 longitudinal study [17] utilized the FI
and similar statistical analyses as our study, finding 3
frailty trajectories. However, this study followed participants in the year preceding the participant’s death, meaning that the trajectories will presumably be higher and
more pronounced than a relatively healthy older adult
sample like the LBC1936. However, despite these substantial methodological differences between previous
studies, it is notable that our findings of 3 distinct trajectories are consistent with all of these mentioned studies.
This indicates that frailty does seem to affect 3 subpopulations of older adults in different ways. It is unsurprising
to observe that those in the low grouping had a steeper FI
trajectory than those in the medium grouping as this supports previous findings and the notion that those with the
most to lose tend to show steeper slopes of decline. For
example, 1 study which identified 3 distinct frailty trajectories [17] found that the grouping with the lowest baseline frailty rate also showed the steepest trajectory.
Our findings indicated that social class, years of education, age at baseline, and age 11 cognitive ability all significantly differed according to FI trajectory grouping.
These findings reinforce previous research which impliGerontology
DOI: 10.1159/000519240
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cates these factors as predictors of frailty, largely finding
that younger, more educated individuals from a higher
social class are less likely to become frail [5]. These findings are significant as they indicate that modifiable factors such as education may be able to provide an effective
way to help reduce an individual’s risk of higher levels of
frailty. It seems probable that there may be other underlying factors that we have not tested for which help explain
trajectory group membership. Further research is required to assess other factors and explore the causality of
these in relation to FI trajectory group membership.
Irrespective of the potential factors associated with FI
trajectory groupings, it is clear that a certain subpopulation of older adults is at great risk of developing frailty and
rapidly declining, presumably until death occurs. By understanding these trajectories and mapping out the pathways to which these subpopulations follow, it will be better possible to put in place effective early interventions
and implement frailty treatment measures. A crucial
question for future research is whether individuals are
able to change between FI trajectory groupings, for example, with early intervention is it possible for an individual in the high grouping to shift into the medium or
low grouping. Additionally, it would be highly informative to further explore the associations between frailty trajectory groupings and clinical data such as mortality, disability, and health-care use.
Limitations and Strengths
There are several limitations to consider in this study.
Firstly, it has been well established that the participants of
the LBC1936 have higher levels of physical health and
cognitive ability than the general population [25, 32].
Physical health and cognitive ability both contribute to
frailty risk [5], and accordingly, our results may be conservative when considering the general population whereby a larger proportion may be at risk of falling into the
medium or high groupings. Secondly, after splitting the
sample into the 3 groupings, the high grouping contained
only 28 participants, and accordingly, larger studies are
required to validate our results. Thirdly, as with most longitudinal studies in older adults, due to significant rates
of attrition or loss to follow-up due to death, LBC1936 has
a healthy survivor effect whereby those who remain in the
study throughout follow-up are also the participants with
better overall health. Previous LBC1936 has shown that
those who dropout of the study had lower socioeconomic status, physical fitness, and cognitive ability [25]. Subsequently, this study may also underestimate how steep
the frailty trajectories are in the general population.
6
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Fourthly, due to the FI’s biopsychosocial approach of including a wide range of variables from various domains,
and due to small sample sizes reducing the analysis power, it was not feasible to control some important factors
such as physical activity levels, body mass index, or polypharmacy. Accordingly, it may be necessary for future
research to undertake a similar analysis in a larger cohort
using a frailty measure, such as the Fried phenotype [18]
which focusses purely on physical domains, and would
subsequently allow for more covariates to be considered.
And finally, whilst the FI has been shown to have good
reliability and validity as a measure of frailty, there are
many different ways of measuring frailty, and it is important to acknowledge that studies like this one which uses
the FI may not be comparable to other studies using different frailty measurement tools [33].
This study also had several strengths. The follow-up period was around 12 years with 5 time points (age ∼69 to ∼82
years old). Amongst community dwelling individuals, it is
thought that around 10% of 65 year olds are frail [34], with
this percentage increasing significantly over the following
decades. With this in mind, our follow-up period allowed
us to track frailty in later life over a critical period of frailty
progression. Additionally, by utilizing latent class mixed
models, we were able to capture the heterogeneity of frailty
progression in later life. By doing so, we provide a more individualized approach to frailty, acknowledging that not all
groups of people will be the same. This approach has the
potential to inform and optimize future prevention strategies with a more targeted approach.
Conclusions

This study identified 3 trajectories of frailty in the Lothian Birth Cohort 1936 across approximately 12 years of
data collection. Low, medium, and high trajectories were
found to differ significantly on a number of factors including social class, education, and age 11 cognitive ability. Addressing education and social class disparities may
help to close the gap between the most detrimental frailty
trajectories and improve health outcomes. Our findings
are a preliminary indication of heterogeneity in the progression of frailty in later life. Future research should continue to develop this line of research by implementing
consistent frailty measures in different samples and utilizing latent class mixed model analysis to reveal any trajectories of subpopulations. By exploring the heterogeneity of frailty trajectories in different populations, and factoring in variables such as social class, education, and age
Welstead/Luciano/Russ/Muniz-Terrera

11 cognitive ability, this study sheds further light on how
frailty influences certain groups of people over time. Further work into these avenues of research are imperative
in furthering our understanding of frailty and informing
therapeutic and preventative interventions.
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