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Abstract
Background and Objectives: Frailty describes an increased vulnerability to adverse events such as disease or injury. 
Combating this state remains a major challenge for geriatric research. By exploring how and why frailty changes throughout 
later life we will be better positioned to improve ways of identifying and treating those at high risk.
Research Design and Methods: We systematically reviewed publications that captured rate of frailty progression over 
time and established any associated risk or protective factors that affected this progression. We included longitudinal 
observational studies which quantified frailty trajectories in adults aged 50+ using any validated continuous frailty 
measurement tool.
Results: After screening 8,318 publications, 25 met our criteria. Findings show that despite a great degree of heterogeneity 
in the literature, progression of frailty is unquestionably affected by numerous risk and protective factors, with particular 
influence exhibited by social demographics, brain pathology, and physical comorbidities.
Discussion and Implications: Findings that the gradient of frailty progression is affected by various influencing factors 
are valuable to clinicians and policymakers as they will help identify those at highest frailty risk and inform prevention 
strategies. However, the heterogeneous methodological approaches of the publications included in this review highlight the 
need for consensus within the field to promote more coordinated research. Improved consistency of methods will enable 
further data synthesis and facilitate a greater understanding of the shape of frailty over time and the influencing factors 
contributing to change, the results of which could have crucial implications for frailty risk reduction.

Keywords:  Frail, Trajectory, Rate of change, Risk factors

Defining frailty proves highly challenging and while a 
universally accepted definition remains elusive, it is gen-
erally accepted to describe an age-related vulnerability 
which increases an individual’s susceptibility to injury, 
disability, hospitalization, and mortality (Iwasaki et  al., 
2018). Although this syndrome is greatly associated with 
the aging process, it is not an inevitable part of it (Ahmed, 
Mandel, & Fain, 2007). Hence, the study of frailty change 

becomes imperative to understand why certain individuals 
become increasingly frail at a quicker rate than others do. 
With an improved understanding of this process comes the 
enhanced ability to identify and treat those at greatest risk 
of decline.

Currently, there is no gold standard frailty measure-
ment tool (Aguayo et  al., 2017); however, several meas-
ures have been devised and widely utilized in the field. The 
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Identification of Publications

The scientific literature was systematically searched using 
the databases MEDLINE, EMBASE, and CINAHL. Each 
database was searched using headings and free text. The 
searches were not limited by publication date and included 
all publications up to March 30, 2020. For a link to the 
search strategy, see Supplementary Text S1. Reference lists 
of included studies were also hand-searched and screened 
for any further publications.

Publication Selection

M. Welstead and N.  D. Jenkins independently screened 
titles and abstracts of the publications retrieved in the 
searches. At each stage of screening and quality assessment, 
disputes were discussed and resolved by a third independent 
reviewer (G. Muniz-Terrera) with expertise in frailty 
trajectories. For publications which potentially met the el-
igibility criteria, full texts were reviewed by M. Welstead 
and N. D. Jenkins and for those included, the quality and 
risk of bias of the publications were assessed using the 
Newcastle–Ottawa scale (NOS) for cohort studies (Wells 
et  al., 2011). Consistent with previous literature (Kojima 
et al., 2019), publications scoring 5 or less were excluded.

Data Extraction

Data were extracted from all included publications in-
cluding: author, journal, year of publication, title, contact 
details, country, study type, cohort, population, baseline 
age, baseline and end of follow-up sample size, time points/
follow-up time, study objectives, frailty measure, statistical 
methodology, covariates, findings, and conclusions. Data 
were extracted by M. Welstead, with N. D. Jenkins under-
taking a 20% sample extraction to verify similar findings.

Results
A total 12,484 publications were initially identified. 
After removing duplicates, 8,318 publications remained, 
the titles and abstracts of which were read and screened. 
Subsequently, the full text of 190 publications was screened. 
Of these, 25 were selected that met the eligibility criteria. 
No further publications were found from hand-searching 
reference lists. Figure  1 shows a PRISMA flow diagram 
illustrating this process and detailing the reasons for ex-
clusion. Of the publications included, data were collected 
in the United States (n = 9) (Buchman, Boyle, Wilson, Tang, 
& Bennett, 2007; Buchman et al., 2009, 2014; Buchman, 
Yu, Wilson, Schneider, & Bennett, 2013; Chen, Mair, 
Bao, & Yang, 2015; Liu, Han, Gahbauer, Allore, & Gill, 
2018; Lohman, Mezuk, & Dumenci, 2017; Peek, Howrey, 
Ternent, Ray, & Ottenbacher, 2012; Yang & Lee, 2010), 
United Kingdom (n = 3) (Marshall et al., 2015; Rogers et al., 
2017; Stow, Matthews, & Hanratty, 2018), Canada (n = 3) 

(Gajic-Veljanoski et al., 2018; Li, Papaioannou, Thabane, 
Cheng, & Adachi, 2016; Mitnitski, Song, & Rockwood, 
2012), the Netherlands (n = 1) (Hoogendijk et al., 2018), 
and across Europe (n = 3) (Stolz, Mayerl, Rásky, & Freidl, 
2018; Stolz, Mayerl, Waxenegger, Rásky, & Freidl, 2017; 
Walkden et  al., 2018). Data quality was assessed by the 
NOS (Wells et  al., 2011) found that publications ranged 
in their scores from 7 to 9 (mean [SD] = 8.2 [0.6]). Table 1 
provides a summary of all included publications. 

Studies Using a Method Based on the FI

The vast majority of publications exploring continuously 
measured frailty change over time used the FI (n  = 13). 
However, within this selection of publications, choice 
of statistical analytic method varied. Publications either 
employed generalized estimating equations (GEEs), var-
iations of random effects models, or mixture modeling 
methodologies to estimate frailty trajectories. GEE is a 
methodology that extends generalized linear models to 
correlated measures over time and estimates the pop-
ulation change over time (Muthén & Shedden, 1999). 
Random effects models (and latent growth curve models) 
estimate the average change over time and the heteroge-
neity of individual trajectories about this average (Laird 
& Ware, 1982). Mixture models can be understood 

In
cl

ud
ed

El
ig

ib
ili

ty

Full-text ar�cles excluded 
(n = 165)

44 Frailty not measured as 
con�nuous variable

33 Publica�on type
34 Frailty measured at fewer 

than three �me points
16 Age < 50 at baseline
16 Doesn’t quan�fy frailty 

trajectory
11 Other
5 Interven�on studies
5 Frailty measurement other 

than widely accepted 
measures

1 Language other than 
English

Studies included 
(n = 25)

Records iden�fied through 
database searching and grey 
literature search (n = 12,484)

Sc
re

en
in

g
Id

en
�

fic
a�

on

Duplicates removed 
(n = 4,166)

Records screened 
(n = 8,318)

Records excluded 
(n = 8,128)

Full-text ar�cles assessed for 
eligibility 
(n = 190)

Figure 1. Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) diagram showing the pathway of systematically 
reviewing frailty trajectories.
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frailty index (FI) conceptualizes frailty as an accumulation 
of deficits across multiple body systems (e.g., physical, so-
cial, cognitive) and calculates an individual’s total number 
of deficits to quantify frailty on a continuous scale from 0 
to 1 (Marshall, Nazroo, Tampubolon, & Vanhoutte, 2015; 
Mitnitski, Mogilner, & Rockwood, 2001; Rockwood 
& Mitnitski, 2007; Searle, Mitnitski, Gahbauer, Gill, & 
Rockwood, 2008). Importantly, the researcher chooses the 
deficits included in the FI and accordingly the composition 
of each FI differs between different studies. Provided the 
deficits included in the composition of an FI follow the es-
tablished criteria proposed by Searle et al. (2008), FI scores 
have been shown to be reliable across studies (Mitnitski 
et al., 2001; Rockwood & Mitnitski, 2007). Other frailty 
measures have taken a different approach by focusing on 
markers that predict the emergence of physical frailty. By 
far the most utilized of this method is the Fried Phenotype, 
which measures frailty according to five criteria thought 
to reflect the affected systems of frailty: weight loss; ex-
haustion; weakness; slowness while walking; and low levels 
of physical activity (Fried et al., 2001). This method typ-
ically measures frailty as a categorical variable meaning 
that individuals are deemed either Non-Frail, Pre-Frail, or 
Frail. However, variations of this method allow scores to be 
used on a continuous scale of affected dimensions from 1 to 
5. A further development of this yields a continuous com-
posite score by standardizing raw dimension scores into 
z-scores and averaging these to create a composite measure 
of frailty (Buchman, Wilson, Bienias, & Bennett, 2009).

Previous research has largely focused on categorizing 
individuals into discrete frailty states rather than consid-
ering frailty as a continuum (Kojima, Taniguchi, Iliffe, 
Jivraj, & Walters, 2019). Research has also primarily been 
confined to cross-sectional studies (Stenholm et al., 2018). 
While these studies can be informative, they make the ex-
amination of frailty changes over time much more difficult 
as they are restricted to one time point and they only re-
veal an individual’s overall status (Non-Frail, Pre-Frail, or 
Frail), rather than a more precise measurement (Buchman 
et  al., 2009). Understanding how frailty changes over 
time by synthesizing current longitudinal findings is a cru-
cial step in identifying the most harmful and most prom-
ising frailty trajectories. Improved understanding of these 
trajectories will help to inform future interventions that 
aim to put individuals on a frailty path which is less detri-
mental to their overall health (Chamberlain et al., 2016). 
Furthermore, identifying the factors that can affect the na-
ture of frailty trajectories is paramount, as these will inform 
clinical care strategies. For instance, particular lifestyle 
factors may influence the progression of frailty over time 
and subsequently represent potentially modifiable areas for 
prevention and treatment strategies to focus on.

A previous review considered continuously measured 
frailty trajectories: O’Caoimh et al. (2018) conducted a 
systematic review on frailty trajectories and transitions 
exclusively sourced from publications released by the 

European Joint Action Member States. Three publications 
were identified, among which a high level of heterogeneity 
was found in the type of frailty change reported, follow-up 
length, and their choice of sampling approach. O’Caoimh 
et al. (2018) suggested that widening the search to 
publications from countries across the world would allow 
better insight into the topic. Accordingly, this systematic 
review considers observational longitudinal publications 
published around the world, which have measured frailty as 
a continuous variable over time and subsequently explored 
frailty trajectories. In this systematic review, we aim to 
highlight the field’s current limitations and summarize our 
understanding of how frailty progresses over time and 
how the rate of frailty change can be influenced by certain 
factors. By doing so we aim to inform future researchers 
and policymakers about the way in which frailty can man-
ifest in certain groups, information which will be useful for 
creating effective intervention strategies.

Research Design and Methods
This systematic review followed standard guidelines from 
the Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA) statement (Moher, Liberati, 
Tetzlaff, & Altman, 2009). A  protocol was created and 
published on the International Prospective Register of 
Systematic Review, reference; CRD42019126334 (acces-
sible at https://edin.ac/2zeie9a).

Rationale for Eligibility Criteria

Inclusion/exclusion criteria were defined by following the 
PICOS format, a framework used to develop a structured re-
sponse to a health care question (Higgins & Green, 2008). 
Due to higher prevalence of frailty in older age we focused on 
adults 50 years and older (Ahmed et al., 2007). Frailty meas-
ures were only included if they had been widely used and 
validated. Only measures that quantified frailty as a contin-
uous variable were included as this allowed rate of change to 
be assessed. Some scales, although categorical by design, are 
used in a continuous fashion. In these cases, it was decided 
that these publications should be included. Additionally, in-
tervention studies were excluded because this review was not 
focused on the effect of an intervention on frailty trajectories, 
simply the effect of aging. Full eligibility criteria were as 
follows: Publications were included if: (a) they contained any 
validated tool which measured frailty as a continuous vari-
able, (b) frailty trajectories were quantified over more than 
two time points, (c) they contained human participants aged 
50 years old or older at baseline, and (d) it was an observa-
tional study. Publications were excluded if: (a) the publica-
tion was any of the following: intervention studies, letters, 
editorials, systematic reviews, meta-analyses, viewpoints, 
comments, books, abstracts, dissertations, and (b) the full 
text was not written in English.
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Identification of Publications

The scientific literature was systematically searched using 
the databases MEDLINE, EMBASE, and CINAHL. Each 
database was searched using headings and free text. The 
searches were not limited by publication date and included 
all publications up to March 30, 2020. For a link to the 
search strategy, see Supplementary Text S1. Reference lists 
of included studies were also hand-searched and screened 
for any further publications.

Publication Selection

M. Welstead and N.  D. Jenkins independently screened 
titles and abstracts of the publications retrieved in the 
searches. At each stage of screening and quality assessment, 
disputes were discussed and resolved by a third independent 
reviewer (G. Muniz-Terrera) with expertise in frailty 
trajectories. For publications which potentially met the el-
igibility criteria, full texts were reviewed by M. Welstead 
and N. D. Jenkins and for those included, the quality and 
risk of bias of the publications were assessed using the 
Newcastle–Ottawa scale (NOS) for cohort studies (Wells 
et  al., 2011). Consistent with previous literature (Kojima 
et al., 2019), publications scoring 5 or less were excluded.

Data Extraction

Data were extracted from all included publications in-
cluding: author, journal, year of publication, title, contact 
details, country, study type, cohort, population, baseline 
age, baseline and end of follow-up sample size, time points/
follow-up time, study objectives, frailty measure, statistical 
methodology, covariates, findings, and conclusions. Data 
were extracted by M. Welstead, with N. D. Jenkins under-
taking a 20% sample extraction to verify similar findings.

Results
A total 12,484 publications were initially identified. 
After removing duplicates, 8,318 publications remained, 
the titles and abstracts of which were read and screened. 
Subsequently, the full text of 190 publications was screened. 
Of these, 25 were selected that met the eligibility criteria. 
No further publications were found from hand-searching 
reference lists. Figure  1 shows a PRISMA flow diagram 
illustrating this process and detailing the reasons for ex-
clusion. Of the publications included, data were collected 
in the United States (n = 9) (Buchman, Boyle, Wilson, Tang, 
& Bennett, 2007; Buchman et al., 2009, 2014; Buchman, 
Yu, Wilson, Schneider, & Bennett, 2013; Chen, Mair, 
Bao, & Yang, 2015; Liu, Han, Gahbauer, Allore, & Gill, 
2018; Lohman, Mezuk, & Dumenci, 2017; Peek, Howrey, 
Ternent, Ray, & Ottenbacher, 2012; Yang & Lee, 2010), 
United Kingdom (n = 3) (Marshall et al., 2015; Rogers et al., 
2017; Stow, Matthews, & Hanratty, 2018), Canada (n = 3) 

(Gajic-Veljanoski et al., 2018; Li, Papaioannou, Thabane, 
Cheng, & Adachi, 2016; Mitnitski, Song, & Rockwood, 
2012), the Netherlands (n = 1) (Hoogendijk et al., 2018), 
and across Europe (n = 3) (Stolz, Mayerl, Rásky, & Freidl, 
2018; Stolz, Mayerl, Waxenegger, Rásky, & Freidl, 2017; 
Walkden et  al., 2018). Data quality was assessed by the 
NOS (Wells et  al., 2011) found that publications ranged 
in their scores from 7 to 9 (mean [SD] = 8.2 [0.6]). Table 1 
provides a summary of all included publications. 

Studies Using a Method Based on the FI

The vast majority of publications exploring continuously 
measured frailty change over time used the FI (n  = 13). 
However, within this selection of publications, choice 
of statistical analytic method varied. Publications either 
employed generalized estimating equations (GEEs), var-
iations of random effects models, or mixture modeling 
methodologies to estimate frailty trajectories. GEE is a 
methodology that extends generalized linear models to 
correlated measures over time and estimates the pop-
ulation change over time (Muthén & Shedden, 1999). 
Random effects models (and latent growth curve models) 
estimate the average change over time and the heteroge-
neity of individual trajectories about this average (Laird 
& Ware, 1982). Mixture models can be understood 
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Figure 1. Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) diagram showing the pathway of systematically 
reviewing frailty trajectories.
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frailty index (FI) conceptualizes frailty as an accumulation 
of deficits across multiple body systems (e.g., physical, so-
cial, cognitive) and calculates an individual’s total number 
of deficits to quantify frailty on a continuous scale from 0 
to 1 (Marshall, Nazroo, Tampubolon, & Vanhoutte, 2015; 
Mitnitski, Mogilner, & Rockwood, 2001; Rockwood 
& Mitnitski, 2007; Searle, Mitnitski, Gahbauer, Gill, & 
Rockwood, 2008). Importantly, the researcher chooses the 
deficits included in the FI and accordingly the composition 
of each FI differs between different studies. Provided the 
deficits included in the composition of an FI follow the es-
tablished criteria proposed by Searle et al. (2008), FI scores 
have been shown to be reliable across studies (Mitnitski 
et al., 2001; Rockwood & Mitnitski, 2007). Other frailty 
measures have taken a different approach by focusing on 
markers that predict the emergence of physical frailty. By 
far the most utilized of this method is the Fried Phenotype, 
which measures frailty according to five criteria thought 
to reflect the affected systems of frailty: weight loss; ex-
haustion; weakness; slowness while walking; and low levels 
of physical activity (Fried et al., 2001). This method typ-
ically measures frailty as a categorical variable meaning 
that individuals are deemed either Non-Frail, Pre-Frail, or 
Frail. However, variations of this method allow scores to be 
used on a continuous scale of affected dimensions from 1 to 
5. A further development of this yields a continuous com-
posite score by standardizing raw dimension scores into 
z-scores and averaging these to create a composite measure 
of frailty (Buchman, Wilson, Bienias, & Bennett, 2009).

Previous research has largely focused on categorizing 
individuals into discrete frailty states rather than consid-
ering frailty as a continuum (Kojima, Taniguchi, Iliffe, 
Jivraj, & Walters, 2019). Research has also primarily been 
confined to cross-sectional studies (Stenholm et al., 2018). 
While these studies can be informative, they make the ex-
amination of frailty changes over time much more difficult 
as they are restricted to one time point and they only re-
veal an individual’s overall status (Non-Frail, Pre-Frail, or 
Frail), rather than a more precise measurement (Buchman 
et  al., 2009). Understanding how frailty changes over 
time by synthesizing current longitudinal findings is a cru-
cial step in identifying the most harmful and most prom-
ising frailty trajectories. Improved understanding of these 
trajectories will help to inform future interventions that 
aim to put individuals on a frailty path which is less detri-
mental to their overall health (Chamberlain et al., 2016). 
Furthermore, identifying the factors that can affect the na-
ture of frailty trajectories is paramount, as these will inform 
clinical care strategies. For instance, particular lifestyle 
factors may influence the progression of frailty over time 
and subsequently represent potentially modifiable areas for 
prevention and treatment strategies to focus on.

A previous review considered continuously measured 
frailty trajectories: O’Caoimh et al. (2018) conducted a 
systematic review on frailty trajectories and transitions 
exclusively sourced from publications released by the 

European Joint Action Member States. Three publications 
were identified, among which a high level of heterogeneity 
was found in the type of frailty change reported, follow-up 
length, and their choice of sampling approach. O’Caoimh 
et al. (2018) suggested that widening the search to 
publications from countries across the world would allow 
better insight into the topic. Accordingly, this systematic 
review considers observational longitudinal publications 
published around the world, which have measured frailty as 
a continuous variable over time and subsequently explored 
frailty trajectories. In this systematic review, we aim to 
highlight the field’s current limitations and summarize our 
understanding of how frailty progresses over time and 
how the rate of frailty change can be influenced by certain 
factors. By doing so we aim to inform future researchers 
and policymakers about the way in which frailty can man-
ifest in certain groups, information which will be useful for 
creating effective intervention strategies.

Research Design and Methods
This systematic review followed standard guidelines from 
the Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA) statement (Moher, Liberati, 
Tetzlaff, & Altman, 2009). A  protocol was created and 
published on the International Prospective Register of 
Systematic Review, reference; CRD42019126334 (acces-
sible at https://edin.ac/2zeie9a).

Rationale for Eligibility Criteria

Inclusion/exclusion criteria were defined by following the 
PICOS format, a framework used to develop a structured re-
sponse to a health care question (Higgins & Green, 2008). 
Due to higher prevalence of frailty in older age we focused on 
adults 50 years and older (Ahmed et al., 2007). Frailty meas-
ures were only included if they had been widely used and 
validated. Only measures that quantified frailty as a contin-
uous variable were included as this allowed rate of change to 
be assessed. Some scales, although categorical by design, are 
used in a continuous fashion. In these cases, it was decided 
that these publications should be included. Additionally, in-
tervention studies were excluded because this review was not 
focused on the effect of an intervention on frailty trajectories, 
simply the effect of aging. Full eligibility criteria were as 
follows: Publications were included if: (a) they contained any 
validated tool which measured frailty as a continuous vari-
able, (b) frailty trajectories were quantified over more than 
two time points, (c) they contained human participants aged 
50 years old or older at baseline, and (d) it was an observa-
tional study. Publications were excluded if: (a) the publica-
tion was any of the following: intervention studies, letters, 
editorials, systematic reviews, meta-analyses, viewpoints, 
comments, books, abstracts, dissertations, and (b) the full 
text was not written in English.
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study. Using generalized linear mixed models, findings 
showed that although frailty levels were higher in more 
recent cohorts (>1933), FI showed a consistent increase 
with age in all cohorts. Stolz et al. (2018) used SHARE 
over a 12-year period with five waves of FI data. 
Despite a high attrition rate whereby more than half of 
the participants dropped out of the study, linear mixed 
models, which assumed missing data at random, were 
able to provide good estimates of frailty trajectories. 
Findings showed a great deal of heterogeneity within 
individual-level trajectories but an overall nonlinear in-
crease in FI scores with particularly heightened increases 
from 70 years and older. It was noted that trajectories 
of the participants who dropped out (n = 12,381) were 
steeper than those who completed the final wave of fol-
low-up (n = 8,663). Consequently, the effect of higher 
attrition at each follow-up wave meant that subse-
quent waves became increasingly selective toward those 
with a more gradual incline in FI and accordingly may 
have underestimated the trend of frailty change. Stolz, 
Mayerl, and Freidl (2019) followed their 2018 study 
by using mixed location-scale models to model frailty 
trajectories of 4,514 participants in the SHARE data 
set. This approach is an extension of a mixed effects 
model that permits the explicit modeling of the vari-
ance terms and showed linear frailty growth increased 

over a 10-year period. However, findings also showed 
that within-person deviations from the trajectories 
increased with age, meaning that over time, the rates of 
up and down fluctuations from an individual’s frailty 
trajectory also increased.

Other Models
Finally, of those publications using the FI, Mitnitski et al. 
(2012) used the Canadian National Population Health 
Survey, with Poisson distributions which can calculate 
the number of accumulations in FI over time. Analyses 
found that on average FI rates increased linearly at each 
of the waves of data collection; however, individual rates 
of change were subject to much heterogeneity in their 
level of decline, with some even showing improvements 
over time.

Publications Using a Measurement Based on the 
Fried Phenotype

Publications measuring rate of change with a continuous 
(n  =  2) or composite modification (n  =  4) of the Fried 
Phenotype (Fried et al., 2001) were less common but still 
provided a valuable insight into rate of frailty change. As 

Table 1. Summary of Included Publications Which Assess Rate of Frailty Change Over Time

Author (year), country Frailty measurement tool Baseline n Years follow-up
Time 
points

Aguayo et al. (2019), United Kingdom Frailty index (36 items) 5,377 10 6
Buchman et al. (2014), United States Composite Fried criteria 2,167 15 Up to 15
Buchman et al. (2013), United States Composite Fried criteria 791 Until death Up to 14
Buchman et al. (2007), United States Composite Fried criteria 823 8 Up to 8
Buchman et al. (2009), United States Composite Fried criteria 832 8 Up to 8
Chen aet al. (2015), United States Frailty index (30 items) 10,312 12 Up to 7
Gajic-Veljanoski et al. (2018), Canada Frailty index (30 items) 7,753 10 3
Hoogendijk et al. (2018), The Netherlands Frailty index (32 items) 1,659 17 6
Li et al. (2016), Canada Frailty index (34 items) 3,985 3 4
Liu et al. (2018), United States Continuous Fried criteria (0–5) 690 9 Up to 6
Lohman et al. (2017), United States Frailty index (30 items) 13,495 8 5
Machado-Fragua et al. (2019), The Netherlands Frailty index (32 items) 644 13 5
Marshall et al. (2015), United Kingdom Frailty index (60 items) 11,220 12 5
Mitnitski et al. (2012), Canada Frailty index (31 items) 4,330 6 7
Peek et al. (2012), United States Continuous Fried criteria (0–4) 2,061 11 5
Rogers et al. (2017), United Kingdom Frailty index (56 items) 8,649 Mean of 10 Up to 6
Rogers and Fancourt (2020), United Kingdom Frailty index (56 items) 4,575 10 6
Stephan et al. (2020), Germany Frailty index (50 items) 632 9 3
Stolz et al. (2017), Europe Frailty index (40 items) 20,965 9 4
Stolz et al. (2018), Europe Frailty index (40 items) 21,044 12 5
Stolz et al. (2019), Europe Frailty index (50 items) 4,514 12 6
Stow et al. (2018), United Kingdom Frailty index (36 items) 13,149 1 Up to 12
Thibeau et al. (2019), Canada Frailty index (33 items) 2,512 8 3
Walkden et al. (2018), Europe Frailty index (60 items) 95,635 9 5
Yang and Lee (2010), United States Frailty index (30 items) 84,878 Various 5
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as extensions of these models to identify subgroups of 
individuals with similar developmental trajectories (Liang 
& Zeger, 1986).

Generalized Estimating Equations
Four publications utilized GEE as a model for exploring the 
average trajectories of frailty over time. Hoogendijk et al. 
(2018) tracked FI change in the Longitudinal Aging Study 
Amsterdam (LASA) over a 17-year period with follow-ups 
every 3 years. Overall mean FI increased from baseline to 
end of follow-up (mean FI 0.17–0.39), showing a statisti-
cally significant increase in FI over time (0.05, p < .001) 
when adjusted for sex and baseline age. A quadratic term 
was added to the model to test for nonlinearity; however, 
this was not statistically significant. Machado-Fragua et al. 
(2019) also explored frailty trajectories of 644 participants 
of the LASA study, finding that FI increased linearly (mean 
FI 0.13–0.17) after 13  years’ follow-up. Li et al. (2016) 
studied 3,985 women aged 55 and older from the Global 
Longitudinal Study of Osteoporosis in Women 3-Year 
Hamilton Cohort (GLOW) to explore changes in FI after 
a major osteoporotic fracture. It was found that average 
change in FI progressed linearly over 3 years post-baseline 
(scores at each respective yearly follow-up  =  0.24, 0.29, 
0.31, 0.34). Lastly, Gajic-Veljanoski et al. (2018) followed 
community-dwelling adults aged 50 and older from the 
Canadian Multicentre Osteoporosis Study (CaMos) with 
follow-up at 5 and 10  years. Overall frailty as assessed 
by an FI was found to increase over the 5-year follow-up 
(mean increase of 0.03), but subsequently decrease the fol-
lowing 5 years (mean decrease of 0.02), thus exhibiting an 
unexpected nonlinear trajectory.

Random Effect Approaches
Ten publications used random-effect approaches that 
considered within-participant rate of frailty change. 
Yang and Lee (2010) collated various birth cohorts 
from the Health and Retirement Survey (HRS). Using 
growth curve models to estimate age trajectories of an 
FI, linear and quadratic age coefficients showed statis-
tical significance (p < .001), indicating an increase in av-
erage FI (average increase 0.05) with further increases 
for every additional 10  years of age (0.01 with every 
10  years). Using the same HRS cohort, Lohman et al. 
(2017) followed 13,495 participants over five waves be-
tween 2004 and 2012. Latent growth models estimated 
the number of average increases in deficits for each wave. 
A  model adjusted for age, race, gender, marital status, 
household income, and smoking found a positive slope 
of frailty deficit accumulation over time by showing that 
on average 0.56 deficits (95% confidence interval [CI]: 
0.49–0.63) were accumulated at each wave. Due to their 
FI consisting of 30 items, this equates to an average FI 
increase of 0.02 (0.56 ÷ 30) at each time point, building 
upon the baseline average FI of 0.18 (5.26 ÷ 30). Chen 
et al. (2015) also used the HRS in the United States to 

examine frailty trajectories stratifying the sample by 
race. Overall, growth curve analysis showed linear FI 
increases in the three race groups over a 12-year fol-
low-up, although not significantly so for the Hispanic 
group. A quadratic effect was also statistically significant 
for all groups.

Stolz et al. (2017) used the Survey of Health Aging 
and Retirement in Europe (SHARE) data set to as-
sess the impact of occupational class and wealth on the 
FI trajectories of 24,383 participants over a period of 
9 years. By utilizing a quadratic growth model, it was re-
vealed that FI trajectories increased nonlinearly (0.01, p 
< .001). Walkden et al. (2018) also used the SHARE data 
set with random effects multilevel models to determine 
FI trajectories, finding linear but not quadratic increases 
in frailty over 9 years in both a migrant and nonmigrant 
group. Thibeau, McDermott, McFall, Rockwood, and 
Dixon (2019) used a latent growth model to explore 
the frailty trajectory of 632 participants in the Victoria 
Longitudinal Study. Findings showed a significant increase 
in frailty scores over 8  years’ follow-up (p < .01), and 
significant variability in the patterns of decline (p < .01). 
Various publications used the English Longitudinal Study 
of Aging (ELSA) to explore frailty trajectories. Marshall et 
al. (2015) used growth curve modeling across five waves 
of ELSA, finding an acceleration in frailty over time (p 
< .001). Rogers and Fancourt (2020) calculated the tra-
jectory of frailty progression over 10 years in the ELSA 
study, finding a linear rate of progression in FI. Rogers 
et al. (2017) also analyzed frailty trajectories using the 
same cohort, and reported a significant quadratic term of 
the estimated mean trajectory (p < .001). Finally, using 
linear mixed-effects models, Aguayo et al. (2019) found 
that among 5,377 ELSA participants, frailty had a signifi-
cant linear increase (0.002 in FI with each year of age) and 
they also found a small quadratic effect.

Mixture Models
Mixture models were employed by two of the publications 
to identify latent subpopulations of FI trajectories. Stow et 
al. (2018) found that in an English cohort of individuals 
attending their general practitioner (GP), a quadratic mixed 
model was the best fit. Using electronic GP records to create 
an FI, over 1  year with monthly intervals, FI progressed 
significantly over the year (mean of 0.25 at baseline with 
a linear increase of 0.002 per month). An added quadratic 
term improved the model but only showed a small additive 
effect per month. Latent growth mixture models allowed 
the identification of three distinct frailty trajectories: rap-
idly rising (0.02 FI increase per month, 2.2% of sample), 
moderately increasing (0.01 FI increase per month, 21.2% 
of sample), and stable (0.001 FI increase per month, 76.6% 
of sample).

Stephan et al. (2020) explored frailty trajectories 
of five adjacent birth cohorts from the Cooperative 
Health Research in the Region of Augsburg cohort 
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study. Using generalized linear mixed models, findings 
showed that although frailty levels were higher in more 
recent cohorts (>1933), FI showed a consistent increase 
with age in all cohorts. Stolz et al. (2018) used SHARE 
over a 12-year period with five waves of FI data. 
Despite a high attrition rate whereby more than half of 
the participants dropped out of the study, linear mixed 
models, which assumed missing data at random, were 
able to provide good estimates of frailty trajectories. 
Findings showed a great deal of heterogeneity within 
individual-level trajectories but an overall nonlinear in-
crease in FI scores with particularly heightened increases 
from 70 years and older. It was noted that trajectories 
of the participants who dropped out (n = 12,381) were 
steeper than those who completed the final wave of fol-
low-up (n = 8,663). Consequently, the effect of higher 
attrition at each follow-up wave meant that subse-
quent waves became increasingly selective toward those 
with a more gradual incline in FI and accordingly may 
have underestimated the trend of frailty change. Stolz, 
Mayerl, and Freidl (2019) followed their 2018 study 
by using mixed location-scale models to model frailty 
trajectories of 4,514 participants in the SHARE data 
set. This approach is an extension of a mixed effects 
model that permits the explicit modeling of the vari-
ance terms and showed linear frailty growth increased 

over a 10-year period. However, findings also showed 
that within-person deviations from the trajectories 
increased with age, meaning that over time, the rates of 
up and down fluctuations from an individual’s frailty 
trajectory also increased.

Other Models
Finally, of those publications using the FI, Mitnitski et al. 
(2012) used the Canadian National Population Health 
Survey, with Poisson distributions which can calculate 
the number of accumulations in FI over time. Analyses 
found that on average FI rates increased linearly at each 
of the waves of data collection; however, individual rates 
of change were subject to much heterogeneity in their 
level of decline, with some even showing improvements 
over time.

Publications Using a Measurement Based on the 
Fried Phenotype

Publications measuring rate of change with a continuous 
(n  =  2) or composite modification (n  =  4) of the Fried 
Phenotype (Fried et al., 2001) were less common but still 
provided a valuable insight into rate of frailty change. As 

Table 1. Summary of Included Publications Which Assess Rate of Frailty Change Over Time

Author (year), country Frailty measurement tool Baseline n Years follow-up
Time 
points

Aguayo et al. (2019), United Kingdom Frailty index (36 items) 5,377 10 6
Buchman et al. (2014), United States Composite Fried criteria 2,167 15 Up to 15
Buchman et al. (2013), United States Composite Fried criteria 791 Until death Up to 14
Buchman et al. (2007), United States Composite Fried criteria 823 8 Up to 8
Buchman et al. (2009), United States Composite Fried criteria 832 8 Up to 8
Chen aet al. (2015), United States Frailty index (30 items) 10,312 12 Up to 7
Gajic-Veljanoski et al. (2018), Canada Frailty index (30 items) 7,753 10 3
Hoogendijk et al. (2018), The Netherlands Frailty index (32 items) 1,659 17 6
Li et al. (2016), Canada Frailty index (34 items) 3,985 3 4
Liu et al. (2018), United States Continuous Fried criteria (0–5) 690 9 Up to 6
Lohman et al. (2017), United States Frailty index (30 items) 13,495 8 5
Machado-Fragua et al. (2019), The Netherlands Frailty index (32 items) 644 13 5
Marshall et al. (2015), United Kingdom Frailty index (60 items) 11,220 12 5
Mitnitski et al. (2012), Canada Frailty index (31 items) 4,330 6 7
Peek et al. (2012), United States Continuous Fried criteria (0–4) 2,061 11 5
Rogers et al. (2017), United Kingdom Frailty index (56 items) 8,649 Mean of 10 Up to 6
Rogers and Fancourt (2020), United Kingdom Frailty index (56 items) 4,575 10 6
Stephan et al. (2020), Germany Frailty index (50 items) 632 9 3
Stolz et al. (2017), Europe Frailty index (40 items) 20,965 9 4
Stolz et al. (2018), Europe Frailty index (40 items) 21,044 12 5
Stolz et al. (2019), Europe Frailty index (50 items) 4,514 12 6
Stow et al. (2018), United Kingdom Frailty index (36 items) 13,149 1 Up to 12
Thibeau et al. (2019), Canada Frailty index (33 items) 2,512 8 3
Walkden et al. (2018), Europe Frailty index (60 items) 95,635 9 5
Yang and Lee (2010), United States Frailty index (30 items) 84,878 Various 5

The Gerontologist, 2020, Vol. XX, No. XX 5

Copyedited by: NI

as extensions of these models to identify subgroups of 
individuals with similar developmental trajectories (Liang 
& Zeger, 1986).

Generalized Estimating Equations
Four publications utilized GEE as a model for exploring the 
average trajectories of frailty over time. Hoogendijk et al. 
(2018) tracked FI change in the Longitudinal Aging Study 
Amsterdam (LASA) over a 17-year period with follow-ups 
every 3 years. Overall mean FI increased from baseline to 
end of follow-up (mean FI 0.17–0.39), showing a statisti-
cally significant increase in FI over time (0.05, p < .001) 
when adjusted for sex and baseline age. A quadratic term 
was added to the model to test for nonlinearity; however, 
this was not statistically significant. Machado-Fragua et al. 
(2019) also explored frailty trajectories of 644 participants 
of the LASA study, finding that FI increased linearly (mean 
FI 0.13–0.17) after 13  years’ follow-up. Li et al. (2016) 
studied 3,985 women aged 55 and older from the Global 
Longitudinal Study of Osteoporosis in Women 3-Year 
Hamilton Cohort (GLOW) to explore changes in FI after 
a major osteoporotic fracture. It was found that average 
change in FI progressed linearly over 3 years post-baseline 
(scores at each respective yearly follow-up  =  0.24, 0.29, 
0.31, 0.34). Lastly, Gajic-Veljanoski et al. (2018) followed 
community-dwelling adults aged 50 and older from the 
Canadian Multicentre Osteoporosis Study (CaMos) with 
follow-up at 5 and 10  years. Overall frailty as assessed 
by an FI was found to increase over the 5-year follow-up 
(mean increase of 0.03), but subsequently decrease the fol-
lowing 5 years (mean decrease of 0.02), thus exhibiting an 
unexpected nonlinear trajectory.

Random Effect Approaches
Ten publications used random-effect approaches that 
considered within-participant rate of frailty change. 
Yang and Lee (2010) collated various birth cohorts 
from the Health and Retirement Survey (HRS). Using 
growth curve models to estimate age trajectories of an 
FI, linear and quadratic age coefficients showed statis-
tical significance (p < .001), indicating an increase in av-
erage FI (average increase 0.05) with further increases 
for every additional 10  years of age (0.01 with every 
10  years). Using the same HRS cohort, Lohman et al. 
(2017) followed 13,495 participants over five waves be-
tween 2004 and 2012. Latent growth models estimated 
the number of average increases in deficits for each wave. 
A  model adjusted for age, race, gender, marital status, 
household income, and smoking found a positive slope 
of frailty deficit accumulation over time by showing that 
on average 0.56 deficits (95% confidence interval [CI]: 
0.49–0.63) were accumulated at each wave. Due to their 
FI consisting of 30 items, this equates to an average FI 
increase of 0.02 (0.56 ÷ 30) at each time point, building 
upon the baseline average FI of 0.18 (5.26 ÷ 30). Chen 
et al. (2015) also used the HRS in the United States to 

examine frailty trajectories stratifying the sample by 
race. Overall, growth curve analysis showed linear FI 
increases in the three race groups over a 12-year fol-
low-up, although not significantly so for the Hispanic 
group. A quadratic effect was also statistically significant 
for all groups.

Stolz et al. (2017) used the Survey of Health Aging 
and Retirement in Europe (SHARE) data set to as-
sess the impact of occupational class and wealth on the 
FI trajectories of 24,383 participants over a period of 
9 years. By utilizing a quadratic growth model, it was re-
vealed that FI trajectories increased nonlinearly (0.01, p 
< .001). Walkden et al. (2018) also used the SHARE data 
set with random effects multilevel models to determine 
FI trajectories, finding linear but not quadratic increases 
in frailty over 9 years in both a migrant and nonmigrant 
group. Thibeau, McDermott, McFall, Rockwood, and 
Dixon (2019) used a latent growth model to explore 
the frailty trajectory of 632 participants in the Victoria 
Longitudinal Study. Findings showed a significant increase 
in frailty scores over 8  years’ follow-up (p < .01), and 
significant variability in the patterns of decline (p < .01). 
Various publications used the English Longitudinal Study 
of Aging (ELSA) to explore frailty trajectories. Marshall et 
al. (2015) used growth curve modeling across five waves 
of ELSA, finding an acceleration in frailty over time (p 
< .001). Rogers and Fancourt (2020) calculated the tra-
jectory of frailty progression over 10 years in the ELSA 
study, finding a linear rate of progression in FI. Rogers 
et al. (2017) also analyzed frailty trajectories using the 
same cohort, and reported a significant quadratic term of 
the estimated mean trajectory (p < .001). Finally, using 
linear mixed-effects models, Aguayo et al. (2019) found 
that among 5,377 ELSA participants, frailty had a signifi-
cant linear increase (0.002 in FI with each year of age) and 
they also found a small quadratic effect.

Mixture Models
Mixture models were employed by two of the publications 
to identify latent subpopulations of FI trajectories. Stow et 
al. (2018) found that in an English cohort of individuals 
attending their general practitioner (GP), a quadratic mixed 
model was the best fit. Using electronic GP records to create 
an FI, over 1  year with monthly intervals, FI progressed 
significantly over the year (mean of 0.25 at baseline with 
a linear increase of 0.002 per month). An added quadratic 
term improved the model but only showed a small additive 
effect per month. Latent growth mixture models allowed 
the identification of three distinct frailty trajectories: rap-
idly rising (0.02 FI increase per month, 2.2% of sample), 
moderately increasing (0.01 FI increase per month, 21.2% 
of sample), and stable (0.001 FI increase per month, 76.6% 
of sample).

Stephan et al. (2020) explored frailty trajectories 
of five adjacent birth cohorts from the Cooperative 
Health Research in the Region of Augsburg cohort 
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explored distinct trajectories of frailty, this time in re-
lation to overlap between cognition and frailty. Using 
the Yale Precipitating Events Project, a continuous mod-
ification of the Fried Phenotype was used to quantify 
frailty every 18 months for 9 years. In this instance, a 
mixed modeling approach allowed for the identification 
of four distinct joint trajectories into which individuals 
fell: those with no cognitive or frailty decline (27.8%); 
a slow cognitive decline with a progressive frailty 
(45.5%); a quick cognitive decline with a progressive 
frailty (20.2%); and an accelerated cognitive and frailty 
decline (6.5%).

Handling of Missing Data
The majority of publications either did not report a 
method of handling missing data, or used a method 
involving the exclusion of participants who had a certain 
level of missing data throughout the follow-up period. 
Other publications dealt with missing data with a variety 
of statistical analysis methods including multiple and 
mean imputation and dummy variable adjustment that 
made the assumption that data were missing at random. 
See Tables 2 and 3 for details.

Risk and Protective Factors

All of the included publications discussed rate of change 
and factors associated with it. However, the risk and 
protective factors associated with rate of change varied 
across publications. Significant factors are summarized 
in Figure 2.

Age
Age is a factor which was frequently found to be associ-
ated with frailty level and change, although the direction 
of the association varied by publication. Whereas Rogers et 
al. (2017) showed that the gradient of frailty trajectory was 
found to differ by age group in older adults, others reported 
either the opposite or null effects. Mitnitski et al. (2012) re-
ported that slopes of frailty change did not differ according 
to age and Hoogendijk et al. (2018) found that despite ab-
solute change in FI being higher for those who were older 
at baseline, the rate of increase across the follow-up was 
similar between a 65–75 and 75+ group, indicating that 
rate of change is relatively stable across age groups. Peek 
et al. (2012), who used mixture models to find three dis-
tinct frailty trajectories, found that age was a significant 
factor in determining membership in a moderate and high 
progressive trajectory, suggesting that older age not only 
increases risk of frailty progression but also follows a 
separate trajectory to younger age groups. By comparing 
different birth cohorts, Stephan et al. (2020) showed that 
frailty levels can differ depending on when you were born; 
however, the actual rate of frailty change over time is not 
significantly affected. Ta
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with the FI, differences in statistical analyses existed be-
tween publications.

GEEs and Random Effects Models
Buchman and colleagues used data from the Religious 
Orders Study (ROS) and the Memory and Aging Project 
(MAP) in several publications where a frailty measure 
similar to Fried’s criteria was employed. This included 
grip strength, timed walk, body composition, and fa-
tigue. A composite score was calculated from these factors 
by converting them into z-scores using the means and 
standard deviations of scores at baseline. Similar trends 
showing gradual increases in frailty were found; however, 
these varied slightly depending on the cohorts and statis-
tical analyses used. Buchman et al. (2007) followed 823 
participants of the MAP study every year for up to 8 years. 
Using ordinary least squares regression, the rate of frailty 
change on the composite scale over the follow-up period 
was calculated for each participant. Initial scores ranged 
from −1.73 to 1.92, and average rate of change was found to 
increase at 0.09 (±0.30) units per year. This publication was 
followed up by Buchman et al. (2009), who used the same 
participants and used GEE to show similar findings that 
frailty composite scores were found to significantly increase 
with each annual time point (0.08, p < .001). Importantly, 
this publication also compared the difference in rate of 
change estimations when looked at cross-sectionally versus 
longitudinally. Findings showed that the cross-sectional ef-
fect of frailty across age substantially underestimated the 
actual rate of change, with the effect in the longitudinal 
models two and a half times higher. Buchman et al. (2013) 
followed 791 participants of the MAP and ROS studies 
every year for up to 14 years (mean = 6.4, SD = 2.8) to 
explore frailty rate of change. Using a linear mixed-effect 
model, this time frailty was found to increase each year 
(mean of 0.12 units per year). A follow-up from this group 
reinforced these findings with Buchman et al. (2014) using 
a sample of 2,167 participants in the same cohorts. Using 
bivariate random coefficient models to estimate the rate of 
change across multiple observations, frailty was shown to 
increase each year (0.09 units per year).

Mixture Models
Peek et al. (2012) used a sample of 2,061 Mexican 
Americans aged 65 and older within five waves of the 
Hispanic Established Populations for the Epidemiologic 
Study of the Elderly. Over the course of 12 years, rate of 
frailty change was assessed using a continuously meas-
ured modification of the Fried Phenotype (Fried et al., 
2001). Using trajectory mixture modeling, three distinct 
frailty trajectories were identified: a consistently low 
group, a progressive moderate group, and a progressive 
high group. Despite the lack of reported coefficients for 
each slope, the three trajectories were reported to differ, 
significantly so between the progressive moderate and 
progressive high group (p = .01). Liu et al. (2018) also 

explored distinct trajectories of frailty, this time in re-
lation to overlap between cognition and frailty. Using 
the Yale Precipitating Events Project, a continuous mod-
ification of the Fried Phenotype was used to quantify 
frailty every 18 months for 9 years. In this instance, a 
mixed modeling approach allowed for the identification 
of four distinct joint trajectories into which individuals 
fell: those with no cognitive or frailty decline (27.8%); 
a slow cognitive decline with a progressive frailty 
(45.5%); a quick cognitive decline with a progressive 
frailty (20.2%); and an accelerated cognitive and frailty 
decline (6.5%).

Handling of Missing Data
The majority of publications either did not report a 
method of handling missing data, or used a method 
involving the exclusion of participants who had a certain 
level of missing data throughout the follow-up period. 
Other publications dealt with missing data with a variety 
of statistical analysis methods including multiple and 
mean imputation and dummy variable adjustment that 
made the assumption that data were missing at random. 
See Tables 2 and 3 for details.

Risk and Protective Factors

All of the included publications discussed rate of change 
and factors associated with it. However, the risk and 
protective factors associated with rate of change varied 
across publications. Significant factors are summarized 
in Figure 2.

Age
Age is a factor which was frequently found to be associ-
ated with frailty level and change, although the direction 
of the association varied by publication. Whereas Rogers et 
al. (2017) showed that the gradient of frailty trajectory was 
found to differ by age group in older adults, others reported 
either the opposite or null effects. Mitnitski et al. (2012) re-
ported that slopes of frailty change did not differ according 
to age and Hoogendijk et al. (2018) found that despite ab-
solute change in FI being higher for those who were older 
at baseline, the rate of increase across the follow-up was 
similar between a 65–75 and 75+ group, indicating that 
rate of change is relatively stable across age groups. Peek 
et al. (2012), who used mixture models to find three dis-
tinct frailty trajectories, found that age was a significant 
factor in determining membership in a moderate and high 
progressive trajectory, suggesting that older age not only 
increases risk of frailty progression but also follows a 
separate trajectory to younger age groups. By comparing 
different birth cohorts, Stephan et al. (2020) showed that 
frailty levels can differ depending on when you were born; 
however, the actual rate of frailty change over time is not 
significantly affected.
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of statistical analysis methods including multiple and 
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made the assumption that data were missing at random. 
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solute change in FI being higher for those who were older 
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similar between a 65–75 and 75+ group, indicating that 
rate of change is relatively stable across age groups. Peek 
et al. (2012), who used mixture models to find three dis-
tinct frailty trajectories, found that age was a significant 
factor in determining membership in a moderate and high 
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with the FI, differences in statistical analyses existed be-
tween publications.

GEEs and Random Effects Models
Buchman and colleagues used data from the Religious 
Orders Study (ROS) and the Memory and Aging Project 
(MAP) in several publications where a frailty measure 
similar to Fried’s criteria was employed. This included 
grip strength, timed walk, body composition, and fa-
tigue. A composite score was calculated from these factors 
by converting them into z-scores using the means and 
standard deviations of scores at baseline. Similar trends 
showing gradual increases in frailty were found; however, 
these varied slightly depending on the cohorts and statis-
tical analyses used. Buchman et al. (2007) followed 823 
participants of the MAP study every year for up to 8 years. 
Using ordinary least squares regression, the rate of frailty 
change on the composite scale over the follow-up period 
was calculated for each participant. Initial scores ranged 
from −1.73 to 1.92, and average rate of change was found to 
increase at 0.09 (±0.30) units per year. This publication was 
followed up by Buchman et al. (2009), who used the same 
participants and used GEE to show similar findings that 
frailty composite scores were found to significantly increase 
with each annual time point (0.08, p < .001). Importantly, 
this publication also compared the difference in rate of 
change estimations when looked at cross-sectionally versus 
longitudinally. Findings showed that the cross-sectional ef-
fect of frailty across age substantially underestimated the 
actual rate of change, with the effect in the longitudinal 
models two and a half times higher. Buchman et al. (2013) 
followed 791 participants of the MAP and ROS studies 
every year for up to 14 years (mean = 6.4, SD = 2.8) to 
explore frailty rate of change. Using a linear mixed-effect 
model, this time frailty was found to increase each year 
(mean of 0.12 units per year). A follow-up from this group 
reinforced these findings with Buchman et al. (2014) using 
a sample of 2,167 participants in the same cohorts. Using 
bivariate random coefficient models to estimate the rate of 
change across multiple observations, frailty was shown to 
increase each year (0.09 units per year).

Mixture Models
Peek et al. (2012) used a sample of 2,061 Mexican 
Americans aged 65 and older within five waves of the 
Hispanic Established Populations for the Epidemiologic 
Study of the Elderly. Over the course of 12 years, rate of 
frailty change was assessed using a continuously meas-
ured modification of the Fried Phenotype (Fried et al., 
2001). Using trajectory mixture modeling, three distinct 
frailty trajectories were identified: a consistently low 
group, a progressive moderate group, and a progressive 
high group. Despite the lack of reported coefficients for 
each slope, the three trajectories were reported to differ, 
significantly so between the progressive moderate and 
progressive high group (p = .01). Liu et al. (2018) also 

explored distinct trajectories of frailty, this time in re-
lation to overlap between cognition and frailty. Using 
the Yale Precipitating Events Project, a continuous mod-
ification of the Fried Phenotype was used to quantify 
frailty every 18 months for 9 years. In this instance, a 
mixed modeling approach allowed for the identification 
of four distinct joint trajectories into which individuals 
fell: those with no cognitive or frailty decline (27.8%); 
a slow cognitive decline with a progressive frailty 
(45.5%); a quick cognitive decline with a progressive 
frailty (20.2%); and an accelerated cognitive and frailty 
decline (6.5%).

Handling of Missing Data
The majority of publications either did not report a 
method of handling missing data, or used a method 
involving the exclusion of participants who had a certain 
level of missing data throughout the follow-up period. 
Other publications dealt with missing data with a variety 
of statistical analysis methods including multiple and 
mean imputation and dummy variable adjustment that 
made the assumption that data were missing at random. 
See Tables 2 and 3 for details.

Risk and Protective Factors

All of the included publications discussed rate of change 
and factors associated with it. However, the risk and 
protective factors associated with rate of change varied 
across publications. Significant factors are summarized 
in Figure 2.

Age
Age is a factor which was frequently found to be associ-
ated with frailty level and change, although the direction 
of the association varied by publication. Whereas Rogers et 
al. (2017) showed that the gradient of frailty trajectory was 
found to differ by age group in older adults, others reported 
either the opposite or null effects. Mitnitski et al. (2012) re-
ported that slopes of frailty change did not differ according 
to age and Hoogendijk et al. (2018) found that despite ab-
solute change in FI being higher for those who were older 
at baseline, the rate of increase across the follow-up was 
similar between a 65–75 and 75+ group, indicating that 
rate of change is relatively stable across age groups. Peek 
et al. (2012), who used mixture models to find three dis-
tinct frailty trajectories, found that age was a significant 
factor in determining membership in a moderate and high 
progressive trajectory, suggesting that older age not only 
increases risk of frailty progression but also follows a 
separate trajectory to younger age groups. By comparing 
different birth cohorts, Stephan et al. (2020) showed that 
frailty levels can differ depending on when you were born; 
however, the actual rate of frailty change over time is not 
significantly affected.
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Brain Pathology
Three publications from the same research group explored 
the rate of frailty change in relation to brain pathology. 
Buchman et al. (2007) found that rate of frailty change 
was associated with incident Alzheimer’s disease, showing 
that every 0.1 increase per year in frailty score equated to 
a 12% increased risk of developing Alzheimer’s disease. 
Furthermore, Buchman et al. (2013) showed that more 
than 8% of the variance of a steeper decline in frailty 
was explained by several brain pathologies including 
microinfarcts, Alzheimer’s disease, Lewy body disease, 
and nigral neuronal loss, indicating that brain pathologies 
are associated with steeper declines of frailty in older age. 
Finally, Buchman et al. (2014) showed that brain pathology 
showed independent associations with frailty change and 
also with cognitive change over their follow-up period.

Comorbidities and Injury
Surprisingly, few longitudinal publications have focused on 
the associations between frailty rate of change and disease, 
illness, or injury. Aguayo et al. (2019) showed that in a fully 
adjusted model, the presence of baseline diabetes was asso-
ciated with significantly higher FI levels over time and that 
this difference stayed consistent over time. Risk of injury 
was also associated with rate of frailty change. Lohman et 
al. (2017) found that per-unit increase in frailty deficit ac-
cumulation at each wave the likelihood of suffering from a 
serious fall increased by 52% (odds ratio [OR] = 1.52, CI: 
1.12–2.08). Related to these findings were two publications 
suggesting that rate of frailty change is particularly high 
for those recovering from osteoporotic fractures (Gajic-
Veljanoski et al., 2018; Li et al., 2016).

Socioeconomic Factors
Two studies found a protective effect of education on rate of 
frailty change (Chen et al., 2015; Peek et al., 2012). Peek et al. 
(2012) identified three distinct frailty trajectories and found 
that higher education related to a lower chance of mem-
bership to the high frailty trajectory group (−0.19, p < .01). 
Similarly, financial factors were found to affect trajectories, 
with the same publication showing that financial strain was 
significantly related to frailty increase in the low and mod-
erate groups, but not in the high group (low; 0.24, p < .05, 
moderate; 0.06, p < .01). Marshall et al. (2015) reinforced 
these findings with results showing that poorer individuals 
have steeper slopes than those in a wealthier category. Finally, 
social support networks were suggested to affect frailty 
change. Findings by Chen et al. (2015) suggested that caring 
for grandchildren is associated with less of a decline in frailty 
even after accounting for a healthy older adult effect, although 
reverse causality cannot be ruled out. Peek et al. (2012), how-
ever, only found that social support influenced one out of their 
three distinct trajectories of frailty progression (a progressive 
moderate trajectory).

Location
Country of residence also seemed to have some influence on 
frailty change, possibly due to differences in socioeconomics 
between countries. Stolz et al. (2017) showed that when 
quadratic growth curve models were stratified by country, 
FI trajectories were steeper for those living in Southern 
European countries than countries further north. Stolz et 
al. (2019) reinforced these findings using mixed-effects 
location-scale regression models to show that frailty 
levels in Europe were lowest in Switzerland and highest in 
Spain. While no other studies explored these geographical 
differences, Walkden et al. (2018) explored differences in 
migrants versus nonmigrants and found that at 50  years 
old, migrants have higher levels on the FI compared with 
nonmigrants (0.15 vs 0.14, p < .001). However, over 
time migrants accumulate deficits at a slower rate than 
nonmigrants, until there is no significant difference between 
groups in those 80–90 years old. This convergence effect 
remained even after adjustment for numerous confounders.

Physical Activity
Rogers et al. (2017) found that for those who engaged in vig-
orous physical activity, frailty progression was significantly 
slowed in all age groups, indicating that lifestyle factors such 
as physical activity may be able to improve frailty trajectories, 
but that these changes must be substantial. However, discus-
sion within this publication points out that they cannot prove 
causality, so it may be that increases in frailty decrease the 
level of physical activity. It is noted that future research should 
aim to address this issue of reverse causality.

Cognition
Although the study of “cognitive frailty” has been gaining 
traction in the frailty literature, we only found one pub-
lication which explored the association between cognitive 
ability and frailty trajectories. Thibeau et al. (2019) used 
latent growth models to show that a steeper increase in 
FI was associated with a more rapid decline in executive 
functions. A similar effect was found for processing speed 
in females but not in males. The direction of this relation-
ship remains unclear.

Cultural Engagement
Rogers and Fancourt (2020) investigated the association be-
tween frailty and the engagement in cultural activities such 
as attending the theater, cinema, or a museum on a regular 
basis. A fully adjusted multilevel growth model showed FI 
trajectories for those with varying degrees of cultural en-
gagement. Findings showed a dose–response relationship 
between older adults who had higher levels of cultural en-
gagement (every few months or more) and lower risks of 
developing frailty and a slower progression of frailty over 
a 10-year follow-up.
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Gender
A further example of the disparities in findings is 
shown in the effect gender can have on rate of frailty 
change. While Stolz et al. (2017) found that women 
accumulated health deficits at a quicker rate than men, 

Marshall et al. (2015) found that although women had 
higher frailty scores than men at each time point, their 
slopes were consistent across the follow-up period, 
indicating that these gender disparities did not widen 
over time.

Table 3. Summary of the Statistical Models Used in Included Publications Using the Fried Criteria

Type of analysis Publication
Statistical method as 
reported in publication

Time 
metric Covariates explored

Results 
(rate of 
change)

Treatment of 
missing data

Generalized 
estimating 
equations 

Buchman et al. 
(2009)

Generalized estimating 
equations

Time Mortality Linear Excluded those 
without valid fol-
low-up data

Random effects 
models

Buchman et al. 
(2007) 

Linear fixed-effects 
model 

Time Brain pathology Linear Excluded those 
without valid fol-
low-up data

Buchman et al. 
(2013)

Linear fixed-effects 
model

Time Brain pathology Linear Excluded those 
without valid fol-
low-up data

Buchman et al. (2014) Bivariate random coef-
ficient models

Time Brain pathology Linear Excluded those 
without valid fol-
low-up data

Mixed models Liu et al. (2018) Group-based mixed 
modeling approach

Time Mini-Mental State Ex-
amination scores

Linear Not reported, low 
rate of attrition

Peek et al. (2012) Trajectory mixed 
models

Time Age, education, wealth, 
social support

Linear Not reported

   Risk factors

Protec�ve factors

Higher 
educa�on

Chen et al., 
2015; Peek et 
al., 2012

Higher social 
support

Higher 
physical 
ac�vity

Higher wealth

Being male Stolz et al., 2017
No effect found 
by Marshall et 
al., 2015

Marshall et al., 
2015

Chen et al., 
2015; Peek et 
al., 2012

Rogers et al., 
2017

Diagnosis of 
Alzheimer’s disease of 
other brain pathology

Loca�on of 
residence 

Being female

Older Age

In recovery 
from injury

Financial 
strain

Being a migrant 
(effect lessens 
in later life)

 Buchman et al., 2007; 2013; 2014

Rogers et al., 2017; 
Peek et al., 2012. No 
effect found by 
Mitnitski et al. 2012; 
Hoogendijk et al., 2018

Lohman et al. 2017; 
Gajic-Veljanoski et al., 
2018; Li et al., 2016

Peek et al., 2012 Walkden et al., 2018

Stolz et al., 2017; 
Stolz et al., 2019

Stolz et al., 2017
No effect found by 
Marshall et al., 2015

Cogni�on

Thibeau et al., 2019

Diabetes

Aguayo et al., 2019

Cultural 
engagement

Rogers and 
Fancourt, 2020

Figure 2. Diagram summarizing the risk and protective factors associated with rate of frailty change.
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Brain Pathology
Three publications from the same research group explored 
the rate of frailty change in relation to brain pathology. 
Buchman et al. (2007) found that rate of frailty change 
was associated with incident Alzheimer’s disease, showing 
that every 0.1 increase per year in frailty score equated to 
a 12% increased risk of developing Alzheimer’s disease. 
Furthermore, Buchman et al. (2013) showed that more 
than 8% of the variance of a steeper decline in frailty 
was explained by several brain pathologies including 
microinfarcts, Alzheimer’s disease, Lewy body disease, 
and nigral neuronal loss, indicating that brain pathologies 
are associated with steeper declines of frailty in older age. 
Finally, Buchman et al. (2014) showed that brain pathology 
showed independent associations with frailty change and 
also with cognitive change over their follow-up period.

Comorbidities and Injury
Surprisingly, few longitudinal publications have focused on 
the associations between frailty rate of change and disease, 
illness, or injury. Aguayo et al. (2019) showed that in a fully 
adjusted model, the presence of baseline diabetes was asso-
ciated with significantly higher FI levels over time and that 
this difference stayed consistent over time. Risk of injury 
was also associated with rate of frailty change. Lohman et 
al. (2017) found that per-unit increase in frailty deficit ac-
cumulation at each wave the likelihood of suffering from a 
serious fall increased by 52% (odds ratio [OR] = 1.52, CI: 
1.12–2.08). Related to these findings were two publications 
suggesting that rate of frailty change is particularly high 
for those recovering from osteoporotic fractures (Gajic-
Veljanoski et al., 2018; Li et al., 2016).

Socioeconomic Factors
Two studies found a protective effect of education on rate of 
frailty change (Chen et al., 2015; Peek et al., 2012). Peek et al. 
(2012) identified three distinct frailty trajectories and found 
that higher education related to a lower chance of mem-
bership to the high frailty trajectory group (−0.19, p < .01). 
Similarly, financial factors were found to affect trajectories, 
with the same publication showing that financial strain was 
significantly related to frailty increase in the low and mod-
erate groups, but not in the high group (low; 0.24, p < .05, 
moderate; 0.06, p < .01). Marshall et al. (2015) reinforced 
these findings with results showing that poorer individuals 
have steeper slopes than those in a wealthier category. Finally, 
social support networks were suggested to affect frailty 
change. Findings by Chen et al. (2015) suggested that caring 
for grandchildren is associated with less of a decline in frailty 
even after accounting for a healthy older adult effect, although 
reverse causality cannot be ruled out. Peek et al. (2012), how-
ever, only found that social support influenced one out of their 
three distinct trajectories of frailty progression (a progressive 
moderate trajectory).

Location
Country of residence also seemed to have some influence on 
frailty change, possibly due to differences in socioeconomics 
between countries. Stolz et al. (2017) showed that when 
quadratic growth curve models were stratified by country, 
FI trajectories were steeper for those living in Southern 
European countries than countries further north. Stolz et 
al. (2019) reinforced these findings using mixed-effects 
location-scale regression models to show that frailty 
levels in Europe were lowest in Switzerland and highest in 
Spain. While no other studies explored these geographical 
differences, Walkden et al. (2018) explored differences in 
migrants versus nonmigrants and found that at 50  years 
old, migrants have higher levels on the FI compared with 
nonmigrants (0.15 vs 0.14, p < .001). However, over 
time migrants accumulate deficits at a slower rate than 
nonmigrants, until there is no significant difference between 
groups in those 80–90 years old. This convergence effect 
remained even after adjustment for numerous confounders.

Physical Activity
Rogers et al. (2017) found that for those who engaged in vig-
orous physical activity, frailty progression was significantly 
slowed in all age groups, indicating that lifestyle factors such 
as physical activity may be able to improve frailty trajectories, 
but that these changes must be substantial. However, discus-
sion within this publication points out that they cannot prove 
causality, so it may be that increases in frailty decrease the 
level of physical activity. It is noted that future research should 
aim to address this issue of reverse causality.

Cognition
Although the study of “cognitive frailty” has been gaining 
traction in the frailty literature, we only found one pub-
lication which explored the association between cognitive 
ability and frailty trajectories. Thibeau et al. (2019) used 
latent growth models to show that a steeper increase in 
FI was associated with a more rapid decline in executive 
functions. A similar effect was found for processing speed 
in females but not in males. The direction of this relation-
ship remains unclear.

Cultural Engagement
Rogers and Fancourt (2020) investigated the association be-
tween frailty and the engagement in cultural activities such 
as attending the theater, cinema, or a museum on a regular 
basis. A fully adjusted multilevel growth model showed FI 
trajectories for those with varying degrees of cultural en-
gagement. Findings showed a dose–response relationship 
between older adults who had higher levels of cultural en-
gagement (every few months or more) and lower risks of 
developing frailty and a slower progression of frailty over 
a 10-year follow-up.
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A further example of the disparities in findings is 
shown in the effect gender can have on rate of frailty 
change. While Stolz et al. (2017) found that women 
accumulated health deficits at a quicker rate than men, 

Marshall et al. (2015) found that although women had 
higher frailty scores than men at each time point, their 
slopes were consistent across the follow-up period, 
indicating that these gender disparities did not widen 
over time.

Table 3. Summary of the Statistical Models Used in Included Publications Using the Fried Criteria
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Time 
metric Covariates explored

Results 
(rate of 
change)

Treatment of 
missing data

Generalized 
estimating 
equations 

Buchman et al. 
(2009)

Generalized estimating 
equations

Time Mortality Linear Excluded those 
without valid fol-
low-up data

Random effects 
models

Buchman et al. 
(2007) 

Linear fixed-effects 
model 

Time Brain pathology Linear Excluded those 
without valid fol-
low-up data

Buchman et al. 
(2013)

Linear fixed-effects 
model

Time Brain pathology Linear Excluded those 
without valid fol-
low-up data

Buchman et al. (2014) Bivariate random coef-
ficient models

Time Brain pathology Linear Excluded those 
without valid fol-
low-up data

Mixed models Liu et al. (2018) Group-based mixed 
modeling approach

Time Mini-Mental State Ex-
amination scores

Linear Not reported, low 
rate of attrition

Peek et al. (2012) Trajectory mixed 
models

Time Age, education, wealth, 
social support

Linear Not reported

   Risk factors

Protec�ve factors

Higher 
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Chen et al., 
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Figure 2. Diagram summarizing the risk and protective factors associated with rate of frailty change.
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research, is the high incidence of sample attrition. The 
publications included in this review were no exception; 
for instance, Hoogendijk et al. (2018) saw a reduction in 
participants from 1,659 at baseline to 297 at 17-year fol-
low-up. Several publications discussed their sample attri-
tion rates and their method of dealing with missing data 
through the use of imputation or techniques which account 
for missing data such as maximum likelihood estimation 
(Lohman et al., 2017). These methods require assumptions 
to be made about the reasons for which data were missing. 
However, these assumptions were rarely explained or jus-
tified. Although longitudinal models have been shown to 
remain effective even with high sample attrition (Stolz 
et al., 2018), handling missing data in a justifiable manner 
should be prioritized in future research to reduce bias to-
ward those who remain in the study and likely have lower 
levels of frailty. Without dealing with this issue and consid-
ering the condition of those who drop out of the study, we 
may be underestimating the levels of frailty in the general 
population.

An additional limitation that hampered our ability to 
synthesize published research is the diversity of factors 
investigated in relation to frailty trajectories. To enhance 
opportunities to evaluate consistency and reproducibility 
of results and perform evidence synthesis, future research 
should aim to estimate within-person frailty changes in a 
coordinated manner with higher consistency in choice of 
analytical models and variable coding. This will generate 
knowledge that will permit the comparison of trajectories 
of reference persons with identical age at baseline, gender, 
and education.

In the context of frailty trajectories, the use of continuous 
frailty measures rather than categorical comes with the dis-
tinct advantage of being able to assess minor but significant 
changes. This was demonstrated in many of the included 
publications whereby the changes recorded from baseline 
to follow-up would not have been considered significant 
had they been measured by a categorical measure. The iden-
tification of these subtle temporal changes and examination 
of factors associated with these changes is essential to en-
hance our knowledge of how frailty can be prevented or 
slowed down. However, the inclusion of any continuously 
quantified frailty measurement also has limitations due to 
the discrepancies between how frailty is conceptualized and 
the lack of a gold standard definition (Levers, Estabrooks, 
& Ross Kerr, 2006). The different methods are assumed to 
be measuring the same construct when they may in fact be 
tapping into different domains. Following a template set 
by Gale, Westbury, and Cooper (2018), utilizing both cat-
egorical and continuous measures of frailty may be useful 
in the future to compare these differing methods. It has 
been suggested that these measures should be used to com-
plement rather than oppose each other to build a better 
picture of frailty (Cesari, Gambassi, van Kan, & Vellas, 
2013). By comparing these methods it may help to bridge 
the gap and work toward establishing a gold standard of 

frailty measurement which allows results to be compared 
in an accurate and replicable fashion (Aguayo et al., 2017). 
However, as it stands, without a defined framework of 
frailty measurement and analysis, research will continue to 
be inconsistent and incomparable.

Given the high rates of frailty in older adults and 
the detrimental effects it can have on overall health and 
mortality, studying the way frailty progresses is cru-
cial. Overall, our findings show a heterogeneous field 
of research with vastly different methods for meas-
uring, analyzing, and reporting data, hampering our 
ability to undertake a meta-analysis. Much of our dis-
cussion emphasizes the necessity for a more consistent 
approach to longitudinal research. While progress 
has been made on the definition of frailty with senior 
researchers reaching a consensus on some aspects of a 
frailty definition (Morley et al., 2013), it may be nec-
essary to undertake a coordinated methodological ap-
proach to longitudinal frailty research. By using similar 
approaches and statistical methods, it will be more 
likely that a meta-analysis can be undertaken, and a 
more precise understanding of our current research can 
be obtained.

Despite these mixed results, our overall findings help to 
elucidate the progressive nature of frailty and highlight the 
disparity in how it affects separate groups of individuals 
in different ways. In particular socioeconomic factors, so-
cial support, physical activity, and brain pathologies seem 
to provide some determination of how an individual’s 
frailty will progress over time, a finding which has im-
portant implications for public health policy as well as 
individuals and their caregivers. A  major issue with 
drawing firm conclusions is the differences in how frailty 
is conceptualized and measured. Consequently, future re-
search needs to provide a more consistent method to frailty 
measurement, a first step in establishing this consistency 
may be by incorporating multiple frailty measures within 
the same studies in order to contrast findings. Researchers 
should also focus on longitudinal studies which explore the 
risk factors associated with frailty trajectories as these are 
likely to have implications for how frailty can be prevented 
and treated in the future.
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Supplementary data are available at The Gerontologist online.
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Diet
Diet is a factor somewhat underrepresented in the longi-
tudinal frailty literature. Only one publication addressed 
the effect that an element of diet can have on frailty rate of 
change. Machado-Fragua et al. (2019) investigated the as-
sociation between frailty and vitamin K, a group of vitamins 
obtained from animal foods to aid the body in several es-
sential processes. Findings showed that although higher 
baseline vitamin K was associated with a higher level of 
frailty, it was not associated with rate of change over time 
as FI levels increased consistently across all groups.

Discussion and Implications
Overall, our findings show a heterogeneous field of research 
with frailty trajectories measured in diverse ways, statis-
tical analyses differing, and inconsistency in the reporting 
of findings. Despite this lack of consistency, in general, 
trajectories show a gradual worsening in frailty over time. 
Most publications reported linear trajectories; however, 
several also found quadratic changes which suggest a vari-
ation in rate of change over time, while some publications 
(Gajic-Veljanoski et al., 2018; Mitnitski et al., 2012; Rogers 
et al., 2017) did report small improvements in frailty over 
time for some participants. These improvements could 
be explained by the different rates of attrition of frailer 
individuals at follow-up visits across publications, poten-
tially resulting in a healthy survivor effect.

Numerous risk factors were investigated in the 
publications, showing somewhat inconsistent findings. 
In particular the effect of age and gender on frailty 
trajectories remains unclear and warrants further study 
as current findings show conflicting results. Inconsistent 
findings regarding the effect of age could be attributed to 
the differential impact of a healthy survivor effect across 
samples; gender differences across publications might 
be explained by the combination of a longer life expec-
tancy of women and differences in sample compositions. 
A common theme of the publications was that of socioec-
onomic status and its relationship to frailty. In general it 
was found that those who are less affluent, with lower edu-
cation, and lower levels of social support, tend to follow a 
steeper frailty trajectory (Marshall et al., 2015; Stolz et al., 
2017; Walkden et al., 2018). In particular, the effect of so-
cial support on frailty change was reported as a signifi-
cant factor, with the potential to provide protective effects 
against a rapid decline trajectory (Chen et al., 2015; Peek 
et al., 2012). This highlights a major public health priority 
that should be explored further; if those with low socioec-
onomic status are at greater risk of a steep frailty decline, 
then interventions can potentially target these populations 
with greater effect. Injury (Gajic-Veljanoski et  al., 2018) 
and brain pathology (Buchman et al., 2007, 2009, 2013, 
2014) also seem to contribute to the gradient of frailty 
slope. Again, these findings have important implications 
by showing the potential for targeted interventions, such 

as lifestyle changes or earlier screening for brain health 
abnormalities, to mitigate harmful frailty trajectories 
in those at highest risk. Several publications were able 
to identify latent subpopulations with differing frailty 
trajectories. These findings indicate that frailty progression 
affects individuals differently according to a number of 
factors. This area of research is crucial as it allows us to ex-
plore why certain individuals have similar trajectories and 
potentially allows for interventions to be tailored to those 
at highest risk of membership to a steep decline trajectory. 
Accordingly, further longitudinal research should continue 
to explore why trajectories differ across individuals. For 
instance, future studies could investigate the differences in 
frailty trajectories according to certain hormones, inflam-
matory biomarkers, genetics, or even personality traits. 
Additionally, it will be important to understand how these 
risk factors interact with one another; for instance, future 
research may focus on uncovering mediating effects of par-
ticular factors on the rate of frailty change. There is sig-
nificant potential for this line of research as it could help 
inform future intervention strategies and guide policy for 
those at highest risk of frailty. With a robust research base 
in frailty risk and prevention there will be the potential to 
improve our ability to accurately identify individuals who 
are at greatest risk of frailty. This paves the way for inter-
vention strategies to be designed and tested to ultimately 
prevent or even reverse frailty progression. For instance, 
the research included in this review suggests several poten-
tial modifiable protective factors such as increased phys-
ical activity (Rogers et  al., 2017), social support (Chen 
et al., 2015; Peek et al., 2012), and cultural engagement 
(Rogers & Fancourt, 2020). Accordingly, clinical care may 
adapt to target those with a high risk of rapid frailty pro-
gression, and provide increased support and education re-
lated to physical activity.

There were several limitations which make the results 
less generalizable. While the types of populations included 
were varied, developing countries with lower income, edu-
cation, and health care were somewhat underrepresented. 
Also, our search only found publications that considered 
community-based populations with no publications 
looking at frailty in care homes or in clinical care. The lack 
of inclusion of these populations makes overall conclusions 
less generalizable as these individuals are likely to be the 
most frail (Gajic-Veljanoski et  al., 2018). Our collective 
knowledge of frailty progression will be enhanced if future 
research improves the generalizability of study populations 
by including less-represented populations. Additionally, we 
did not search gray literature, ongoing/unpublished studies, 
or publications written in a language other than English, all 
of which may have provided additional information. Due 
to time restraints, primarily one researcher undertook data 
extraction with the second researcher undertaking a 20% 
sample extraction; however, ideally both researchers should 
complete the entire extraction independently to ensure va-
lidity. A further limitation, which affects most longitudinal 
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research, is the high incidence of sample attrition. The 
publications included in this review were no exception; 
for instance, Hoogendijk et al. (2018) saw a reduction in 
participants from 1,659 at baseline to 297 at 17-year fol-
low-up. Several publications discussed their sample attri-
tion rates and their method of dealing with missing data 
through the use of imputation or techniques which account 
for missing data such as maximum likelihood estimation 
(Lohman et al., 2017). These methods require assumptions 
to be made about the reasons for which data were missing. 
However, these assumptions were rarely explained or jus-
tified. Although longitudinal models have been shown to 
remain effective even with high sample attrition (Stolz 
et al., 2018), handling missing data in a justifiable manner 
should be prioritized in future research to reduce bias to-
ward those who remain in the study and likely have lower 
levels of frailty. Without dealing with this issue and consid-
ering the condition of those who drop out of the study, we 
may be underestimating the levels of frailty in the general 
population.

An additional limitation that hampered our ability to 
synthesize published research is the diversity of factors 
investigated in relation to frailty trajectories. To enhance 
opportunities to evaluate consistency and reproducibility 
of results and perform evidence synthesis, future research 
should aim to estimate within-person frailty changes in a 
coordinated manner with higher consistency in choice of 
analytical models and variable coding. This will generate 
knowledge that will permit the comparison of trajectories 
of reference persons with identical age at baseline, gender, 
and education.

In the context of frailty trajectories, the use of continuous 
frailty measures rather than categorical comes with the dis-
tinct advantage of being able to assess minor but significant 
changes. This was demonstrated in many of the included 
publications whereby the changes recorded from baseline 
to follow-up would not have been considered significant 
had they been measured by a categorical measure. The iden-
tification of these subtle temporal changes and examination 
of factors associated with these changes is essential to en-
hance our knowledge of how frailty can be prevented or 
slowed down. However, the inclusion of any continuously 
quantified frailty measurement also has limitations due to 
the discrepancies between how frailty is conceptualized and 
the lack of a gold standard definition (Levers, Estabrooks, 
& Ross Kerr, 2006). The different methods are assumed to 
be measuring the same construct when they may in fact be 
tapping into different domains. Following a template set 
by Gale, Westbury, and Cooper (2018), utilizing both cat-
egorical and continuous measures of frailty may be useful 
in the future to compare these differing methods. It has 
been suggested that these measures should be used to com-
plement rather than oppose each other to build a better 
picture of frailty (Cesari, Gambassi, van Kan, & Vellas, 
2013). By comparing these methods it may help to bridge 
the gap and work toward establishing a gold standard of 

frailty measurement which allows results to be compared 
in an accurate and replicable fashion (Aguayo et al., 2017). 
However, as it stands, without a defined framework of 
frailty measurement and analysis, research will continue to 
be inconsistent and incomparable.

Given the high rates of frailty in older adults and 
the detrimental effects it can have on overall health and 
mortality, studying the way frailty progresses is cru-
cial. Overall, our findings show a heterogeneous field 
of research with vastly different methods for meas-
uring, analyzing, and reporting data, hampering our 
ability to undertake a meta-analysis. Much of our dis-
cussion emphasizes the necessity for a more consistent 
approach to longitudinal research. While progress 
has been made on the definition of frailty with senior 
researchers reaching a consensus on some aspects of a 
frailty definition (Morley et al., 2013), it may be nec-
essary to undertake a coordinated methodological ap-
proach to longitudinal frailty research. By using similar 
approaches and statistical methods, it will be more 
likely that a meta-analysis can be undertaken, and a 
more precise understanding of our current research can 
be obtained.

Despite these mixed results, our overall findings help to 
elucidate the progressive nature of frailty and highlight the 
disparity in how it affects separate groups of individuals 
in different ways. In particular socioeconomic factors, so-
cial support, physical activity, and brain pathologies seem 
to provide some determination of how an individual’s 
frailty will progress over time, a finding which has im-
portant implications for public health policy as well as 
individuals and their caregivers. A  major issue with 
drawing firm conclusions is the differences in how frailty 
is conceptualized and measured. Consequently, future re-
search needs to provide a more consistent method to frailty 
measurement, a first step in establishing this consistency 
may be by incorporating multiple frailty measures within 
the same studies in order to contrast findings. Researchers 
should also focus on longitudinal studies which explore the 
risk factors associated with frailty trajectories as these are 
likely to have implications for how frailty can be prevented 
and treated in the future.
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Diet
Diet is a factor somewhat underrepresented in the longi-
tudinal frailty literature. Only one publication addressed 
the effect that an element of diet can have on frailty rate of 
change. Machado-Fragua et al. (2019) investigated the as-
sociation between frailty and vitamin K, a group of vitamins 
obtained from animal foods to aid the body in several es-
sential processes. Findings showed that although higher 
baseline vitamin K was associated with a higher level of 
frailty, it was not associated with rate of change over time 
as FI levels increased consistently across all groups.

Discussion and Implications
Overall, our findings show a heterogeneous field of research 
with frailty trajectories measured in diverse ways, statis-
tical analyses differing, and inconsistency in the reporting 
of findings. Despite this lack of consistency, in general, 
trajectories show a gradual worsening in frailty over time. 
Most publications reported linear trajectories; however, 
several also found quadratic changes which suggest a vari-
ation in rate of change over time, while some publications 
(Gajic-Veljanoski et al., 2018; Mitnitski et al., 2012; Rogers 
et al., 2017) did report small improvements in frailty over 
time for some participants. These improvements could 
be explained by the different rates of attrition of frailer 
individuals at follow-up visits across publications, poten-
tially resulting in a healthy survivor effect.

Numerous risk factors were investigated in the 
publications, showing somewhat inconsistent findings. 
In particular the effect of age and gender on frailty 
trajectories remains unclear and warrants further study 
as current findings show conflicting results. Inconsistent 
findings regarding the effect of age could be attributed to 
the differential impact of a healthy survivor effect across 
samples; gender differences across publications might 
be explained by the combination of a longer life expec-
tancy of women and differences in sample compositions. 
A common theme of the publications was that of socioec-
onomic status and its relationship to frailty. In general it 
was found that those who are less affluent, with lower edu-
cation, and lower levels of social support, tend to follow a 
steeper frailty trajectory (Marshall et al., 2015; Stolz et al., 
2017; Walkden et al., 2018). In particular, the effect of so-
cial support on frailty change was reported as a signifi-
cant factor, with the potential to provide protective effects 
against a rapid decline trajectory (Chen et al., 2015; Peek 
et al., 2012). This highlights a major public health priority 
that should be explored further; if those with low socioec-
onomic status are at greater risk of a steep frailty decline, 
then interventions can potentially target these populations 
with greater effect. Injury (Gajic-Veljanoski et  al., 2018) 
and brain pathology (Buchman et al., 2007, 2009, 2013, 
2014) also seem to contribute to the gradient of frailty 
slope. Again, these findings have important implications 
by showing the potential for targeted interventions, such 

as lifestyle changes or earlier screening for brain health 
abnormalities, to mitigate harmful frailty trajectories 
in those at highest risk. Several publications were able 
to identify latent subpopulations with differing frailty 
trajectories. These findings indicate that frailty progression 
affects individuals differently according to a number of 
factors. This area of research is crucial as it allows us to ex-
plore why certain individuals have similar trajectories and 
potentially allows for interventions to be tailored to those 
at highest risk of membership to a steep decline trajectory. 
Accordingly, further longitudinal research should continue 
to explore why trajectories differ across individuals. For 
instance, future studies could investigate the differences in 
frailty trajectories according to certain hormones, inflam-
matory biomarkers, genetics, or even personality traits. 
Additionally, it will be important to understand how these 
risk factors interact with one another; for instance, future 
research may focus on uncovering mediating effects of par-
ticular factors on the rate of frailty change. There is sig-
nificant potential for this line of research as it could help 
inform future intervention strategies and guide policy for 
those at highest risk of frailty. With a robust research base 
in frailty risk and prevention there will be the potential to 
improve our ability to accurately identify individuals who 
are at greatest risk of frailty. This paves the way for inter-
vention strategies to be designed and tested to ultimately 
prevent or even reverse frailty progression. For instance, 
the research included in this review suggests several poten-
tial modifiable protective factors such as increased phys-
ical activity (Rogers et  al., 2017), social support (Chen 
et al., 2015; Peek et al., 2012), and cultural engagement 
(Rogers & Fancourt, 2020). Accordingly, clinical care may 
adapt to target those with a high risk of rapid frailty pro-
gression, and provide increased support and education re-
lated to physical activity.

There were several limitations which make the results 
less generalizable. While the types of populations included 
were varied, developing countries with lower income, edu-
cation, and health care were somewhat underrepresented. 
Also, our search only found publications that considered 
community-based populations with no publications 
looking at frailty in care homes or in clinical care. The lack 
of inclusion of these populations makes overall conclusions 
less generalizable as these individuals are likely to be the 
most frail (Gajic-Veljanoski et  al., 2018). Our collective 
knowledge of frailty progression will be enhanced if future 
research improves the generalizability of study populations 
by including less-represented populations. Additionally, we 
did not search gray literature, ongoing/unpublished studies, 
or publications written in a language other than English, all 
of which may have provided additional information. Due 
to time restraints, primarily one researcher undertook data 
extraction with the second researcher undertaking a 20% 
sample extraction; however, ideally both researchers should 
complete the entire extraction independently to ensure va-
lidity. A further limitation, which affects most longitudinal 
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