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Objectives: To compare the predictive performance of 3 frailty identification tools for mortality, hospi-
talization, and functional decline in adults aged �80 years using risk reclassification statistics and de-
cision curve analysis.
Design: Population-based, prospective cohort.
Setting: BELFRAIL study, Belgium.
Participants: 560 community-dwelling adults aged �80 years.
Measurements: Frailty by Cardiovascular Health Study (CHS) phenotype, Longitudinal Aging Study
Amsterdam (LASA) markers, and Groeningen Frailty Indicator (GFI); mortality until 5.1 � 0.25 years from
baseline and hospitalization until 3.0 � 0.25 years; and functional status assessed by activities of daily
living at baseline and after 1.7 � 0.21 years.
Results: Frailty prevalence was 7.3% by CHS phenotype, 21.6% by LASA markers, and 22% by GFI. Partic-
ipants determined to be frail by each tool had a significantly higher risk for all-cause mortality and first
hospitalization. For functional decline, only frail by GFI had a higher adjusted odds ratio. Harrell 's
C-statistic for mortality and hospitalization and area under receiver operating characteristic curve for
functional decline were similar for all tools and <0.70. Reclassification statistics showed improvement
only by LASA markers for hospitalization and mortality. In decision curve analysis, all tools had higher
net benefit than the 2 default strategies of “treat all” and “treat none” for mortality risk �20%, hospi-
talization risk �35%, and functional decline probability �10%, but their curves overlapped across all
relevant risk thresholds for these outcomes.
Conclusions and Implications: In a cohort of adults aged �80 years, 3 frailty tools based on different
conceptualizations and assessment sources had comparable but unsatisfactory discrimination for pre-
dicting mortality, hospitalization, and functional decline. All showed clinical utility for predicting these
outcomes over relevant risk thresholds, but none was significantly superior. Future research on frailty
tools should include a focus on the specific group of adults aged �80 years, and the predictive accuracy
for adverse outcomes of different tools needs a comprehensive assessment that includes decision curve
analysis.
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As a result of worldwide population ageing and variability of
ageing trajectories, the concept of frailty has become increasingly
important.1,2 Frailty identification is recommended because of its
itional grant from Fondation
685).

D, PhD, Academic Center for
j-box 7001, 3000 Leuven.
egendörfer).

te and Long-Term Care Medicine.
association with adverse outcomes such as falls, functional decline,
institutionalization, hospitalization, death, and its potential revers-
ibility and prevention.2,3 Although our understanding of the
complexity and heterogeneity of frailty has grown, there is still no
widespread consensus on its conceptualization and assessment.1,3,4

Two main frailty approaches, as unidimensional physical phenotype
or multidimensional deficit accumulation index, have been widely
used in older adults.1e3,5,6 Many tools have been developed to identify
frailty (up to 67 according to a recent review),7 yet their validation and
accuracy is not adequate.1,6e11
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Baseline visit (n=560)
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CHS phenotype (n=532)                
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ADL (n=559)

BELFRAIL cohort (n=567)               

Func onal (ADL) decline (n=421)

Mortality (n=72)
Refusal of follow-up visit (n=60)

First hospitaliza on follow-up 3.0 ± 0.25 years (n=553)
Mortality follow-up 5.1 ± 0.25 years (n=560)

Follow-up visit at 1.7 ± 0.21 years (n=428)

Fig. 1. Flowchart of the data collection in the BELFRAIL cohort study. ADL, activities of
daily living.
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In the past few years, several studies have compared different
frailty tools for their predictive ability of adverse outcomes in older
adults in different settings.8,12e20 One common way of comparing
competing risk prediction models is through assessing their discrim-
ination by the concordance (C) statistic either as area under the
receiver operating characteristic curve (AUC) for binary outcomes or
Harrell's C-statistic for time-dependent outcomes.21 As the C-statistic
does not capture the extent of change in predicted risk between
competing models and its clinical utility, risk reclassification statistics
and decision curve analysis have been proposed and used as com-
plementary to evaluate the improvement in discrimination and clin-
ical utility of prediction models.22e25 So far, the comparison of
different frailty tools has only been based on odds (ORs) or hazard
ratios (HRs) and AUCs.14,16e19,26,27 Additionally, there is a lack of
studies of different frailty tools in community-dwelling older adults
aged �80 years, the fastest-growing group of older adults, where the
accuracy of current frailty tools could improve because of a higher
expected prevalence.10,28

This study aims to apply and compare the predictive performance
of 3 frailty tools for all-cause mortality, first unplanned hospitaliza-
tion, and functional decline in a community-based prospective cohort
of adults aged 80 years and older using risk reclassification statistics
and decision curve analysis.

Methods

Study Design and Population

BELFRAIL is a population-based, prospective cohort of adults aged
80 years and older in Belgium. The study protocol has been previously
published.29 Briefly, from November 2008 until September 2009, a
total of 567 individuals aged �80 years were randomly recruited in 29
general practices, excluding those with severe dementia, in palliative
care, or medical emergencies. At baseline, general practitioners
recorded sociodemographic andmedical history data and performed a
standardized physical examination. Two trained clinical research as-
sistants performed at-home standardized comprehensive assess-
ments at baseline and after 1.7 � 0.21 years. Data on hospitalization
were collected until 3.0 � 0.25 years and on mortality until
5.1 � 0.25 years from baseline (Figure 1). The study protocol was
approved by the Biomedical Ethics Committee of theMedical School of
the Universite catholique de Louvain, Belgium, and all participants
gave informed consent.

Frailty Identification Tools

Three frailty tools were used: the Cardiovascular Health Study
(CHS) frailty phenotype,30 the Longitudinal Aging Study Amsterdam
(LASA) frailty markers,31 and the Groeningen Frailty Indicator (GFI).32

They represent the 2 frailty approaches: unidimensional physical
phenotype (CHS phenotype) and multidimensional deficit accumula-
tion (LASA markers and GFI). They also cover different assessment
sources: self-report (GFI) and performance-based or mixed (CHS
phenotype and LASA markers).

The CHS frailty phenotype has 5 components: weight loss,
exhaustion, weakness, slowness, and low physical activity30 (see
SupplementaryMaterial). The 9 LASA frailtymarkers include low body
mass index, low peak flow, low Mini Mental State Examination score,
urinary incontinence, poor vision or hearing, low mastery/resilience,
depression, and low physical activity31 (see Supplementary Material).
For both CHS phenotype and LASA markers, participants with 3 or
more components were considered frail.30,31 The GFI was part of the
standardized assessment in the BELFRAIL study.29 It is a 15-item
questionnaire covering self-reported limitations in physical (9
items), cognitive (1 item), psychological (2 items), and social (3 items)
domains33 (see Supplementary Material). Scores range from 0 to 15,
and those with scores �5 were considered frail. We also investigated
“frail by any” if frail by at least 1 of the 3 tools.
Outcomes

Time to all-cause death, first unplanned hospitalization, and
functional decline were outcome measurements. The date and cause
of hospitalization and death were prospectively reported by the
general practitioners. Activities of daily living measured functional
limitation. At baseline and follow-up visits, participants described the
degree of difficulty with 6 activities: climbing stairs, walking 5 mi-
nutes outdoors without resting, getting up and sitting down in a chair,
dressing and undressing oneself, using own or public transport, and
cutting one’s own nails. The response categories ranged from 1 (“No I
cannot”) to 5 (“Yes, without difficulty”), with a total score of 6 to 30.29

Functional decline was defined as a decrease of at least 20% from
baseline score.
Other Variables

Age, sex, and multimorbidity were used as confounders of the
association of frailty with mortality, hospitalization, and functional
decline. Multimorbidity was assessed with the unweighted disease
count of morbidities reported by the general practitioners at baseline
(see Supplementary Material).



Table 1
Baseline Characteristics and Outcomes of the Study Population in Total and by Frail Categories According to Each Tool

Total
(n ¼ 560)

CHS Phenotype GFI LASA Markers

Frail
(n ¼ 39)

Robust
(n ¼ 493)

P Value Frail
(n ¼ 123)

Robust
(n ¼ 436)

P Value Frail (n ¼ 108) Robust (n ¼ 393) P Value

Age, y, mean � SD 84.7 � 3.7 86.5 � 4.8 84.5 � 3.5 .001* 85.8 � 4.1 84.4 � 3.5 <.001* 86.0 � 4 84.4 � 3.5 <.001*
Sex, male, n (%) 209 (37.3) 18 (46.2) 183 (37.1) .263y 24 (19.5) 184 (42.2) <.001y 30 (27.8) 156 (39.6) .025y

BMI, mean � SD 27.4 � 4.9 27.3 � 5.4 1.61 � 0.09 .926* 27.2 � 5.5 27.5 � 4.7 .556* 27.1 � 6.7 27.5 � 4.3 .481*
ADL score 25 (21, 27) 17 (12, 20) 25 (22, 27) <.001z 19 (14, 24) 26 (22, 29) <.001z 19.5 (14, 25) 26 (22, 28) <.001z

LAPAQ score 61 (18, 98) 8 (0, 28) 70 (29, 102) <.001z 18 (0, 58) 71 (31, 104) <.001z 16 (16, 56) 76 (40, 106) <.001z

MMSE score 28 (25, 29) 26 (22, 28) 28 (26, 29) .003z 26 (22, 28) 28 (26, 29) <.001z 25.5 (22, 28) 28 (26, 29) <.001z

GDS-15 score 2 (1, 4) 6 (3, 8) 2 (1, 4) <.001z 5 (3, 7) 2 (1, 3) <.001z 5 (2, 7) 2 (1, 3) <.001z

Disease count 4 (3, 5) 4 (3, 6) 4 (2, 5) .276z 4 (3, 6) 4 (2, 5) .005z 5 (3, 7) 4 (2, 5) <.001z

Grip strength (kg) 20.9
(15.8, 27.1)

14.8
(10.8, 19.1)

21.4
(16.8, 27.7)

<.001z 16.5
(13.3, 20.7)

22.5
(17.2, 29.2)

<.001z 16.8 (13.2, 20.9) 22 (17, 29) <.001z

Walking time,xs 10.9
(8.0, 14.7)

19.8
(14.3, 26.6)

10.5
(8.0, 13.7)

<.001z 13.4
(9.3, 20.9)

10.4
(7.7, 13.5)

<.001z 14.2
(11.1, 21.4)

10.6
(8.0, 13.7)

<.001z

Death, n (%) 237 (42.3) 26 (66.7) 192 (38.9) .001y 72 (58.5) 164 (37.6) <.001y 69 (63.9) 139 (35.4) <.001y

First hospitalization,
n (%)

284 (50.7) 27 (69.2) 246 (50.5) .030y 74 (61.7) 210 (48.6) .013y 69 (65) 108 (46.4) .001y

ADL decline, n (%) 66 (15.7) 7 (35) 54 (14) .019y 20 (25) 46 (13.5) .016y 17 (23.9) 44 (14.1) .048y

ADL, activities of daily living; GDS, Geriatric Depression Scale; LAPAQ, LASA Physical Activity Questionnaire; MMSE, Mini-Mental State Examination; SD, standard deviation.
Unless otherwise noted, data are presented as median (interquartile range).

*P value based on the Student t test.
yP value based on Pearson c2 test.
zP value based on the Mann-Whitney U test.
xTime to walk 3 m, turn around, and walk back as fast as possible.

Fig. 2. Venn diagram presenting the extent of overlap between the frail participants
identified with the 3 frailty tools (the 177 participants in this diagram are those
identified as frail by at least 1 of the tools).
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Statistical Analysis

Comparisons of baseline and outcome variables between frail and
robust participants by each tool were tested with independent Stu-
dent' t-test (parametric variables), Mann-Whitney U test (nonpara-
metric), and Pearson's chi-squared test (categorical). Agreement
between the tools for identifying participants with frailty was
measured with Cohen kappa coefficient and displayed graphically
with Venn diagram.

Kaplan-Meier curves for all-cause mortality and hospitalization
were plotted for each frailty tool using the log-rank test for compar-
ison between frail and robust groups. HRs for mortality and first
hospitalizationwith adjustment for age, sex, andmultimorbidity were
estimated with Cox proportional hazards regression models. Models
were checked for the proportional hazards assumption. ORs for
functional decline were estimated with a logistic regression model.
The robust group was the reference. Variables were checked for
multicollinearity. A 2-tailed probability value P < .05 was considered
statistically significant.

Harrell's C, AUCs, continuous net reclassification improvement
(NRI), integrated discrimination improvement (IDI), and decision
curve analysis were used to compare the predictive value and clinical
utility of frailty tools. Individual predicted absolute risks (mortality
and hospitalization) and probability (functional decline) were calcu-
lated for frail by each tool based on regression coefficients.21 For NRI
and IDI, frail by CHS phenotype was used as reference. The continuous
NRI is the sum of NRIevents and NRInonevents, without a defined risk
category. NRIevents is the percentage of participants with event (death,
hospitalization, or functional decline) whowere assigned a higher risk
or probability by the alternative tool. NRInonevents is the percentage of
participants without events who were assigned a lower risk or
probability by the alternative tool. NRI is considered as sum of
improvement in sensitivity (NRIevent) and specificity (NRInonevents). IDI
is the difference of discrimination slopes (difference of mean pre-
dicted risk or probability of participants with and without events)
between reference and alternative tools. Relative IDI is IDI over the
discrimination slope of the reference tool.22 It is interpreted as the
amount bywhich the alternative tool increases the separation of mean
predicted risk or probability for events and nonevents.22 Net benefit is
the difference between true positives and false positives, weighted by
the relative harm of false positives for a chosen risk or probability
threshold.24,25 For decision curve analysis, the net benefit if partici-
pants are treated according to risk assigned by frail by each tool is
plotted across the range of risks or probabilities for an event and
compared with 2 default management strategies if no tool is used: (1)
consider all participants as frail and apply an intervention (“treat all”)
or (2) consider all nonfrail and apply no intervention (“treat none”).24

Frailty by a tool has clinical utility if its net benefit curve is above that
of “treat all” or “treat none” for a range of reasonable risk thresholds.
The tool with higher net benefit for a certain risk or probability has
more clinical utility.24 Statistical analysis was performed with SPSS



Fig. 3. Kaplan-Meier survival curves for 5-year mortality and 3-year hospitalization for frailty by the different tools. Frail by any: if frail by any of the 3 tools.
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25.0 (IBM Corp, Armonk, NY), Stata 15.0 (StataCorp, College Station,
TX), and SAS University Edition (SAS Institute Inc, Cary, NC).
Results

Baseline Characteristics of the Study Population

Of the 567 participants of the BELFRAIL cohort, 560 had a baseline
assessment that included GFI (559 participants) and valid measure-
ments of CHS phenotype components (532) and LASA markers (501)
(Figure 1). Frailty prevalence was 7.3% by CHS phenotype, 22% by GFI,
and 21.6% by LASA markers. Participants with frailty by each tool had
statistically significant worse values for activities of daily living,
depression, mental status, physical activity, grip strength, and walking
time. They were also older and (except for frail by CHS phenotype)
consisted of more women and had higher multimorbidity (Table 1).
Agreement Between Frailty Tools

Of the 177 participants with frailty by any tool, only 23 (13%) were
frail by all 3 (Figure 2). The highest concordance was between LASA
markers and GFI (48.8% of frail by GFI were also frail by LASA markers
and 55.5% vice versa). Within the frail by CHS phenotype, 59% were
frail by either LASA or GFI, whereas CHS phenotype identified only
22.8% of frail by GFI and 25.9% of frail by LASA markers. Cohen's kappa
coefficients showed moderate agreement between GFI and LASA
markers (0.45 95% CI 0.32-0.50) and only fair agreement between CHS
phenotype and GFI (0.29, 95% CI 0.20-0.39) or LASAmarkers (0.35, 95%
CI 0.24-0.45).
All-Cause Mortality and Hospitalization

All-cause mortality data were available for all participants,
whereas first unplanned hospitalization data were missing for 7 par-
ticipants. During 3.0 � 0.25 years, 284 (50.7%) had at least 1 un-
planned hospitalization and at 5.1 � 0.25 years, 237 (42.3%) had died
(Table 1). For each tool, participants with frailty had significantly
higher all-cause mortality and first hospitalization compared with
robust ones (Figure 3), even after adjustment (Table 2). Harrell's C for
all-cause mortality ranged from 0.65 (95% CI 0.61-0.68) for CHS
phenotype or GFI to 0.67 (95% CI 0.63-0.70) for “frail by any.” For first
hospitalization, the range was 0.64 (95% CI 0.61-0.68) for CHS
phenotype or GFI to 0.65 (95% CI 0.62-0.69) for LASA markers or “frail
by any” (Table 2).

Based on NRI, compared with CHS phenotype the LASA markers
improved risk classification for 75% of alive participants and worsened
it for 49.5% of deceased ones, while “frail by any” improved it for 60.9%
of alive participants and worsened it for 21% of the deceased (Table 3).
For hospitalization, only LASA markers improved risk classification for
80.2% of those without hospitalization and worsened it for 64% of
those with hospitalization. Only LASAmarkers and “frail by any” had a
statistically relevant higher IDI for both mortality and hospitalization,
increasing the difference of the mean predicted risk of events (death
or hospitalization) and nonevents (alive or no hospitalization) with
those of the CHS phenotype by 31.6% (LASA markers) and 46.2% (“frail
by any”) for mortality, and 18.4% (LASA markers) and 18.2% (“frail by
any”) for first hospitalization (Table 3). In decision curve analysis, frail
by each tool had a net benefit superior to “treat all” or “treat none” for
mortality risk �20% and hospitalization risk �35%. Net benefit curves
for each tool overlapped considerably across relevant mortality and
hospitalization risk thresholds (Figure 4).



Table 3
Reclassification Improvement Statistics of the Frailty Tools for All-Cause Mortality, Hospitalization, and Functional Decline

NRI (95% CI) NRI Events, % NRI Nonevents, % IDI (95% CI) Relative IDI

Mortality
CHS Reference tool
LASA 0.25 (0.11, 0.41) �49.5 75 0.029 (0.018, 0.040) 0.316
GFI �0.03 (e0.20, 0.14) �36.9 33.7 0.005 (e0.002, 0.012) 0.052
Frail by any 0.40 (0.24, 0.56) �21 60.9 0.041 (0.031, 0.051) 0.462

Hospitalization
CHS Reference tool
LASA 0.16 (0.02, 0.30) �64 80.2 0.017 (0.011, 0.025) 0.184
GFI �0.07 (e0.23, 0.09) �44.3 37.7 �0.0004 (e0.006, 0.005) �0.005
Frail by any 0.16 (e0.03, 0.33) �35.9 51.4 0.017 (0.010, 0.024) 0.182

Functional Decline
CHS Reference tool
LASA �0.008 (e0.29, 0.27) 1.75 �2.58 �0.007 (e0.012, e 0.003) �6.903
GFI �0.05 (e0.32, 0.22) �20.0 14.9 �0.006 (e0.010, �0.001) �7.450
Frail by any 0.34 (0.08, 0.60) �23.3 57.5 0.004 (e0.002, 0.010) �7.745

Frail by any: if frail by any of the 3 tools.
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Fig. 4. Decision curve analysis of frailty tools for mortality, hospitalization, and func-
tional decline. Net benefit curves are plotted across risk or probability thresholds for an
event (mortality, hospitalization, functional decline) for 6 options: “treat all” as if they
are frail, “treat none” considering none is frail, treat according to frailty by CHS
phenotype, LASA markers, GFI, or if frail by any tool.
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Functional Decline

Data on functional decline at 1.7 � 0.21 years’ follow-up were
available for 421 participants, and 66 (15.7%) had declined at least 20%
from baseline score. Only frail by GFI and “frail by any” had statistically
significant increased adjusted ORs for functional decline (Table 2). All
tools had similar AUCs, ranging from 0.65 (95% CI 0.57-0.73) for LASA
markers to 0.69 (95% CI 0.62-0.76) for “frail by any” (Table 2).

Based on NRI, only the “frail by any” improved risk classification for
57.5% of those without functional decline and worsened it for 23.3% of
those with decline compared with CHS phenotype (Table 3). No tool
showed any improvement compared with the CHS phenotype based
on IDI. In decision curve analysis, frail by each tool had higher net
benefit than “treat all” or “treat none” for �10% predicted probability
for functional decline. Net benefit curves of all tools overlapped
(Figure 4).

Discussion

In a cohort of community-dwelling adults aged �80 years, we
applied CHS phenotype, LASA markers, and GFI and found different
frailty prevalence, with fair to moderate agreement between the tools.
All tools had higher net benefit than 2 default strategies of “treat all”
and “treat none” for 5-year mortality risk�20%, 3-year hospitalization
risk �35%, and 2-year functional decline probability �10%. Yet their
net benefit curves overlapped across all relevant risk thresholds.

We could not find studies that had applied and compared different
frailty tools in community-dwelling adults aged �80 years. In our
cohort, frailty prevalence was nearly 3 times higher by GFI and LASA
markers compared with CHS phenotype, confirming previous reports
of higher prevalence with multidimensional tools.13,18,28,34 We found
lower prevalence than that expected in this age group by previous
research (weighted average prevalence of 16% for 80-84 years old and
26% for �85 years based on 4 studies of community-dwelling adults
�65 years old with age-stratified prevalence, 3 of which used the CHS
phenotype).2,28 Differences in frailty prevalence (evenwhen using the
same tool) have been previously reported and could reflect differences
in study designs, measures of tool components, and ageing
trajectories.35e37 Furthermore, adults aged �80 years are survivors of
their generation andmay show reversed epidemiology.38,39 The frailty
cut-offs of different tools are also based on studies in younger old
adults, and different cut-offs may be needed in different age groups or
settings of older adults.2 As expected, the highest but still moderate
agreement was between the multidimensional tools, GFI and LASA
markers. Although they are both multidimensional, GFI is based only
on self-report whereas LASA markers include performance measures
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(pulmonary function) and scores of validated scales for mental status,
depression, resilience, and physical activity.31,33

Previous studies on the predictive performance of different frailty
tools have compared mainly ORs or HRs and AUCs.6,27 In a large
comparative study of frailty tools among adults 50 years and older in
11 European countries (mean age 65.3 years), the AUCs for 5-year
mortality were similar for GFI [0.70 (0.69-0.72)] and CHS phenotype
[0.70 (0.68-0.71)].13 In a recent comparison study in a Canadian cohort
of community-dwelling older adults (mean age 77.7 years) the AUCs
for 2-year mortality were 0.69 for CHS phenotype and 0.61 for GFI and
for disability 0.68 and 0.66, respectively.18 We found that HRs and
Harrell's C for mortality and hospitalization and ORs and AUCs for
functional decline were not significantly different between frailty
tools. As in previous studies, Harrell's C and AUC were less than 0.70,
thus lacking good discrimination.18,40 Based on reclassification sta-
tistics (NRI and IDI), LASA markers performed better than CHS
phenotype for mortality and hospitalization, mainly because of
improved specificity. This could be explained by the multidimensional
LASA markers and inclusion of pulmonary function that is associated
with frailty and adverse outcomes in older adults.2,41 Decision curve
analysis, which assesses the clinical utility of prediction models,
showed that if we apply frailty interventions for predicted risks of
�20% for 5-year mortality, �35% for 3-year hospitalization, and �10%
probability of 2-year functional decline, then all tools would have
clinical value, as at these thresholds they are better than “treat all” and
“treat none” alternatives. Yet no tool was superior as net benefit
curves overlapped across all relevant risk thresholds. These findings in
our cohort of adults aged �80 years confirm that although the
different frailty tools have clinical utility in identifying older adults
with higher risk for adverse outcomes, their predictive accuracy is
limited and none stands out as the best tool consistently and through a
variety of relevant outcomes.

One of the strengths of this study is the design of BELFRAIL as a
population-based prospective cohort of community-dwelling adults
aged �80 years with data on mortality, first hospitalization, and
functional decline. The comprehensive BELFRAIL assessment allowed
the application of 3 frailty tools that represent different approaches
and assessment sources. We also extended the comparison of their
predictive ability beyond the binary AUCs, including time-dependent
C-statistic, risk reclassification, and decision curve analysis, that are
commonly used for risk prediction models.42 The measurement
modifications for some components of frailty tools are a weakness,
yet unavoidable and common in previous research as well.11,37 We
used the CHS phenotype as a reference for calculating NRI and IDI,
whereas the comprehensive geriatric assessment is considered as a
gold standard assessment for frailty.2 As expected in a cohort of very
old adults, we had loss of data for functional decline because of
mortality between the 2 assessments.

Conclusions and Implications

In our cohort of community-dwelling adults aged �80 years, 3
frailty tools representing different frailty approaches and assessment
sources showed clinical utility for identifying higher risk for functional
decline, unplanned hospitalization, and all-cause mortality based on
decision curve analysis, but their predictive accuracy was limited and
none was robustly superior.

Future research on frailty tools should include a focus on adults
aged �80 years, who have been underrepresented so far. Although
there is no consensus on which frailty tool to use, those based on the
multidimensional deficit accumulation approach are preferred and
seem to perform better.2,14,16,43,44 Frailty indexes with a list of health
deficits including common laboratory tests have been recently
developed and validated and need to be tested in adults aged
�80 years.45e47 Because of themultidimensionality and heterogeneity
of frailty, it is reasonable to use different tools for different outcomes,
settings, and populations of older adults rather than pursue a “one size
fits all” approach.4,11,48,49 Future research on frailty tools should move
beyond sensitivity, specificity, and AUCs, and report reclassification
statistics and decision curve analysis for different outcomes, for a
more comprehensive and clinically relevant evaluation.24,26,42 While
waiting for further research on frailty tools in adults aged �80 years,
clinical practitioners may choose the easiest-to-use tool in their
setting, as identifying frailty by any tool in our study was more
beneficial than treating all or none as frail.
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