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Abstract

Introduction: Predicting risk of care home admission could identify older adults for early intervention to support independent
living but require external validation in a different dataset before clinical use. We systematically reviewed external validations
of care home admission risk prediction models in older adults.
Methods: We searched Medline, Embase and Cochrane Library until 14 August 2023 for external validations of prediction
models for care home admission risk in adults aged ≥65 years with up to 3 years of follow-up. We extracted and narratively
synthesised data on study design, model characteristics, and model discrimination and calibration (accuracy of predictions).
We assessed risk of bias and applicability using Prediction model Risk Of Bias Assessment Tool.
Results: Five studies reporting validations of nine unique models were included. Model applicability was fair but risk of bias
was mostly high due to not reporting model calibration. Morbidities were used as predictors in four models, most commonly
neurological or psychiatric diseases. Physical function was also included in four models. For 1-year prediction, three of the
six models had acceptable discrimination (area under the receiver operating characteristic curve (AUC)/c statistic 0.70–0.79)
and the remaining three had poor discrimination (AUC < 0.70). No model accounted for competing mortality risk. The only
study examining model calibration (but ignoring competing mortality) concluded that it was excellent.
Conclusions: The reporting of models was incomplete. Model discrimination was at best acceptable, and calibration was
rarely examined (and ignored competing mortality risk when examined). There is a need to derive better models that account
for competing mortality risk and report calibration as well as discrimination.

Keywords: aged, long-term care, risk, validation study, systematic review, older people

Key Points

• It is difficult for individual clinicians to accurately estimate care home admission risk.
• We critically appraised the existing five external validation studies of nine care home admission risk prediction models.
• Morbidities were used as predictors in four of the nine models, most commonly neurological or psychiatric diseases.
• For 1-year prediction, three of the six models had acceptable discrimination and the remaining three had poor

discrimination.
• The only study examining model calibration, despite ignoring competing mortality, concluded that it was excellent.
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Introduction

Rapid population ageing is increasing the demand for health
and social care. [1] Population ageing drives increasing preva-
lence of multimorbidity and geriatric syndromes (such as
frailty, falls, continence problems and dementia) and increas-
ing demand for care at home and residential care (which
is variably named depending on country, like ‘care homes’,
‘nursing homes’ or ‘long-term care facilities’; this paper uses
‘care homes’). [1] Most health and social care systems aim
to maintain independence at home for as long as possi-
ble because this aligns with most (but not all) individuals’
preferences, and it is usually less costly than residential
care. Given constrained resources, targeting interventions at
people at the highest risk of care home admission has the
potential to maximise independence and ensure that any
transition to residential care is agreed upon and planned
rather than driven by an emergency. However, it is difficult
for individual clinicians to accurately estimate care home
admission risk, especially for patients with high risk of com-
peting mortality (i.e. dying before care home admission). [2]
This has driven interest in using formal prediction models
to identify older adults at the highest risk of care home
admission.

Several reviews have examined individual characteristics
associated with care home admission since the 1980s.
Wingard et al. synthesised cross-sectional and prospective
studies of predictors of care home utilisation published
before 1985. [3] They identified that age, sex, availability
of caregivers and functional status were the predictors most
commonly found to be significantly associated with care
home admission. [3] A similar review by Luppa et al.
two decades later found strong evidence for associations
between care home admission and age, self-rated health
status, functional and cognitive impairment, dementia, prior
care home admission and number of prescriptions. [4] A
smaller number of studies have attempted to derive formal
models to predict care home admission using a variety of
predictors, including the presence of various morbidities,
physical function and professional judgement. Before any
prediction model can be recommended for use in clinical
practice, it requires external validation in a different dataset,
target population or setting than the one used for model
derivation. [5, 6]

Previous systematic reviews have synthesised and appraised
models developed for predicting adverse outcomes in
older adults, such as care home mortality, [7] emergency
hospital admission, [8] hospital delirium, [9] and mortality
(among community-dwelling participants). [10] They
found that many of these prediction models did not have
acceptable predictive performance, and their validations
were often at risk of bias. The aim of this systematic
review was therefore to evaluate external validation stud-
ies of prediction models for short- to medium-term
care home admission risk (<3 years) in older adults
aged ≥65 years.

Methods

We conducted this review based on TRIPOD-SRMA
(Transparent Reporting of multivariable prediction models
for Individual Prognosis Or Diagnosis tailored for Systematic
Reviews and Meta-Analyses) checklist [5] and PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) guidelines (Supplementary Table S1).
[11] The review protocol was registered in PROSPERO
(CRD42023410747).

Eligibility criteria

Studies were eligible if they were prospective or retrospective
cohort studies examining the external validation of models
predicting care home admission risk over a time-horizon
of 3 years or less, with the full text written in English.
‘Care home admission’ refers to the admission of the par-
ticipant to a long-term care facility (i.e. institutions pro-
viding residential personal and/or nursing care) temporar-
ily or permanently. Studies were eligible if they involved
community-dwelling adults with average (mean or median)
age ≥ 65 years, and were validated in people living in the
community or at the point of hospital admission or emer-
gency department (ED) attendance. Model predictors could
be derived from electronic health record data, survey or trial
data, data from questionnaires, other self-report assessment
data and/or data from structured clinical assessment (e.g.
comprehensive geriatric assessment). We included studies of
well-established measures like Charlson Comorbidity Index,
[12] either used as the only predictor or where the authors
examined their performance with the addition of covari-
ates (e.g. age and sex) not included in the core morbidity
measure.

We excluded studies focusing only on specific populations
(e.g. post-stroke, people with dementia). We also excluded
conference abstracts, scoping, systematic and umbrella
reviews, and clinical guidelines.

Search strategy and selection criteria

We searched Medline, Embase and Cochrane Library
from inception to 14 August 2023. Search strategies
are defined in Supplementary Box S1, with additional
hand-searching of reference lists of included studies and
excluded conference abstracts. We imported all records into
Covidence (https://www.covidence.org/) (Veritas Health
Innovation, Melbourne, Australia) with title and abstract
screening done by two reviewers (L.H. and B.G.), and full-
text screening completed by one reviewer (L.H.) and then
validated by another reviewer (B.G.).

Data extraction and risk of bias and applicability
assessment

We used CHARMS (CHecklist for critical Appraisal
and data extraction for systematic Reviews of prediction
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Models for predicting risk of care home admission in older adults

Modelling Studies) to extract the characteristics of included
studies and their prediction models. [13] The study
characteristics included first author, publication year, study
location, funding source, study design, use of collected data,
source of data, outcome definition, measurement of out-
come, participant selection criteria, number of participants,
age, sex, and race or ethnicity of participants and number
of admissions. The model characteristics included statistical
modelling method used in model development (retrieved
from previous papers reporting model development),
number of predictors, types of predictors, time of prediction,
prediction time-horizon, reported performance measures
and whether model performance measures accounted
for competing mortality. Performance measures extracted
included measures of discrimination (e.g. area under the
receiver operating characteristic curve (AUC), Harrell’s c
statistic, and metrics such as sensitivity and specificity at
selected cut-points, calibration (e.g. calibration plot), and
measures of overall performance, reclassification and clinical
usefulness (e.g. pseudo-R2, net reclassification index and
decision curve). [14] Discrimination measures how well the
model distinguishes between people who are admitted to
care homes and people who are not. Calibration reflects
the agreement between observed and expected events (i.e.
are predictions accurate), and is a critical performance
feature for clinical use. A prediction model may have good
discrimination in terms of predicted risk being higher in
those admitted to care homes versus those not but produce
predictions which are poorly calibrated (inaccurate).

We conducted risk of bias and applicability assessment for
the validation studies of prediction models using PROBAST
(Prediction model Risk Of Bias Assessment Tool). [15] The
above procedures were performed by one reviewer (L.H.)
and then independently validated by another (B.G.). Dis-
agreements were resolved by discussion between the two
reviewers.

Data synthesis

No models were externally validated more than once, with
high between-study heterogeneity, and meta-analysis to esti-
mate pooled discrimination was therefore not appropriate.
Instead, we narratively synthesised findings using descriptive
statistics and tables. We adopted commonly used cut-off
points for discrimination to aid interpretation, by consider-
ing a prediction model with AUC or c statistic between 0.50
to 0.69 as having poor discrimination, 0.70 to 0.79 accept-
able discrimination, 0.80 to 0.89 excellent discrimination
and ≥ 0.90 outstanding discrimination (for these measures,
a value of 0.50 means the model performs no better than
chance, and 1.00 means that discrimination is perfect).
[16, 17] No generally agreed cut-off points have yet been
available for sensitivity and specificity, likelihood ratios (LRs)
or predictive values. The results were reported according to
the prediction time-horizon which varied between 1 month
and 1 year, with one study reporting model performance over
two time-horizons. Where authors calculated discrimination

using two or more sources of data (e.g. inpatient data only
versus inpatient and outpatient data), we used the best results
to summarise model performance. As calibration is harder
to formally assess because it involves more judgement, [18]
we extracted the authors’ summary interpretation of model
calibration.

Results

Study selection

The literature search yielded 44,510 records. After dedu-
plication, we performed title and abstract screening on
29,935 records, of which 54 full-text records were screened
(Figure 1). Five studies were eligible, reporting external
validation of nine unique prediction models.

Study characteristics

Table 1 details the characteristics of the included studies.
The five included studies were published between 2005
and 2023, with two published in Canada [19, 20] and
one each in the USA, [21] Ireland, [22] and Switzerland.
[23] Two studies were funded by governments and/or other
public bodies, [19, 23] one was supported by a private
research institute, [21] and two did not report on their
funding sources. [20, 22] Three of the included studies
were retrospective cohort studies. [20–22] Three studies
externally validated existing models, [19, 20, 23] and two
developed and external validated new models. [21, 22]
Two studies used data obtained from clinical assessments
and staff-administered questionnaires, [19, 23] two used
previous survey or trial data, [20, 22] and one used electronic
health record data. [21] Prediction models were validated
in a total of 5,343,487 participants, but most validation
studies were relatively small (median 444; interquartile
range 2,671,208.5), with average age (mean or median)
ranging from 74.0 to 85.3 years (if reported). Only one
study reported participants’ race or ethnicity. [21] One study
involved participants aged <65 years. [21].

Two studies predicted care home admission risk for ED
attendees, one for general inpatients, one for geriatric service
inpatients and one for people living in the community. All
studies reported their definition of care home admission,
but only two explicitly stated whether admissions were per-
manent and/or temporary (in both cases, only including
permanent admissions). [19, 23] Care home admission was
ascertained using routine administrative data, [20–22] rou-
tine data plus chart review, [19] or routine data plus phone
calls to patients and professionals. [23] The percentage of
participants admitted to a care home ranged from 0.9% of
people participating in a clinical trial admitted to a ‘long-
term care facility’ in Canada [20] to 35.9% of inpatients in
the USA discharged to a location ‘other than home’. [21].

Prediction model characteristics

Table 2 and Supplementary Table S2 detail the included
prediction models and their validations. Seven of the nine
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Models for predicting risk of care home admission in older adults

Figure 1. Flow of literature search and selection

models were developed using logistic regression, while the
remaining two (‘Clinical Frailty Scale’ and ‘Geriatric Index
of Comorbidity’) used survival analysis (Cox regression).
[24, 25] The time-horizon over which prediction was exam-
ined ranged from 1 month to 1 year, but most evaluations
were at 1 year. Six (66.7%) of the nine included models
predicted risk in ED attendees, two (22.2%) during inpa-
tient admission and one (11.1%) in people living in the
community. The median number of predictors included in
models was 5.5 (range 1 to 19; interquartile range 3 to 11),
but one study did not report the number of predictors. [21]

Table 3 details the predictors used by the nine unique
models. The most included types of predictors were morbidi-
ties (four models; 44.4%), physical function (four models;
44.4%) and professional judgement (i.e. nurses’ concerns
or perceived chance of admission) (three models; 33.3%).
The morbidities included varied considerably. Neurological

or psychiatric diseases, such as cerebrovascular diseases and
cognitive impairment, contributed to four (44.4%) predic-
tion models, with three models using cancer, cardiovascular,
respiratory, renal, metabolic, gastrointestinal and liver dis-
eases as distinct predictors. Other conditions, such as visual
impairment [21, 22] and musculoskeletal conditions, [21,
23] were adopted by some prediction models. ‘Programme
of Research to Integrate Services for the Maintenance of
Autonomy 7’ (PRISMA7) model also included estimates of
general health and social support as predictors. [22]

Prediction model performance

Model discrimination

Overall, seven (77.8%) of the nine validation studies
reported model discrimination as AUC or c statistic, while
the remainder used LRs or specificity with predictive

5



L. Ho et al.

Ta
bl

e
2.

C
ha

ra
ct

er
ist

ic
so

ft
he

in
cl

ud
ed

m
od

el
s

Au
th

or
(y

ea
r)

Pr
ed

ic
tio

n
m

od
el

St
at

ist
ic

al
m

od
el

lin
g

m
et

ho
d

us
ed

in
m

od
el

de
ve

lo
pm

en
t

N
um

be
ro

f
pr

ed
ic

to
rs

Ti
m

e
of

pr
ed

ic
tio

n
Pr

ed
ic

tio
n

tim
e-

ho
riz

on

D
isc

rim
in

at
io

na
C

al
ib

ra
-

tio
nb

Ac
co

un
te

d
fo

r
co

m
pe

tin
g

m
or

ta
lit

y
in

ca
lib

ra
tio

n
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
Fa

n
(2

00
6)

Tr
ia

ge
R

isk
Sc

re
en

in
g

To
ol

fo
r

El
de

rly
Pa

tie
nt

s
Lo

gi
sti

c
re

gr
es

sio
n

5
D

ur
in

g
ED

at
te

nd
an

ce
1

m
on

th
4

m
on

th
s

N
ot

ac
ce

pt
ab

le
c

1
m

on
th

d

Po
sit

iv
e

LR
1.

03
N

eg
at

iv
e

LR
0.

98
4

m
on

th
s

Po
sit

iv
e

LR
1.

81
N

eg
at

iv
e

LR
0.

98

N
ot

re
po

rt
ed

N
o

G
re

en
w

al
d

(2
02

2)
R

isk
St

ra
tifi

ca
tio

n
In

de
x

3.
0

Lo
gi

sti
c

re
gr

es
sio

n
N

ot
re

po
rt

ed
D

ur
in

g
in

pa
tie

nt
ad

m
iss

io
n

3
m

on
th

s
Ac

ce
pt

ab
le

AU
C

0.
79

Ex
ce

lle
nt

N
o

M
ay

o
(2

00
5)

Q
ua

n-
C

ha
rls

on
C

om
or

bi
di

ty
In

de
x

w
ith

co
va

ria
te

s
Lo

gi
sti

c
re

gr
es

sio
n

19
An

yt
im

e
in

th
e

co
m

m
un

ity
1

ye
ar

Ac
ce

pt
ab

le
H

ar
re

ll’
sc

sta
tis

tic
0.

72

N
ot

re
po

rt
ed

N
o

O
’C

ao
im

h
(2

02
3)

C
lin

ic
al

Fr
ai

lty
Sc

al
e

C
ox

re
gr

es
sio

n
1

D
ur

in
g

ED
at

te
nd

an
ce

1
ye

ar
Po

or
AU

C
0.

68
N

ot
re

po
rt

ed
N

o

O
’C

ao
im

h
(2

02
3)

Id
en

tifi
ca

tio
n

of
Se

ni
or

sA
tR

isk
Lo

gi
sti

c
re

gr
es

sio
n

6
D

ur
in

g
ED

at
te

nd
an

ce
1

ye
ar

Po
or

AU
C

0.
64

N
ot

re
po

rt
ed

N
o

O
’C

ao
im

h
(2

02
3)

Pr
og

ra
m

m
e

of
Re

se
ar

ch
to

In
te

gr
at

e
Se

rv
ic

es
fo

rt
he

M
ai

nt
en

an
ce

of
Au

to
no

m
y

7

Lo
gi

sti
c

re
gr

es
sio

n
7

D
ur

in
g

ED
at

te
nd

an
ce

1
ye

ar
Po

or
AU

C
0.

66
N

ot
re

po
rt

ed
N

o

O
’C

ao
im

h
(2

02
3)

R
isk

In
str

um
en

tf
or

Sc
re

en
in

g
in

th
e

C
om

m
un

ity
(G

lo
ba

ls
co

re
)

Lo
gi

sti
c

re
gr

es
sio

n
3

D
ur

in
g

ED
at

te
nd

an
ce

1
ye

ar
Ac

ce
pt

ab
le

AU
C

0.
70

N
ot

re
po

rt
ed

N
o

O
’C

ao
im

h
(2

02
3)

R
isk

In
str

um
en

tf
or

Sc
re

en
in

g
in

th
e

C
om

m
un

ity
(O

ve
ra

ll
sc

or
e)

Lo
gi

sti
c

re
gr

es
sio

n
3

D
ur

in
g

ED
at

te
nd

an
ce

1
ye

ar
Ac

ce
pt

ab
le

AU
C

0.
73

N
ot

re
po

rt
ed

N
o

Z
ek

ry
(2

01
2)

G
er

ia
tr

ic
In

de
x

of
C

om
or

bi
di

ty
C

ox
re

gr
es

sio
n

15
D

ur
in

g
in

pa
tie

nt
ge

ria
tr

ic
se

rv
ic

e
ad

m
iss

io
n

1
ye

ar
Ac

ce
pt

ab
le

e

Sp
ec

ifi
ci

ty
99

.7
%

PP
V

50
.0

%
N

PV
72

.2
%

N
ot

re
po

rt
ed

N
o

AU
C

:a
re

au
nd

er
th

er
ec

ei
ve

ro
pe

ra
tin

g
ch

ar
ac

te
ris

tic
cu

rv
e;

ED
:e

m
er

ge
nc

y
de

pa
rt

m
en

t;
PP

V
:p

os
iti

ve
pr

ed
ic

tiv
ev

al
ue

;N
PV

:n
eg

at
iv

ep
re

di
ct

iv
ev

al
ue

;L
R

:l
ik

el
ih

oo
d

ra
tio

.a Po
or

di
sc

rim
in

at
io

n
re

fe
rs

to
AU

C
or

H
ar

re
ll’

s
cs

ta
tis

tic
be

tw
ee

n
0.

50
to

0.
69

;a
cc

ep
ta

bl
e

di
sc

rim
in

at
io

n
re

fe
rs

to
AU

C
or

H
ar

re
ll’

sc
sta

tis
tic

be
tw

ee
n

0.
70

to
0.

79
;e

xc
el

le
nt

di
sc

rim
in

at
io

n
re

fe
rs

to
AU

C
or

H
ar

re
ll’

sc
sta

tis
tic

0.
80

to
0.

89
;o

ut
sta

nd
in

g
di

sc
rim

in
at

io
n

re
fe

rs
to

AU
C

or
H

ar
re

ll’
s

c
sta

tis
tic

≥0
.9

0
b W

e
ex

tr
ac

te
d

th
e

au
th

or
s’

su
m

m
ar

y
in

te
rp

re
ta

tio
n

of
m

od
el

ca
lib

ra
tio

n.
c Ba

se
d

on
th

e
or

ig
in

al
au

th
or

s’
ju

dg
em

en
t

w
ith

ju
sti

fic
at

io
n

(m
od

el
no

t
cl

in
ic

al
ly

us
ef

ul
du

e
to

sm
al

lL
R

s)
.d Th

e
nu

m
be

r
of

ad
m

iss
io

ns
(e

ve
nt

)w
as

0,
an

d
th

er
ef

or
e

th
e

or
ig

in
al

au
th

or
su

se
d

0.
5

to
ca

lc
ul

at
e

th
e

m
et

ric
so

fm
od

el
di

sc
rim

in
at

io
n.

e Ba
se

d
on

th
e

or
ig

in
al

au
th

or
s’

ju
dg

em
en

tw
ith

ju
sti

fic
at

io
n

(m
od

el
pr

ed
ic

ts
ac

cu
ra

te
ly

du
e

to
ad

eq
ua

te
m

et
ric

s)
.

6



Models for predicting risk of care home admission in older adults

Ta
bl

e
3.

Pr
ed

ic
to

rs
us

ed
in

th
e

in
cl

ud
ed

pr
ed

ic
tio

n
m

od
el

s

Ty
pe

of
pr

ed
ic

to
r

N
um

be
ro

f
m

od
el

s
in

cl
ud

in
g

th
e

pr
ed

ic
to

r
ty

pe

Pr
ed

ic
tio

n
m

od
el

(A
ut

ho
r,

ye
ar

)

Tr
ia

ge
R

isk
Sc

re
en

in
g

To
ol

fo
r

El
de

rly
Pa

tie
nt

s
(F

an
20

16
)

R
isk

St
ra

tifi
ca

tio
n

In
de

x
3.

0
(G

re
en

w
al

d,
20

22
)

Q
ua

n-
C

ha
rls

on
C

om
or

bi
di

ty
In

de
x

w
ith

co
va

ria
te

s
(M

ay
o,

20
05

)

C
lin

ic
al

Fr
ai

lty
Sc

al
e

(O
’C

ao
im

h,
20

23
)

Id
en

tifi
ca

tio
n

of
Se

ni
or

sa
t

R
isk

(O
’C

ao
im

h,
20

23
)

Pr
og

ra
m

m
e

of
Re

se
ar

ch
to

In
te

gr
at

e
Se

rv
ic

es
fo

rt
he

M
ai

nt
en

an
ce

of
Au

to
no

m
y

7
(O

’C
ao

im
h,

20
23

)

R
isk

In
str

um
en

t
fo

rS
cr

ee
ni

ng
in

th
e

C
om

m
un

ity
(G

lo
ba

ls
co

re
)

(O
’C

ao
im

h,
20

23
)

R
isk

In
str

um
en

t
fo

rS
cr

ee
ni

ng
in

th
e

C
om

m
un

ity
(O

ve
ra

ll
sc

or
e)

(O
’C

ao
im

h,
20

23
)

G
er

ia
tr

ic
In

de
x

of
C

om
or

bi
di

ty
(Z

ek
ry

,2
01

2)

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

.
.

M
or

bi
di

tie
s

4
•

•
•

•
N

eu
ro

lo
gi

ca
l/p

sy
ch

ia
tr

ic
4

•
•

•
•

C
an

ce
r

3
•

•
•

C
ar

di
ov

as
cu

la
r

3
•

•
•

Re
sp

ira
to

ry
3

•
•

•
Re

na
l

3
•

•
•

M
et

ab
ol

ic
3

•
•

•
G

as
tro

in
te

sti
na

l
3

•
•

•
Li

ve
r

3
•

•
•

U
ro

ge
ni

ta
l/s

ex
ua

lly
tr

an
sm

itt
ed

2
•

•
R

he
um

at
ol

og
ic

al
2

•
•

H
ae

m
at

ol
og

ic
al

2
•

•
V

isu
al

im
pa

irm
en

t
2

•
•

M
us

cu
lo

sk
el

et
al

co
nd

iti
on

s
2

•
•

Al
lo

th
er

co
nd

iti
on

si
n

IC
D

-1
0

1
•

Ph
ys

ic
al

fu
nc

tio
n

4
•

•
•

•
Pr

of
es

sio
na

lj
ud

ge
m

en
t

3
•

•
•

Ag
e

2
•

•
Se

x/
ge

nd
er

2
•

•
C

ar
e

re
qu

ire
m

en
ts

2
•

•
Pr

ev
io

us
ad

m
iss

io
ns

/le
ng

th
of

sta
y

2
•

•

M
ed

ic
at

io
ns

2
•

•
G

en
er

al
he

al
th

an
d

so
ci

al
su

pp
or

t
1

•

IC
D

-1
0:

Te
nt

h
ed

iti
on

of
th

e
In

te
rn

at
io

na
lC

la
ss

ifi
ca

tio
n

of
D

ise
as

es
.

7



L. Ho et al.

values, to illustrate the performance measure (Table 2 and
Supplementary Table S2). One validation reported model
discrimination at 1 month and 4 months, one at 3 months
and the remaining seven at 1 year.

Among non-admitted ED attendees, ‘Triage Risk Screen-
ing Tool for Elderly Patients’ had a positive LR of 1.03 and
negative LR of 0.98 at 1 month, compared with positive
LR of 1.81 and negative LR of 0.98 at 4 months. The
authors concluded that performance was not acceptable for
clinical use. [19] Among hospitalised patients, ‘Risk Strati-
fication Index 3.0’ had acceptable model discrimination at
3 months (AUC 0.79). [21] For 1-year prediction, three
models reported acceptable model discrimination (AUC or
c statistic 0.70–0.79) among community-dwelling partic-
ipants [20] and non-admitted ED attendees. [22] Three
reported poor model discrimination (AUC or c statistic
<0.70) for the same prediction time-horizon. [22] The val-
idation of ‘Geriatric Index of Comorbidity’ reported speci-
ficity (99.7%) but not sensitivity, positive predictive value
(PPV) (50.0%), negative predictive value (NPV) (72.2%),
concluding that the prediction model accurately predicts care
home admission among those admitted to geriatric inpatient
units. [23]

Model calibration

Only one (11.1%) of the nine validation studies reported cal-
ibration in any way (Table 2 and Supplementary Table S2).
The validation of ‘Risk Stratification Index 3.0’ presented a
calibration plot for prediction at 3 months, and calculated
observed–expected ratio (0.98) and estimates of calibration
intercept (0.00) and slope (1.00). The authors concluded
that the model was ‘close to ideal’ (i.e. excellent) for most
of the study population, [21] although examination of cali-
bration did not account for competing mortality risk which
may make this conclusion optimistic. [2, 26]

Other model performance measures

Only one (11.1%) validation examined other model perfor-
mance measures (Supplementary Table S2). The validation
of ‘Geriatric Index of Comorbidity’ calculated the pseudo-R2

(0.06) of the prediction model at 1-year but did not explicitly
interpret the result. [23]

Risk of bias and applicability of the validations

Overall, eight (88.9%) of the nine validation studies were
at high risk of bias, [19, 20, 22, 23] with only one at
low risk (Table 4 and Supplementary Figure S1). [21] All
had satisfactory performance in the participants, predictors
and outcome domains of PROBAST. However, in the anal-
ysis domain, those with high risk of bias did not report
both model discrimination and model calibration. Seven
(77.8%) validation studies also did not have ≥100 care
home admissions (events) by the end of follow-up. [19, 20,
22] Applicability to the target population of older people
was generally good, but one (11.1%) had unclear concerns

over applicability because it included some participants aged
<65 years. [21]

Discussion

This systematic review examined five studies reporting the
validation of nine unique prediction models for risk of care
home admission in older adults for a variety of prediction
time-horizons up to 1 year. The overall risk of bias in
the validation studies was generally high, with only one of
them reporting both model discrimination and calibration.
The prediction models examined used a wide variety of
predictors, with 44.4% using morbidities and physical func-
tion, respectively. The most common group of morbidities
used as predictors was neurological or psychiatric diseases,
closely followed by cancer and cardiovascular, respiratory,
renal, metabolic, gastrointestinal and liver diseases. For 1-
year risk prediction, three of the seven prediction models
had acceptable (but never good or excellent) model dis-
crimination (AUC or c statistic 0.70 to 0.79), three had
poor discrimination (AUC or c statistic < 0.70) and one was
reported to be able to accurately predict the outcome based
on high specificity. Only one validation explicitly evaluated
model calibration, concluding it was excellent, although
the outcome measured was ‘discharge to a facility’ is much
broader than most other studies, was very common (35.9%)
and very likely includes many temporary admissions, and
therefore may not generalise to non-US health care systems.

Similar to our findings, external validation studies of
models for predicting older adults’ risks of mortality if
resident in care homes, [7] emergency hospital admission, [8]
and general mortality [10] tended not to report model cal-
ibration, resulting in high risk of bias ratings in PROBAST
assessment. Most of their prediction models failed to achieve
excellent model discrimination (AUC or c statistic ≥ 0.80).
Our findings are also consistent with the review of studies on
the prediction models for care home admission risk in people
aged ≥50 years (although not restricted to external valida-
tions), where even in internal validation, discrimination was
poor or at best acceptable. [27]

Strengths of this systematic review include the perfor-
mance of a comprehensive literature search in major elec-
tronic databases and reporting according to CHARMS and
PROBAST. There are also some limitations. First, since the
included prediction models were only externally validated
once and there is high between-study heterogeneity, we
could not perform meta-analyses to estimate pooled model
discrimination results. Therefore, generalisability to a wider
range of clinical contexts is uncertain, and generalisability
between countries particularly so (because of differences in
organisation and funding of care, and differences in informal
care expectations and capacity). Second, our understanding
of calibration is inadequate because only one validation
study reported it. This is a major gap in the literature
given the very wide variation in care home admission rates
reported which likely arises from differences in outcome
measurement including whether an admission is permanent
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Table 4. Results of risk of bias and applicability assessment

Prediction model Author,
year

Risk of bias Applicability Overall

1.
Participants

2.
Predictors

3.
Outcome

4.
Analysis

1.
Participants

2.
Predictors

3.
Outcome

Risk of
bias

Applicability

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Triage Risk Screening Tool
for Elderly Patients

Fan, 2016 + + + - + + + - +

Risk Stratification Index
3.0

Greenwald,
2022

+ + + + ? + + + ?

Quan-Charlson
Comorbidity Index with
covariates

Mayo,
2005

+ + + - + + + - +

Clinical Frailty Scale O’Caoimh,
2023

+ + + - + + + - +

Identification of Seniors at
Risk

O’Caoimh,
2023

+ + + - + + + - +

Programme of Research to
Integrate Services for the
Maintenance of Autonomy
7

O’Caoimh,
2023

+ + + - + + + - +

Risk Instrument for
Screening in the
Community (Global score)

O’Caoimh,
2023

+ + + - + + + - +

Risk Instrument for
Screening in the
Community (Overall
score)

O’Caoimh,
2023

+ + + - + + + - +

Geriatric Index of
Comorbidity

Zekry,
2012

+ + + - + + + - +

+ indicates ‘low risk of bias’ for Risk of Bias assessment or ‘low concern over applicability’ for Applicability assessment. ? indicates ‘unclear risk of bias’ for Risk of
Bias assessment or ‘unclear concern over applicability’ for Applicability assessment. - indicates ‘high risk of bias’ for Risk of Bias assessment or ‘high concern over
applicability’ for Applicability assessment.

or temporary, from differences in the population studied
(community, all ED attendees, ED attendees who are not
admitted, inpatients or trial participants), and from differ-
ences in how residential and home care is organised and
funded in different countries. Third, most validation studies
did not report their study population in detail to ensure
that their findings apply to diverse populations, especially
in terms of race and ethnicity. Fourth, the outcome in
Greenwald et al. does not distinguish discharge to long-term
care facilities from discharge to other health or social care
facilities, such as skilled nursing facilities, and likely includes
many temporary or ‘step-down’ admissions. [21] Therefore,
readers should be cautious when comparing the performance
of the ‘Risk Stratification Index 3.0’ to other models. Finally,
restricting the analyses to external validation studies means
that some potentially relevant prediction tools were not
considered (e.g. ‘Electronic Frailty Index’ by Clegg et al.
where discrimination was acceptable in internal validation).
[28] However, prediction tool performance is typically worse
in external validation, [29] and external validation is always
recommended before clinical use.

Although three models had acceptable discrimination (a
measure of the general ability to distinguish those admitted
from those not), the lack of published data on calibration
(whether predicted risk is accurate) means that the main
clinical implication is that none of the tools can be strongly

recommended for routine use. We believe that at best, exist-
ing tools could be used as screening instruments to identify
patients for clinical review, but clinicians or policy-makers
interested in using one of these tools should carefully con-
sider whether a tool has been derived in a population similar
to their own and ideally check calibration of predictions in
their own population before clinical use. [30]

In terms of research, there is a need for broader external
validation of existing models, and for the derivation and
validation of better prediction models for care home
admission risk in older adults. Future research might
compare prediction models using different combinations
of routine clinical data and bespoke data (e.g. clinical
assessment or self-report of function) to clarify if models
using additional bespoke data provide any performance
benefit that justifies their additional cost of data collection.
Model evaluation should also account for competing
mortality, since not accounting for it will typically lead
to models over-predicting risk of care home admission.
[2] For existing and new models, future research should
also focus on high-quality external validations that robustly
examine model calibration and discrimination, [5] as
well as on those that evaluate model performance in
important subgroups (e.g. by age group, gender, race and
ethnicity, or presence of common morbidities) because
good overall performance may conceal poor performance in
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critical subgroups. [26] External validation studies should
also include head-to-head comparisons of different predic-
tion models in the same population to support the selection
of models for clinical use. [30] All of these validation studies
should be reported according to TRIPOD (Transparent
Reporting of a multivariable prediction model for Individual
Prognosis Or Diagnosis). [31]

More broadly, care home admission is a complex outcome
compared with other outcomes of interest in older people
like mortality, and service organisation varies considerably
between countries, meaning that it is possible that prediction
tools will need to be country or context specific. Even within
countries, ‘admission’ can be intended to be permanent
from the outset or intended to be short-term, and there
are important differences between those admitted from the
community versus from hospitals (who will often die soon
after care home admission). [3] Prediction tool developers
need to be explicit about (and justify) their choice of the
context of prediction (community, ED or inpatient) and
their choice of the outcome (permanent versus temporary),
as well as the data limitations on how care home admission is
measured. [32, 33] Finally, it is important to recognise that it
is uncertain whether it is possible to create prediction tools
for care home admission which are very high performing,
because moving to care home may be dependent on a much
wider range of individual factors than can be easily measured,
meaning that there may be performance ceilings for models
derived from routine data in particular. [21]

Conclusions

This systematic review synthesised five external validations
of nine unique prediction models for short- to medium-
term care home admission risk in older adults. The risk
of bias in the validation studies was generally high, the
performance of the models in terms of discrimination was
never better than adequate and their calibration was poorly
reported. There is a need to develop and robustly vali-
date better prediction tools to help identify older adults at
high risk of care home admission to inform the delivery of
health and social care interventions to promote independent
living.
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