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ABSTRACT

Background Older multimorbid adults have a high risk
of mortality and a short life expectancy (LE). Providing
high-value care and avoiding care overuse, including of
preventive care, is a serious challenge among multimorbid
patients. While guidelines recommend to tailor preventive
care according to the estimated LE, there is no tool to
estimate LE in this specific population. Our objective is
therefore to develop an LE estimator for older multimorbid
adults by transforming a mortality prognostic index, which
will be developed and internally validated in a prospective
cohort.

Methods and analysis We will analyse data of the
Optimising Therapy to Prevent Avoidable Hospital
Admissions in Multimorbid Older People cohort study

in Bern, Switzerland. 822 participants were included

at hospitalisation with age of 70 years or older,
multimorbidity (three or more chronic medical conditions)
and polypharmacy (use of five drugs or more for >30 days).
All-cause mortality will be assessed during 3 years of
follow-up. We will apply a flexible parametric survival
model with backward stepwise selection to identify the
mortality risk predictors. The model will be internally
validated using bootstrapping techniques. We will derive a
point-based risk score from the regression coefficients. We
will transform the 3-year mortality prognostic index into an
LE estimator using the Gompertz survival function. We will
perform a qualitative assessment of the clinical usability
of the LE estimator and its application. We will conduct
the development and validation of the mortality prognostic
index following the Prognosis Research Strategy
(PROGRESS) framework and report it following the
Transparent Reporting of a Multivariable Prediction Model
for Individual Prognosis or Diagnosis (TRIPOD) statement.
Ethics and dissemination Written informed consent

by patients themselves or, in the case of cognitive
impairment, by a legal representative, was required

before enrolment. The local ethics committee (Kantonale
Ethikkommission Bern) has approved the study. We plan to
publish the results in peer-reviewed journals and present
them at national and international conferences.

BACKGROUND

Multimorbidityis frequentamong older adults
and is associated with a shorter life expec-
tancy (LE),' a low quality of life and a high

Strengths and limitations of this study

» We will provide the first life expectancy estimator
specifically for older multimorbid adults.

» We use high-quality data from a large prospective
cohort study of multimorbid older adults.

» This predictive tool may help clinicians to person-
alise preventive care according to individual life
expectancy.

» External validation of the new life expectancy esti-
mator in another cohort will still be required.

healthcare utilisation such as polypharmacy®
and multiple hospital admissions.” While the
benefits and harms of preventive care, such as
cancer screening and cardiovascular disease
(CVD) preventive treatment, are well known
up to the age of 75 years, they are not directly
applicable to older multimorbid patients.*®
For this reason, international guidelines such
as US Preventive Services Task Force recom-
mend accounting for LE when deciding on
preventive care.

Accounting for LE is indeed key because
most preventive care has a lag time to
benefit. The lag time to benefit is the time
interval between an intervention (eg, cancer
screening) and the moment when health
outcomes are improved (eg, lower cancer
mortality). It varies greatly, ranging from 6
months for statin treatment in the secondary
prevention of CVD to up to 10 years for
several cancer screenings.’ ” If the lag time
to benefit of the intervention is longer than
the estimated LE, the patient cannot benefit
from it*? and the intervention should not be
recommended. Older multimorbid adults are
at high risk of not having the time to benefit,
and harms may outweigh the benefits of an
intervention. To decide which preventive
care should be delivered, the lag time to
benefit should be therefore weighted against
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the estimated LE, as proposed for cancer screening by
Lee et al.®”

There is, however, no tool to accurately estimate LE
among multimorbid patients. LE estimators are usually
derived from mortality risk scores. Several risk scores allow
estimating mortality risk for older adults,” but they are
not recommended for widespread use and do not directly
translate to LE estimates. To our knowledge, only Lee et
al have developed an LE estimator from a mortality risk
prognostic index from a cohort of community-dwelling
older adults with a relatively low mortality rate,” but it is
not directly applicable to multimorbid patients and other
populations with relatively high mortality rates. Our
objective is therefore to develop and internally validate
an LE estimator for older multimorbid adults.

METHODS AND ANALYSIS
Source of data and study design
We will use data from 822 participants of an ongoing study
in Bern, Switzerland. Participants were originally enrolled
in a clinical trial with an intervention lasting 1 year and will
be followed up postintervention for an additional 2years
as a cohort. The clinical trial was the cluster randomised
controlled trial Optimising Therapy to Prevent Avoid-
able Hospital Admissions in Multimorbid Older People
(OPERAM'). Participants were assigned to receive either
standard care or a medication review by a Systematic Tool
to Reduce Inappropriate Prescribing with observation of
the primary outcome of drug-related hospital admission
over 1 year. For our study, we will use data collected at
baseline (December 2016 to October 2018) and up to 3
years after baseline (until October 2021). Figure 1 shows
the schedule of data collection for this project.

Study nurses collected baseline data by a personal inter-
viewwith the participantand from medical files. Follow-ups
are conducted via phone calls. Phone interviews are held

with participants or relatives, otherwise with a proxy or
with the general practitioner, when the participants are
not reachable or not able to answer.

Participants

Eight hundred and twenty-two participants were enrolled
at hospitalisation in the Inselspital, University Hospital,
Bern, Switzerland. Inclusion criteria were age 70 years
or older, multimorbidity (three or more chronic medical
conditions) and polypharmacy (use of five drugs or more
for >30days). We defined multimorbidity as presence of
three or more coexistent chronic medical conditions
with an estimated duration of 6 months or more. The
medical conditions were recorded as International Clas-
sification of Diseases (ICD-10) codes. The estimated
duration was based on a clinical decision. The 10 most
frequent chronic medical conditions were in descending
order: essential hypertension (I10), type 2 diabetes
mellitus (E11), hypertensive heart disease (I11), chronic
kidney disease stage 3 (N18.3), disorders of lipoprotein
metabolism and other lipidaemias (E78), atrial fibrilla-
tion and flutter (I48), chronic ischaemic heart disease
(I25), hyperplasia of prostate (N40), other postsurgical
states (Z98) and obesity (E66). A detailed account of
the study participants’ baseline characteristics is given in
table 1.

Written informed consent by patients themselves or,
in the case of cognitive impairment, by a legal repre-
sentative, had already been obtained before enrolment.
Patients planned for direct admission to palliative care
(<24hours after admission), or patients undergoing a
structured drug review other than the trial intervention,
or who had passed a structured drug review within the
last 2 months were excluded. Also patients for whom
it was not possible to obtain an informed consent were
excluded.

Figure 1

Inclusion: Baseline 1year 2year 3year
>70 years follow-up follow-up follow-up
+  Multimorbidity (23 conditions) First patient Last patient
+ Polypharmacy (25 drugs) first visit last visit
= 12/2016 10/2021
>
Baseline characteristics X
Exclusion: Activities of Daily Living X X
+  Admission to palliative care (<24 h) (ADL)
« Structured drug review (<2 months) Quality of Life
No informed consent (EQ-5D) X X
Falls and fractures X X
Health economics X X
Diagnoses X X X X
Medication X X X X
Blood pressure and
cholesterol X X X X
Life expectancy
questionnaire by Lee etal.” X X X
Cancer screening X X X

Schedule of data collection from baseline to 3-year follow-up. 'Lee et al."®
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Table 1 Baseline characteristics of participants
Baseline characteristic n (%)

n 822
Female 347 (42.2)

Age, median [IQR]
BMI, median [IQR]

79 [74.0; 84.0]
26.0 [23.0; 29.1]

Smoking 69 (8.4)
Education
University 151 (18.4)
High school 491 (59.7)
Less than high school 170 (20.7)
Dementia 82 (10.0)
History of cancer 324 (39.4)
History of CVD 528 (64.2)
CVD risk factors and medication
Hypertension 626 (76.2)
Hypertension with treatment 529 (64.4)
Hypercholesterolaemia 309 (37.6)
Hypercholesterolaemia with treatment 229 (27.9)
Diabetes 256 (31.1)
Diabetes with treatment 202 (24.6)
Chronic medication, median [IQR] 10 [6.5; 13.5]
Diagnoses, median [IQR] 16 [12.5; 19.5]
Hospitalisations during the last year, 1[0.5;1.5]

median [IQR]

BMI, body mass index; CVD, cardiovascular disease.

Outcome

The outcome of interest is all-cause mortality over the 3
years of follow-up. One hundred and fifty-three deaths
(18.6%) occurred over the first year of follow-up. Since
participants were recruited during hospital admission, a
higher mortality rate is expected during the first year of
follow-up compared with subsequent follow-up and we
expect approximately 250 deaths (30%) over the 3 years
of follow-up.

Development, validation and clinical usability of an LE
estimator for multimorbid adults

We will develop and validate the mortality prognostic
index following the Prognosis Research Strategy (PROG-
RESS) framework,"" and report it following the Trans-
parent Reporting of a Multivariable Prediction Model for
Individual Prognosis or Diagnosis (TRIPOD) statement.'?
We will further follow the recommendations of Moons et
al®™* for risk prediction models and apply the method
described below for 3-year mortality prediction models.
Figure 2 summarises the process of developing the LE
estimator tool.

Candidate predictors identification
Candidate predictors are usually derived from previous
research efforts in this ﬁeld,8 15 case and reliability of
measurement in clinical setting and background knowl-
edge on potential associations with the outcome. There-
fore, we will perform a literature review of potential
predictors, and also consider factors included in the
OPERAM data set that may not be identified from the
review but specific to the target population. Table 2 shows
a list of potential candidate predictors. They include
demographic (age, sex), clinical characteristics (comor-
bidity, medication, body mass index), smoking, func-
tional status variables and hospitalisation. Notably, we will
account for the severity of comorbidity and functional
impairment, which has not been considered by Lee et al’®
As part of the OPERAM trial, the participants have been
assigned to a control or intervention group at baseline.
We will test the predictive effect of this assignment on
mortality and account for it in the analyses if necessary.

Mortality risk prognostic model

The relationship between candidate predictors and
outcome will be analysed using the flexible parametric
survival model. We will use the backward selection
method.” ' The remaining variables will form the final
model. We will use multiple imputation for missing
values under a missing at random assumption in order
to reduce bias and avoid excluding participants from the
analysis."”” We will investigate the predictive accuracy of

Candidate predictors
identification

FPSM

Clinical usability
of the estimator

Backwards selection

Qualitative

3-year mortality risk
prognostic model

B coefficients

Point-based

Figure 2 Flow chart of the development steps (boxes) and methods used (arrows) for the life expectancy estimator tool.

assessment

FPSM, flexible parametric survival model.

Application for
life expectancy
estimator

e.g. R Shiny

risk score

Gompertz law

Life expectancy

estimator

Gastens V, et al. BMJ Open 2021;11:2048168. doi:10.1136/bmjopen-2020-048168

"1ybuAdos Ag paroarold
"8[eus) BI810]|gIg BoIUlD BU0IZ8S e ZZ0Z ‘¥T sunr uo /wod fwg uadolwa//:dny woly papeojumoq TZ0Z 1SNy Gz uo 89T870-0Z0Z-uadolwa/9eTT 0T Sk paysignd 1s1y :usdo CING


http://bmjopen.bmj.com/

Open access

3

Table 2 Potential candidate predictors from information
obtained at baseline

Variable Description

Age

Sex

Comorbidities Charlson Comorbidity Index (CCI)

Medication burden Number of drugs before index

hospitalisation

Body mass index  Ratio of weight (kg)/square of height (m?)

(BMI)
Weight loss Lost weight during last year (yes/no)
Smoking Current smoker (yes/no)

Hospitalisation Number of hospitalisations during last year

Activities of daily
living (ADL)

Barthel Index: bathing, bladder control,
bowel control, dressing, feeding, grooming,
mobility, stairs, toilet use, transfer

Generic health EQ-5D score: mobility, self-care, usual

status activities, pain/discomfort and anxiety/
depression

Falls Number of falls during last year

Nursing Nursing home residency (yes/no)

the final model by testing calibration and discrimina-
tion. We will assess the model’s calibration by graphical
calibration plots and by comparing the predicted to the
observed mortality, with a relative difference of less than
10% considered satisfactory.” The model’s discrimination
will be assessed with Harrell’s C statistic.® We will use boot-
strapping techniques to internally validate our mortality
prognostic index. We will perform 500 bootstrap cycles
from the original sample, sampling the same number of
patients with replacement. In each bootstrap sample, we
will derive a mortality prediction model and the relative
risk score, as done in the original sample. We will also eval-
uate potential overfitting and optimism. We will calculate
optimism as difference in performance measure (eg, C
statistics) between the original sample and the respective
bootstrap sample. This will be repeated for all bootstrap
samples to estimate the average optimism."” '* If neces-
sary, we will adjust the model for overfitting.

We have calculated the required sample size for
conducting our multivariable prediction model using
the criteria proposed by Riley e al'® and implemented in
the pmsampsize library for the R environment.'” For the
3-year mortality risk prognostic model, the minimum
sample size required with 12 candidate predictor
parameters, an expected outcome event rate of 0.1 per
year and an anticipated Cox-Snell R® of 0.126 (C statistic
of° 0.82' %) is 799 with 20 events per predictor param-
eter. This is considerably more than the idiomatic 10
events per predictor parameter. Our sample size of 822
is therefore adequate for this project.

To have a better clinical sense of the statistical
power of our study, we computed the power to detect
a between-group difference in estimated LE that can be

Table 3 Power to detect a statistically significant between-
group difference in LE along various assumptions (n=274
per group; alpha=0.05; two sided)

SD of LE (years)

Difference in LE (years) Power (%)

83
31
>99
83
>99
>99

W W NN 2
o B~ 00 B 0 &

The relatively high power in most scenarios indicates that the
sample size is adequate to address the research question.
LE, life expectancy.

considered as important on a clinical point of view. If
we stratify our sample in three groups of equal number
of patients (n=274) with a relatively short, average and
long estimated LE, the power to detect a statistically
significant between-group difference of LE of 1-3 years
is indicated in table 3.

Point-based risk score

From the final model, we will derive a point-based risk
score by assigning points to each risk factor. Each f coef-
ficient will be divided by the lowest f coefficient and
rounded to the nearest integer. The sum of points for
each risk factor will then represent the total risk score
of this participant.'®

LE estimator

We will transform the 3-year prognostic index into an
LE estimator following the method of Lee et al’ In
particular, we will use the new 3-year mortality prog-
nostic index to define subpopulations with the same
risk score.” We will fit a Gompertz survival function
with each point score as a categorical predictor having
a flexible proportional effect on the hazard rate. The
Gompertz function assumes that each subpopulation
will experience an exponential rise in mortality risk over
time (h,(1)=1exp(yt), where Aiexp(xf)). The Gompertz
model will allow us to determine the time to 25%, 50%
and 75% mortality for each of the risk point groups.
We will report 95% confidence for the median survival
intervals using bootstrapping techniques as well as 50%
prediction intervals. We will compare our fit Gompertz
model with observed Kaplan-Meier survival curves.
The Lee LE estimator’ will be recalibrated using stan-
dard methods to reflect the higher mortality rates of
the target population.14 The performance of the new
LE estimator will be compared with the recalibrated
Lee LE estimator by the Brier Score'? and Harrell’s C
statistic. We will build an interactive web application
of the final model using the Shiny package in the R
environment.

4

Gastens V, et al. BMJ Open 2021;11:048168. doi:10.1136/bmjopen-2020-048168

"1ybuAdos Ag paroarold

"a[eluaD ©BI310]|gIg BIIUIID BU0IZaS e ZZ0Z ‘v'T aunr uo /wod fwg uadolwg//:dny wouy papeojumoq TZ0Z 1snbBny Gz uo 89T18+0-0202-uadolwa/9eTT 0T Se paysiignd 1s1y :uado rINg


http://bmjopen.bmj.com/

Clinical usability of the new LE estimator

We will perform a qualitative assessment of the LE esti-
mator with one-to-one interviews with at least 10 clini-
cians.”” We will assess whether the prediction parameters
are pertinent and measurable in clinical practice, and
evaluate barriers and enablers for impactful implemen-
tation of the tool. If no consent on the parameters to
be included is found, we will use an iterative process
based on the Delphi method.?' Identified barriers and
enablers will be used for the elaboration of implemen-
tation strategies.

Patient and public involvement

Patients or the public were not involved in the design,
or conduct, or reporting, or dissemination plans of our
research.

ETHICS AND DISSEMINATION

The local ethics committee (Kantonale Ethikkommis-
sion Bern) has approved the study protocol. All partic-
ipants and their data are handled according to the
ethical principles of the Declaration of Helsinki. This
study complies with all applicable standards of the Inter-
national Conference on Harmonisation E6 Guideline
for Good Clinical Practice (1996) guideline. We plan to
publish the results from our study in peer-reviewed and
open access journals and present them at national and
international conferences. Data will be deposited in the
Bern Open Repository and Information System (www.
boris.unibe.ch).

PERSPECTIVE

To our knowledge, we will be the first to develop an LE
estimator specifically for older multimorbid adults. A
major strength of this study is its high feasibility due
to the follow-up of 822 already included multimorbid
participants with strong strategies of containment of
loss to follow—up.22 Notably, individuals with cogni-
tive impairment were included, who are commonly
excluded from studies. In addition to the development
and internal validation of the LE estimator, we also
assess its implementation and clinical usability.

One major limitation is the lack of external valida-
tion but we will explore opportunities to test the LE
estimator in a different data set of older multimorbid
adults. As the study participants were included at the
time of hospitalisation, they may not be representa-
tive of all patients with multimorbidity, and this could
reduce the transportability of our findings to other
populations. Further, we have a relatively short duration
of follow-up.

Our results will be useful for both clinical and research
activities as they can have a major impact on preven-
tive care practice by helping healthcare providers to
tailor preventive care according to the estimated LE.
Eventually, our study will help preventing underuse

and overuse of preventive care in the growing older
population.

Twitter Daniela Anker @PopHealthLabCH

Contributors Study concept and design: AC, NR, CDG. Acquisition, analysis,
interpretation of data: NS, VG, CDG, LS. Drafting of the article: VG, CDG, AC. Critical
revision of the article: VG, CDG, DA, MF, LS, NS, DCB, NR, AC. Statistical analysis: VG,
LS, CDG. Obtained funding: AC. Administrative, technical or material support: NS.
Supervision: AC, CDG.

Funding This work was supported by the Swiss National Science Foundation
(grant number 320030_188549/01 to AC). This work is part of the project 'OPERAM:
OPtimising thERapy to prevent Avoidable hospital admissions in the Multimorbid
elderly' supported by the European Union’s Horizon 2020 research and innovation
programme (grant agreement number 6342388), and by the Swiss State Secretariat
for Education, Research and Innovation (SERI) (contract number 15.0137).

Disclaimer The opinions expressed and arguments employed herein are those of
the authors and do not necessarily reflect the official views of the EC and the Swiss
government.

Competing interests None declared.

Patient and public involvement Patients and/or the public were not involved in
the design, or conduct, or reporting, or dissemination plans of this research.

Patient consent for publication Not required.
Provenance and peer review Not commissioned; externally peer reviewed.

Open access This is an open access article distributed in accordance with the
Creative Commons Attribution 4.0 Unported (CC BY 4.0) license, which permits
others to copy, redistribute, remix, transform and build upon this work for any
purpose, provided the original work is properly cited, a link to the licence is given,
and indication of whether changes were made. See: https://creativecommons.org/
licenses/by/4.0/.

ORCID iD
Viktoria Gastens http://orcid.org/0000-0002-6421-9867

REFERENCES

1 Menotti A, Mulder I, Nissinen A, et al. Prevalence of morbidity and
multimorbidity in elderly male populations and their impact on 10-
year all-cause mortality: the fine study (Finland, Italy, Netherlands,
elderly). J Clin Epidemiol 2001;54:680-6.

2 Aubert CE, Streit S, Da Costa BR, et al. Polypharmacy and specific
comorbidities in University primary care settings. Eur J Intern Med
2016;35:35-42.

3 Cassell A, Edwards D, Harshfield A, et al. The epidemiology of
multimorbidity in primary care: a retrospective cohort study. Br J Gen
Pract 2018;68:e245-51.

4 Schwartz JB. Primary prevention: do the very elderly require a
different approach? Trends Cardiovasc Med 2015;25:228-39.

5 Lansdorp-Vogelaar |, Gulati R, Mariotto AB, et al. Personalizing age
of cancer screening cessation based on comorbid conditions: model
estimates of harms and benefits. Ann Intern Med 2014;161:104-12.

6 Lee SJ, Boscardin WJ, Stijacic-Cenzer |, et al. Time lag to benefit
after screening for breast and colorectal cancer: meta-analysis of
survival data from the United States, Sweden, United Kingdom, and
Denmark. BMJ 2013;346:e8441.

7 Lee SJ, Leipzig RM, Walter LC. Incorporating lag time to benefit into
prevention decisions for older adults. JAMA 2013;310:2609.

8 Yourman LC, Lee SJ, Schonberg MA, et al. Prognostic indices for
older adults: a systematic review. JAMA 2012;307:182-92.

9 Lee SJ, Boscardin WJ, Kirby KA, et al. Individualizing life expectancy
estimates for older adults using the Gompertz law of human
mortality. PLoS One 2014;9:e108540.

10 Adam L, Moutzouri E, Baumgartner C, et al. Rationale and design
of optimising thERapy to prevent avoidable hospital admissions in
Multimorbid older people (OPERAM): a cluster randomised controlled
trial. BMJ Open 2019;9:e026769.

11 Steyerberg EW, Moons KGM, van der Windt DA, et al. Prognosis
research strategy (progress) 3: prognostic model research. PLoS
Med 2013;10:e1001381.

12 Collins GS, Reitsma JB, Altman DG, et al. Transparent reporting of a
multivariable prediction model for individual prognosis or diagnosis
(TRIPOD). Circulation 2015;131:211-9.

Gastens V, et al. BMJ Open 2021;11:2048168. doi:10.1136/bmjopen-2020-048168

"1ybuAdos Ag paroarold
"8[eus) BI810]|qIg BoIUl[D BUO0IZ8S e ZZ0Z ‘¥T sunr uo /wod fwg uadolwa//:dny woly papeojumoq TZ0Z 1SNy Gz uo 89T8170-0Z0Z-uadolwa/9eTT 0T Sk paysignd 1s1y :usdo CING


www.boris.unibe.ch
www.boris.unibe.ch
https://twitter.com/PopHealthLabCH
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
http://orcid.org/0000-0002-6421-9867
http://dx.doi.org/10.1016/s0895-4356(00)00368-1
http://dx.doi.org/10.1016/j.ejim.2016.05.022
http://dx.doi.org/10.3399/bjgp18X695465
http://dx.doi.org/10.3399/bjgp18X695465
http://dx.doi.org/10.1016/j.tcm.2014.10.010
http://dx.doi.org/10.7326/M13-2867
http://dx.doi.org/10.1136/bmj.e8441
http://dx.doi.org/10.1001/jama.2013.282612
http://dx.doi.org/10.1001/jama.2011.1966
http://dx.doi.org/10.1371/journal.pone.0108540
http://dx.doi.org/10.1136/bmjopen-2018-026769
http://dx.doi.org/10.1371/journal.pmed.1001381
http://dx.doi.org/10.1371/journal.pmed.1001381
http://dx.doi.org/10.1161/CIRCULATIONAHA.114.014508
http://bmjopen.bmj.com/

13 Moons KGM, Kengne AP, Woodward M, et al. Risk prediction 18 Riley RD, Snell Kl, Ensor J, et al. Minimum sample size for
models: |. Development, internal validation, and assessing the developing a multivariable prediction model: PART Il - binary and
incremental value of a new (bio)marker. Heart 2012;98:683-90. time-to-event outcomes. Stat Med 2019;38:1276-96.

14 Moons KGM, Kengne AP, Grobbee DE, et al. Risk prediction models: 19 Cook NR. Use and misuse of the receiver operating characteristic
IIl. external validation, model updating, and impact assessment. Heart curve in risk prediction. Circulation 2007;115:928-35.
2012;98:691-8. 20 Breen RL. A practical guide to Focus-Group research. J Geogr High

15 Lee SJ, Lindquist K, Segal MR, et al. Development and validation Educ 2006;30:463-75.
of a prognostic index for 4-year mortality in older adults. JAMA 21 R. A.N. D. Corporation. Delphi method. Available: https://www.rand.
2006;295:801. org/topics/delphi-method.html

16 Riley RD, Ensor J, Snell KIE, et al. Calculating the sample 22 Blum MR, Sallevelt BTGM, Spinewine A, et al. Optimizing therapy to
size required for developing a clinical prediction model. BMJ prevent avoidable hospital admissions in Multimorbid older adults
2020;368:m441. (OPERAM): cluster randomised controlled trial. BMJ 2021;374:n1585.

17 Ensor J, Martin EC, Riley RD. pmsampsize: Calculates the minimum
sample size required for developing a multivariable prediction model,
2019.

"1ybuAdos Ag paroarold
"8[eus) BI810]|qIg BoIUl[D BUO0IZ8S e ZZ0Z ‘¥T sunr uo /wod fwg uadolwa//:dny woly papeojumoq TZ0Z 1SNy Gz uo 89T8170-0Z0Z-uadolwa/9eTT 0T Sk paysignd 1s1y :usdo CING

6 Gastens V, et al. BMJ Open 2021;11:048168. doi:10.1136/bmjopen-2020-048168


http://dx.doi.org/10.1136/heartjnl-2011-301246
http://dx.doi.org/10.1136/heartjnl-2011-301247
http://dx.doi.org/10.1001/jama.295.7.801
http://dx.doi.org/10.1136/bmj.m441
http://dx.doi.org/10.1002/sim.7992
http://dx.doi.org/10.1161/CIRCULATIONAHA.106.672402
http://dx.doi.org/10.1080/03098260600927575
http://dx.doi.org/10.1080/03098260600927575
https://www.rand.org/topics/delphi-method.html
https://www.rand.org/topics/delphi-method.html
http://dx.doi.org/10.1136/bmj.n1585
http://bmjopen.bmj.com/

	Development and validation of a life expectancy estimator for multimorbid older adults: a cohort study protocol
	Abstract
	Background﻿﻿
	Methods and analysis
	Source of data and study design
	Participants
	Outcome
	Development, validation and clinical usability of an LE estimator for multimorbid adults
	Candidate predictors identification
	Mortality risk prognostic model
	Point-based risk score
	LE estimator
	Clinical usability of the new LE estimator

	Patient and public involvement

	Ethics and dissemination
	Perspective
	References


