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multiple settings using one-year hospital discharge
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Summary

Background Most claims-based frailty instruments have been designed for group stratification of older populations
according to the risk of adverse health outcomes and not frailty itself. We aimed to develop and validate a tool based
on one-year hospital discharge data for stratification on Fried’s frailty phenotype (FP).

Methods We used a three-stage development/validation approach. First, we created a clinical knowledge-driven elec-
tronic frailty score (eFS) calculated as the number of deficient organs/systems among 18 critical ones identified from the
International Statistical Classification of Diseases and Related Problems, 10th Revision (ICD-10) diagnoses coded in the year
before FP assessment. Second, for eFS development and internal validation, we linked individual records from the Lc65+
cohort database to inpatient discharge data from Lausanne University Hospital (CHUV) for the period 2004-2015. The
development/internal validation sample included community-dwelling, non-institutionalised residents of Lausanne
(Switzerland) recruited in the Lc65+ cohort in three waves (2004, 2009, and 2014), aged 65-70 years at enrolment, and
hospitalised at the CHUYV at least once in the year preceding the FP assessment. Using this sample, we selected the best
performing model for predicting the dichotomised FP, with the eFS or ICD-10-based variables as predictors. Third, we
conducted an external validation using 2016 Swiss nationwide hospital discharge data and compared the performance of
the eFS model in predicting 13 adverse outcomes to three models relying on well-designed and validated claims-based
scores (Claims-based Frailty Index, Hospital Frailty Risk Score, Dr Foster Global Frailty Score).

Findings In the development/internal validation sample (n = 469), 14-3% of participants (n = 67) were frail. Among
34 models tested, the best-subsets logistic regression model with four predictors (age and sex at FP assessment, time
since last hospital discharge, eFS) performed best in predicting the dichotomised FP (area under the curve=o-71; F1
score=0-39) and one-year adverse health outcomes. On the external validation sample (n = 54,815; 153 acute care hos-
pitals), the eFS model demonstrated a similar performance to the three other claims-based scoring models. Accord-
ing to the eFS model, the external validation sample showed an estimated prevalence of 56-8% (n = 31,135) of frail
older inpatients at admission.

Interpretation The eFS model is an inexpensive, transportable and valid tool allowing reliable group stratification
and individual prioritisation for comprehensive frailty assessment and may be applied to both hospitalised and com-
munity-dwelling older adults.
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Articles

Research in context

Evidence before this study

We searched MEDLINE, Embase, the JBI Evidence-based
Practice Database, and the Cochrane Database of Sys-
tematic Reviews from 2001 to 2020. Search terms
included frailty [MeSH Terms], “Fried and frailty pheno-
type”, “Rockwood and frailty index”, “frailty”, and
(“claims” or “administrative” or “ICD"). We observed that
most claims-based frailty instruments were designed to
predict adverse health outcomes (not frailty itself), and
few were validated against two reference standards for
the clinical assessment of frailty, i.e.,, Fried's frailty phe-
notype assessing physical frailty and Rockwood'’s Frailty
Index measuring accumulated deficits.

Added value of this study

We developed and validated an electronic Frailty Score
(eFS) that operationalises Fried’s biological concept of
frailty, based on an extensive expert selection of diag-
nostic codes from the ICD-10. We also compared its per-
formance to that of three similar, recently published,
claims-based frailty instruments using Swiss nationwide
hospital discharge data.The key finding is that the eFS
performed as well as - or even better - than the three
well-designed instruments in predicting both Fried’s
frailty phenotype and adverse health outcomes.

Implications of all the available evidence

Claims-based frailty instruments, such as the eFS, could
be used for health system management, clinical care, or
research. In clinical care, claims-based frailty instru-
ments may be helpful to identify non-frail individuals
with good reliability and prioritise individuals at risk of
adverse health outcomes who should receive a compre-
hensive assessment. These screening tools could allow
risk stratification and potentially result in a decreased
caregiver workload and a reduced burden and costs for
the health care system.

Introduction
Frailty is a common clinical condition in the older popu-
lation resulting from a progressive and cumulative loss
of physiological reserve in multiple interconnected
organs or systems. Combined or not with comorbidity
and disability, it increases vulnerability to adverse health
outcomes after minor stressors.” * In high-income
countries, frailty is estimated to affect 10% of commu-
nity-dwellers aged G5 years and over (65+) and 25-50%
of those aged 85+.*° In acute care hospitals, the preva-
lence of frailty in 65+ inpatients is even higher,
approaching 50%.°

Several frailty tools have been developed for clinical
assessment in various health or social care settings.®”

However, two complementary instruments based on
different theoretical constructs® have been extensively
validated and are widely used. The Fried frailty pheno-
type (FP) assesses physical frailty through five criteria:
unintentional weight loss; weakness or poor handgrip
strength; self-reported exhaustion; slow walking speed;
and low physical activity." By contrast, the Rockwood
Frailty Index measures the proportion of accumulated
deficits in an individual among a list of all potential
ones, i.e. symptoms, signs, disabilities, diseases, and
laboratory test results.?

In recent years, claims-based frailty instruments
have been designed using clinical knowledge or data-
driven approaches for the routine identification of frail
cohorts of community-dwellers or inpatients and risk
stratification for poor outcomes.' " Despite the well-
known limitations of data routinely collected for billing
purposes, they provide real-world longitudinal informa-
tion on patients from various health care settings and
geographic locations.”* However, most instruments
have been developed to predict adverse health out-
comes, not frailty itself, making them difficult to differ-
entiate from other morbidity or mortality prediction
models.”" In addition, those validated against the
Fried or Rockwood reference standards generally dem-
onstrated poor-to-moderate predictive performance."®
Finally, they often lack transportability, reliability over
time or contemporaneity as they rely on billing systems
from only a few countries (USA, Canada, UK) and gen-
erally dated data.”

This study aimed to develop and validate an elec-
tronic frailty score (eFS) based on recent Swiss hospital
discharge data to predict the FP and related adverse
health outcomes in the following year.> We also com-
pared the performance of the eFS in predicting adverse
outcomes in older inpatients to three similar scores
derived from Medicare data or UK hospital episode sta-
tistics: the Claims-based Frailty Index (CFI); the Hospi-
tal Frailty Risk Score (HFRS); and the Dr Foster Global
Frailty score (GFS).">™ ™

Methods

Study design

We used a three-stage, clinical knowledge and data-
driven approach to develop and validate the eFS. First,
we operationalised Fried’s biological concept of frailty,
which results from a nonlinear, multisystem, physiolog-
ical dysregulation, independent of age and concurrent
acute diseases.”? Three expert physicians reviewed the
approximately 14,000 codes of the 2012-2014 Interna-
tional Statistical Classification of Diseases and Related
Problems 10th revision German Modification (ICD-10-GM)
and created 18 lists of codes, considered as markers of
probable and persistent deficiencies in critical systems
or organs (Appendix 1).>"7 Lists were not mutually
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exclusive and included diseases or conditions affecting
several systems in all the corresponding lists. We then
calculated the eFS for each participant as the number of
deficient organs/systems among the 18 markers using
ICD-10-GM diagnoses coded in the previous year
(Appendix 1). The eFS is therefore a cumulative score
which treats each list of codes/marker equally within
the overall score and can range from o to 18.

Second, we performed predictive modelling of the
FP dichotomized as follows: participants were categor-
ised as ‘frail’ if they met at least three of Fried’s five
locally-adapted criteria,"® while robust (no criteria) and
pre-frail (one or two criteria) participants were classified
as ‘non-frail’. Predictive models tested included a com-
mon list of candidate predictors, specific predictors, and
interaction terms (Appendix 3). The common list of pre-
dictors (CL) included age at FP assessment (years, con-
tinuous), sex (male/female), and cumulative length of
stay in acute care (days, quartiles), number of admis-
sions in acute care (1/>1), cumulative time spent in an
intensive care unit (hours, o/>0), presence of at least
one emergency admission at CHUV in the year before
FP assessment (o/1), and time between last discharge
from acute care at CHUV and FP assessment (days: o-
29, 30-89, 90-365). Specific candidate predictors com-
prised a list of 122 three-character truncated ICD-10-
GM diagnostic codes (Diag), based on CHUYV inpatient
discharge data from the year before FP assessment and
concerning > 1% inpatient stays (i.e., > five stays), the
eFS, and the 20 lists of ICD-10-GM diagnostic codes
selected to characterise the 18 organ/system deficiencies
in the eFS (eFS_2o0Lists). Thus, we tested four lists of
candidate predictors and the interactions between
them: (1) CL (P = 7 predictors); (2) CL+Diag (P = 163
predictors); (3) CL+eFS (P = 8 predictors) and; (4) CL
+eFS_20Lists (P = 27 predictors). This approach
allowed us to compare the performance of a predictive
model based on a data-driven selection of diagnostic
codes (CL+Diag) to those of models based respectively
on the cumulative eFS knowledge-driven score (CL
+eFS) and an alternative eFS score with a weighting of
the different lists of codes composing the eFS (ie., a
mix of knowledge and data-driven approaches). All
models underwent internal validation. Third, as an
external validation, we assessed the eFS performance
for predicting adverse outcomes in Swiss older inpa-
tients and compared it to the CFI, HFRS, and GFS.

Ethical approval was provided by the Cantonal
Human Research Ethics Committee (CER-VD reference
no. 2016-009oo0). Written informed consent was
obtained from each participant.

Development/internal validation dataset
Participants were recruited from the LcGs5+ cohort,
which consists of 4668 individuals comprising three
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representative samples of approximately 1500 commu-
nity-dwelling residents of Lausanne (Switzerland)
recruited in 2004 (C1), 2009 (C2), and 2014 (C3) and
aged 65-70 years at enrolment.” Follow-up includes
completion of annual self-administered questionnaires
on health status and health service utilisation over the
past year and triennial face-to-face visits with FP assess-
ment."® Our study inclusion criteria included clinical
assessment for FP at least once between enrolment and
2015, having spent at least one night in an acute care
unit at Lausanne University Hospital (CHUV) within 12
months before FP assessment, and informed consent to
link their cohort data to CHUV inpatient discharge
data, including re-use of hospital data.

We linked individual records of the Lc6G5+ cohort
database to CHUV inpatient discharge data for the
period 2004-2015 using a deterministic record linkage
method (i.e. agreement on last name, first name, sex
and birth date).”” To overcome the data cluster struc-
ture, we selected a single FP measure per participant.
For Cr and C2 participants who underwent four and
two FP assessments, respectively, during the 2004-2015
period, we retained the one with the shortest time inter-
val between hospital discharge and FP assessment; C3
participants had only a single measure of FP. Thus, the
development/internal validation dataset contained a sin-
gle FP assessment per participant with their corre-
sponding age and sex at FP assessment, inpatient
discharge data for the year before and after FP assess-
ment, time since last discharge from hospital, and date
of death if applicable.

Model selection

To predict the FP, we performed best-subsets (BS-LR)*°
and Lasso-penalized®' logistic regressions (Lasso-LR)
and supervised machine learning (ML) classifiers suit-
able for small-n-large-p datasets and binary outcomes:
random forests and support vector machines.**** We
randomly split the original dataset into a training and a
test dataset (75% and 25% of participants, respectively),
keeping the prevalence of frailty in both datasets identi-
cal to the original one, i.e. approximately 14%. We
applied the best-subset strategy to the training dataset to
select the model with the lowest Akaike Information
Criterion.>® We also developed each Lasso-LR and ML
model on a training dataset using a nested five-fold
cross-validation procedure to select the predictors and
optimise the hyperparameters based on a grid-search
method over a list of possible values.”* Moderately and
highly correlated predictors (i.e. Spearman correlation
coefficient > 0.3) were excluded from candidate predic-
tors for all models as none of these models handles mul-
ticollinearity well (Appendix 3). Finally, we accounted
for a highly imbalanced classification in ML algorithms
using weighting and synthetic minority oversampling
techniques.”#*
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Internal validation

For internal validation, we applied each model developed
on a training dataset to the corresponding test dataset. We
repeated the split-sample procedure 1000 times to pro-
duce 1000 training and test datasets, thus allowing to
examine the effect of sampling on predictor selection and
model performance on our small sample size datasets and
low prevalence of frailty. The final performance metrics of
each model were derived by averaging those calculated
over the test datasets. We selected the best performing
model based on the highest average area under the
receiver operating characteristic curve (AUC) and F1
score.”” Further details on the assessment of model perfor-
mance are given in Appendix 3.

We also tested whether the eFS was associated with
adverse health outcomes within 12 months after FP
assessment (including death), a prolonged length of
hospital stay (at least one stay >8 days), as well as the
number of hospitalisations and admission to a nursing
home. We verified that these associations remained
after accounting for multimorbidity operationalised by
the updated Charlson comorbidity index (CCI).>® We
applied logistic and Poisson regression models for
binary and count outcomes, respectively.

External validation

To assess the generalisability of the eFS, we tested its per-
formance in predicting adverse health outcomes using a
large independent validation sample of 54,815 index stays
(one stay per patient) between Jan 1 and Dec 31 2016 in
153 Swiss acute care hospitals, “with patients from a differ-
ent but plausibly related population”.?” Participant charac-
teristics and selection criteria are detailed in Appendix 4.
With age, sex, CCI, and the eFS as predictors, we fitted
two-level logistic and Poisson regression models for 11
binary and two count outcomes, respectively; the first level
being the patient and the second level the hospital. The 13
predicted adverse health outcomes are detailed in Appen-
dix 4. We excluded inpatients who died during the index
stay or within 30 days/one year after discharge from the
index stay (n = 4596, 5265 and 10,020, respectively) from
the validation dataset when predicting non-terminal out-
comes (i.e. admissions or institutionalisation after dis-
charge from index stay) to avoid competing risks with
terminal ones (death).

Finally, to compare the eFS performance in predicting
the 13 adverse outcomes with the CFI, HFRS and GFS, we
adapted three scores to Swiss hospital discharge data and
the ICD-10-GM classification and assessed the predictive
performance of models with age, sex and the adapted
score as predictors. All models were assessed with and
without accounting for the CCI, apart from the GFS
model where the CCI is already a variable. Model perfor-
mance was compared using AUCs and F1 scores for
binary outcomes and mean squared prediction errors for

count ones. Detailed ICD-10-GM codes of the three
mapped scores are shown in Appendix 2.

Other statistical analyses
We described the characteristics of the included popula-
tion and compared these between frail and non-frail
individuals. We compared medians for continuous vari-
ables and relative frequencies for categorical variables
using the Mann—Whitney U-test and Fisher's exact test.
Data analyses were conducted using Python™ ver-
sion 3.9.1 and R version 4.02.2 software. We performed
the split-sample procedure, model selection, and valida-
tion using the bestglm-package in R, the scikit-learn
library in Python, and the imbalance-learn-package
0.7.0 compatible with scikit-learn.

Role of the funding source

There was no funding source for this study. The corre-
sponding author (MALP), LSB, TN, DA, BT had full
access to all the data in the study. MALP, LSB, BB, BSE
took the decision to submit for publication.

Results

Development and internal validation sample
characteristics
Among the 469 Lc65+ cohort participants included in
the development/internal validation sample, the preva-
lence of FP was 14:3% (n = 67), while pre-frail and
robust participants represented 46-5% (n = 218) and
39:2% (n = 184), respectively. The mean age of study
participants at FP assessment was relatively low
(71-6 years [SD 3-55]), and females were slightly more
represented (52-0%, n = 244) (Table 1). As expected,
frail participants were more likely to be older
(p = 0-0002) or female (p = 0-o1y). The median cumula-
tive length of stay at CHUV for all participants was
8-0 days (IQR 11-0) and increased significantly with the
severity of frailty. Finally, the median time interval
between the last discharge from CHUYV and FP assess-
ment was approximately 4.5 months for the whole sam-
ple, with frail participants experiencing shorter median
time intervals than non-frail ones (4.3 vs 5.3 months).
Median eFS and CCI at FP assessment amounted to 2
and o, respectively, and were significantly higher in frail
participants (p = 0-009 and p = 0-003). Frail participants
were at higher risk of long-term adverse health events,
more than four times more likely to die and be institution-
alized at one year, and approximately 2.4 times more likely
to have a prolonged hospital stay (p = 0-005, p = 0-041,
and p = 0-002, respectively).When considering the six
organs/systems included in the eFS (heart and endocrine,
nervous, respiratory, digestive, and hematologic systems),
frail participants were significantly more frequently
affected than the non-frail (p < 0-05). More than 40% of
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Variables All Non-Frail Frail p-value*
Cohort participants with FP assessment and > one admis- n (%) 469 (100-0) 402 (85-7) 67 (14-3)
sion in acute care at CHUV w/in 12 months before FP
assessment
Age at FP assessment (years) <0-0001
66-70 n (%) 225 (48-0) 205 (51-0) 20 (29-9)
71-75 n (%) 155 (33-0) 132(32-8) 23 (34-3)
76-80 n (%) 89 (19-0) 65 (16-2) 24 (35-8)
Sex 0.017
Female n (%) 244 (52-0) 200 (49-8) 44 (65-7)
Male n (%) 225 (48.0) 202 (50-2) 23 (34-3)
Number of stays in acute care at CHUV w/in 12 months <0-0001
before FP assessment
1 n (%) 358 (76-3) 320 (79-6) 38(56-7)
2-5 n (%) 111 (23-7) 82 (20-4) 29 (43-3)
Cumulative length of stay in acute care at CHUV w/in 12 <0-0001
months before FP assessment (days)
1-2 n (%) 100 (21-3) 4 (23-4) 6 (9-0)
3-7 n (%) 134 (28-6) 118 (29-4) 16 (23-9)
8-13 n (%) 114 (24-3) 103 (25-6) 11 (16-4)
14-131 n (%) 121 (25-8) 7 (21-6) 34 (50-7)
Urgent admission at CHUV w/in 12 months before FP 0-509
assessment
0 n (%) 224 (47-8) 195 (48-5) 29 (43-3)
>1 n (%) 245 (52-2) 207 (51-5) 38 (56-7)
Cumulative time spent in ICU at CHUV w/in 12 months 0-002
before FP assessment (hours)
0 n (%) 410 (87-4) 360 (89-6) 50 (74-6)
>0 n (%) 59 (12-6) 42 (10-4) 17 (25-4)
Time interval between discharge from the last stay at CHUV 0-009
in acute care and FP assessment (days)
0-29 n (%) 41(87) 3(8-2) 8(11:9)
30-89 n (%) 114 (24-3) 9 (22-1) 25 (37-3)
90-365 n (%) 314 (67-0) 280 (69-7) 34 (50-7)
Mortality w/in 12 months after FP assessment n (%) 17 (3-6) 0(2-5) 7 (10-4) 0-005
Institutionalisation w/in 12 months after FP assessment n (%) 10 (2-1) 6(1-5) 4(6-0) 0-041
At least one prolonged stay at CHUV in acute care (> 8 n (%) 59 (12-6) 2(10-4) 17 (25-4) 0-002
days) w/in 12 months after FP assessment
Age at FP assessment (years) mean (SD) 71-6 (3-55) 71-3 (3-45) 73-2(3:77)
median (min-Max) 71 (66-80) 70 (66-70) 73 (66-79) 0-0002
Number of hospitalisations in acute care at CHUV w/in 12 mean (SD) 1-3(0-70) 1-3(0-64) 1.7 (0-91)
months before FP assessment median (min-Max) 1(1-5) 1(1-5) 1(1-5) 0-0001
Number of diagnoses coded w/in 12 months before FP mean (SD) 69 (6-:31) 6:2(5-52) 110 (8:75)
assessment median (min-Max) 5 (1-40) 5(1-39) 9 (1-40) 0-0001
Cumulative length of stay in acute care at CHUV w/in 12 mean (SD) 11-7 (15-00) 10-3(13-42) 19-8 (20-60)
months before FP assessments (days) median (min-Max) 8(1-131) 7(1-131) 14 (1-102) 0-0001
Time interval between discharge from the last stay in acute mean (SD) 155-3 (100-27) 1595 (100-66) 129-7 (94-64)
care at CHUV and FP assessment (days) median (min-Max) 132 (8-364) 137 (12-364) 95 (7-342) 00192
Cumulative time spent in ICU at CHUV w/in 12 months mean (SD) 18:6 (90-53) 14-6 (81-74) 424 (129:79)
before FP assessments (hours) median (min-Max) 0 (0-1049) 0 (0-1049) 0(0-779) 0-0005
non-zero n (%) 59 (12-6) 42 (10-4) 17 (25-4)

Table 1 (Continued)
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Variables All Non-Frail Frail p-value*
Number of acute care admissions at CHUV w/in 12 months mean (SD) 4 (0-82) 3(0-77) 0-8 (0-98)
after FP assessment median (min-Max) 0(0-6) 0(0-6) 1(0-4) 0-0001
non-zero n (%) 126 (26-9) 90 (22-4) 36 (53-7)
Electronic Frailty Score mean (SD) 1(1-67) 0(1-59) 2-8(1-91)
median (min-Max) 2(0-9) 2(0-9) 2(0-8) 0-0003
non-zero n (%) 405 (86-4) 342 (85-1) 63 (94-0)
Charlson Comorbidity Index’ mean (SD) 9(1-60) 8(1-57) 1-4(1-68)
median (min-Max) 0(0-9) 0(0-9) 1(0-7) 0-0009
non-zero n (%) 167 (35-6) 132 (32-8) 35(52-2)

deviation.

two-sided Fisher's exact test for categorical variables.
12011 updated Charlson comorbidity index.

each stay in acute care.

Table 1: Characteristics of study participants for the electronic Frailty Score development and internal validation.
FP=Fried's frailty phenotype; ICU=intensive care unit. CHUV=Centre Hospitalier Universitaire Vaudois (Lausanne University Hospital); SD=standard

* Comparisons between frail and non-frail participants using a one-way analysis of variance on ranks (Mann—Whitney U test) for continuous variables and a

Except for the first row of the table, we have provided column percentages. We calculated the length of stay as the discharge date minus the admission date for

frail participants were affected by a cardiovascular defi-
ciency, while 10%-40% presented at least one deficiency
of the kidneys or musculoskeletal, immune, endocrine,
nervous, respiratory, or digestive systems. Figure 1 dis-
plays the proportion of frail and non-frail participants for
each of the 18 eFS components.

Model selection and internal validation

Among the 34 models tested, the best performing and
parsimonious one for predicting the dichotomised FP
was the BS-LR model with four predictors: age and sex
at FP assessment, time since last discharge from
CHUYV, and the eFS. The averages of performance met-
rics and cut-off values for the 34 models, including the
BS-LR, are shown in Appendix 3.

Based on the development/internal validation sample,
the adjusted ORs and 95% CIs ORs of being frail for the
four predictors were: 1-64 (0-84-3-18) for age 7175 years
and 4-40 (2-20-8-80) for age 76-80 years compared to
those aged 66-70 years; 2-44 (1-34-4-42) for females com-
pared to males; 170 (0-67-4-29) for time since last dis-
charge from CHUV <1 month and 1-96 (1-07-3-06) for a
time between 1 and 3 months compared to a time >3
months; and 1-40 (1-19-1-65) for a one-point increase in the
eFS. We also confirmed that the eFS score was associated
with all adverse health outcomes of interest (death, pro-
longed length of hospital stay, number of hospitalisations,
and nursing home admission within 12 months after FP
assessment). These associations remained significant when
taking age, sex and the CCI into account (Figure 2).

External validation and comparison between claims-
based frailty scores

External validation confirmed that the eFS was a signifi-
cant predictor of the 13 adverse outcomes, despite small

effect sizes. These effects remained significant after
taking the CCI, sex, and age into account (appendix
5). Comparisons between the eFS model and the
three models with recently published claims-based
frailty scores showed similar performance in predict-
ing adverse health outcomes (Table 2). However, we
observed slight differences among the AUCs and Fis
of the different models. The eFS model performed
best in predicting mortality, prolonged index stay,
readmission, and the number of admissions in the
following year. By contrast, the HFRS and GFS mod-
els outperformed in predicting institutionalisation.
The former also better predicted one-year readmis-
sion and institutionalisation. The GFS and CFI mod-
els better predicted 3o-day and one-year mortality,
prolonged index stay, 3o0-day readmission, and insti-
tutionalisation at discharge. Finally, the HFRS model
performed better at predicting one-year readmission
and institutionalisation.

Prevalence of frail inpatients in Switzerland

The estimated proportion of frail inpatients at admis-
sion was 56-8% in the external validation dataset.
The median of hospital-level proportions of frail
inpatients on admission was 56-3% (range 40-3-
73:6%). Patients admitted to hospitals with a low
prevalence of frailty on admission were younger and
had a lower eFS and CCI. Details of the distribution
of hospital-level proportions of frail inpatients at
admission for the 153 acute care hospitals included
in the external validation dataset, as well as the vio-
lin plots of the eFS, CCI, and age at admission for
the 10% of hospitals (n = 16) with the lowest esti-
mated proportions of frail inpatients on admission
and the 10% (n = 16) with the highest, are provided
in Appendix 6, Figure. 1 and 2.
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Figure 1. Proportion of frail and non-frail phenotypes for each of the 18 components of the electronic Frailty Score*

1-Immune system; 2-Blood cells and hematopoietic system; 3-Endocrine system; 4-Metabolic system; 5-Nervous system; 6-Visual system; 7-Hearing system; 8-Heart; 9-Vascular system; 10-
Respiratory system; 11-Naso-oro-pharyngo-laryngeal system; 12-Digestive system (excluding liver); 13-Liver; 14-Cutaneous system; 15-Musculoskeletal system; 16-Lymphatic system; 17-Uri-
nary system (excluding kidneys); 18-Kidneys.

* Proportions were calculated for the frail (n = 67) and non-frail (n = 402) study participants hospitalised at least once in the 12 months before Fried's frailty phenotype assessment. One
study participant may have several deficient systems and organs.
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Figure 2. Adjusted odds ratios/incidence rate ratios of frail phenotype and adverse health outcomes according to the electronic Frailty Score, Charlson comorbidity index, age, and sex

eFS=electronic Frailty Score; CCI=2011 updated Charlson comorbidity index; FP=Fried's Frailty Phenotype; aOR=adjusted odds ratio; alRR=adjusted incidence rate ratio; 95%CI=95% confi-
dence interval.

*reference = male.

Markers in the graph represent aOR or alRR estimates and vertical lines the 95%Cl for these estimates. 95%Cls crossing the horizontal red line represent aORa or alRRs that are not signifi-
cantly different from one (i.e. no effect of the corresponding parameter).
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Predictors | Age Age Age Age Age Age Age Age Agec Age Age
Sex Sex Sex Sex Sex Sex Sex Sex Sex Sex Sex
Model (performance metrics) CC1 CCl1 CCI CCI1 CCI1
Adverse health outcomes eFS eFS HFRS HFRS GFS GFS CFI CLS CLS
H-LR (AUC/F1) | | ‘
Index-stay mortality 0:65 / 0-12| 079 / 0-18I 072 / 0-15 | 079 / 0-19| 069 / 0-13]|0:79 / 0-19]0:67 / 0-12{0-79 / 0:19|0-80 / 0-18 0.71 / 0.15]0.79 / 0.20
30-day mortality 0:65 / 0-1310-80 / 0-22]0-72 / 0-160-80 / 0-20|0-:68 / 0-14 | 0-80 / 021 [0-66 / 0-14 | 0-80 / 0-210-80 / 0-22|0.71 / 0.16 | 0.80 / 0.21 ‘
One-year mortality 0-64 / 0-230-80 / 0351072/ 0-270-80 / 0-34|0-67 / 025|080/ 0-35[0-65/ 0-24{0-80 / 0-36 0-80 / 0-35(0.70 / 0.27 | 0.80 / 0.36
| | | |
LOS > 8 days 0:62 / 0-5210:64 / 0-55{0:65/ 0:56) 065/ 0-55|0:64/ 055|065/ 057|064/ 0-55)/0:65/ 0:57|0:66 / 0-55[0.65/ 0.54]0.65/ 0.57
LOS > 10 days 0-64 / 0-43 067 / 046]0:67 / 0-460-68 / 046|067 / 046|068 / 0-470-66 / 044|068 / 0-46 0-68 / 0-47|0.67 / 0.46|0.68 / 047
|
30-day readmission 0-58 / 0-18 065/ 0-22{0:63 / 020066 / 0-22|0-61 / 0:19|0:66 / 022|059 / 0-19|0:66 / 0-22|0-:67 / 022 0.62 / 0.20|0.66 / 0.22
30-day unplanned readmission 0-58 / 0-180:61 / 0-2040-62 / 020062 / 0-20|0:60 / 0-19|0-62 / 0-20[0-59 / 0-18|0:62 / 0-:20|0-63 / 0-20 0.61 / 0.19|0.62 / 0.20
One-year readmission 0-56 / 0-54{0-60 / 0-5210:61 / 0-500-61 / 0-50|0-60 / 0-55|0-61 / 0-54 0-58 / 0-54]|0:60 / 0-51|0-61 / 0-530.59 / 0.530.60 / 0.52
One-year unplanned readmission 0:59 / 0-4410:63 / 0-46{0:65 / 047065/ 0-47|0:65/ 047066/ 048 062/ 0-44|0:64 / 0:47|0-65/ 047 [0.63 / 0.45|0.64 / 0.46
Institutionalisation at discharge 0-74 / 0-11{0-76 / 0-12|075/ 0-11|{0-76 / 0-11|0-77 / 0-12|0-78 / 0-120-77 / 0-12{0-79 / 0-110-78 / 0-13|0.75 / 0.12|0.77 / 0.11
One-year institutionalisation 0-70 / 0-1910-73 / 0-20|0-72 / 020|073 / 0-21{0:74 / 022} 0:76 / 023 074 / 0-22]0:76 / 0-23|0-75 / 022 {0.72 / 0.20|0.73 / 0.21
H-PR (MSE)
Nb of admissions w/in one year 1-395 1-373 1-354 1-349 1-370 1-357 1-384 1-364 1-352 1.369 1.358
Nb of unplanned admissions w/in one year | 0:659 0-650 0-636 0-636 0-645 0-641 0-652 0-645 0-641 0.646 0.642
Table 2: Performance of the electronic Frailty Score against three recently published claims-based frailty scores and cumulative hospital length of stay in the previous year.
H-LR=hierarchical (two-level) logistic regression; H-PR=hierarchical (two-level)-Poisson regression; AUC=area under the ROC (receiver operating characteristic) curve; F1 score=sharmonic mean of the precision and recall (i.e., F1
score = 2%(Recall * Precision)/(Recall + Precision)); MSE=mean squared error of the model (the lower, the better); LOS: length of index stay; Agec=age in five-year classes; CCI=2011 updated Charlson comorbidity index; eFS=elec-
tronic Frailty Score; HFRS=Hospital Frailty Risk Score (Gilbert et al.); GFS=Dr Foster Global Frailty score (Soong et al.); CFI=Claims-based Frailty Index (Segal et al.); CLS=cumulative length of stay in the year before index
fll"(ilrenltj)lloeni'ncludes the performance metrics (AUC, F1 score) of the hierarchical logistic regression models for binary variables and Poisson for discrete variables. Performance comparisons between models containing the different
frailty scores (eFS, HFRS, GFS, and CFI) should be made between models (columns) of the same colour. Models in orange correspond to those containing the following predictors: age, gender, CCI +/- frailty score or cumulative
length of stay in acute care during the previous year. The models in blue are the same ones without the CCI. The model with the CFI score does not include CCI as a predictor because CCI is already part of the score (the column is
therefore coloured in orange). Boxed areas with a more contrasting colour indicate the best performance (highest Fr score then, highest AUC).
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Discussion

By linking hospital discharge data to population cohort
data, we were able to develop and validate the eFS pre-
dictive model, allowing the classification of non-institu-
tionalised Swiss patients into phenotypically frail and
non-frail. This model is parsimonious (four predictors),
clinically meaningful, and easily replicable with an
AUC of o-71 and an Fr1 score of 0-39. Based on a nation-
wide validation sample, we found that the eFS was a sig-
nificant  predictor of one-year mortality or
institutionalisation and shorter-term adverse outcomes,
such as prolonged hospitalisation or readmission, even
when controlling for age, sex, and the CCI. Further-
more, using an external validation sample, our score
predicted all adverse health outcomes equally well or
better when compared to the HFRS," GFS,"* and CFIL."®
To our knowledge, this is the first attempt to estimate
the prevalence of frailty in older Swiss inpatients, both
at the national and hospital level. In addition, these
results are consistent with the literature.®>*

Similar to Segal et al,’® we anchored the eFS on
Fried’s FP as it is based on pathophysiological
hypotheses”” and clinically operationalisable.”**?
Moreover, it is also widely recognized as a valid measure
of frailty in various populations and health care
settings"*®7*% and a reference standard when compar-
ing instruments to identify frailty.>® Although too bur-
densome to be routinely implemented in the healthcare
system, Fried’s FP is considered a valuable tool for the
initial stratification of the older population at risk of dis-
ability and for proposing preventive interventions.* The
Lc6s+ cohort provides FPs for a large and representative
sample of older adults in Switzerland, but it does not
cover the entire population or clinical encounters.’® Our
eFS based on available diagnoses will enable a nation-
wide and routine prediction of the FP without costly
and time-consuming clinical measurement.

The latest claims-based frailty measures were devel-
oped using a clinical knowledge-driven or a data-driven
approach.” The former is considered straightforward
but tends to generate frailty instruments with low sensi-
tivity. The latter generally provides better predictive per-
formance of frailty and adverse health outcomes but has
potentially clinically meaningless predictors due to their
selection by “black-box” ML algorithms.” In our study,
we adopted both approaches, together with a reference
standard, to select the eFS diagnostic codes and were
able to show that the clinical knowledge-driven selection
exhibits the best predictive performance, with a fair sen-
sitivity of the eFS model (0-73). Notably, the eFS can be
easily replicated elsewhere using lists of clinically mean-
ingful ICD-10 codes, and the prediction of frailty or
adverse health outcomes only requires simple logistic
regression modelling. Indeed, ML offered no advantage
over regression in terms of predictive performance.”*"

As recommended, we validated the eFS against clini-
cal frailty (i.e. FP), disability (i.e. institutionalisation)

and mortality, and showed that it was a significant pre-
dictor of all these outcomes even after adjustment on
the CCI. These results confirm that the eFS model can
be differentiated from mortality models and predict
frailty as defined by Fried et al, independently of
comorbidity.”"??" In addition, when comparing the eFS
model to three models relying on well-designed and val-
idated claims-based frailty measures,’®” "> we found that
they shared a similar discriminatory ability and predic-
tive accuracy. The eFS model could therefore represent
a valid and transportable surrogate of the FP. In terms
of feasibility and usability, the eFS is easy to integrate
into national, regional or healthcare provider databases
(i-e. health claims databases or electronic medical
records) and could help discriminate frail and non-frail
individuals in both community-dwelling and inpatient
populations. Advantages and disadvantages of the four
claims-based scores regarding feasibility and usability
are listed in Appendix 7.

Our study has some limitations. First, the nervous
system component of the eFS comprises ICD-10-GM
codes related to dementia and other cognitive impair-
ments, depression and other persistent psychiatric dis-
orders, and addiction health problems. Adding these
codes may have decreased the performance of the eFS
model in predicting FP. Indeed, Fried’s FP is often
thought to reduce frailty to physical deficiencies and
ignore mental and cognitive health problems. However,
several authors have provided evidence to contradict
these statements.”® Furthermore, studies have shown
that the five dimensions of the phenotype, depression,
and cognitive impairment belonged to a common con-
struct.*® As a result, any decrease in the performance of
the eFS model should be limited.

Second, for eFS development and internal validation,
we linked the Lc65+ cohort data to CHUV discharge
data only. We also applied inclusion criteria for Lc65+
cohort participants, i.e., community-dwelling, non-insti-
tutionalised residents of Lausanne recruited in 2004,
2009, and 2014, aged 65-70 years at enrolment, and
hospitalised at the CHUV at least once in the year pre-
ceding the FP assessment. Finally, we selected a single
FP assessment per participant to avoid data clustering.
The resulting internal development/validation sample
size was consequently small with few cases: 469 partici-
pants among which 67 (14-3%) were frail. This selection
process might have altered predictive model develop-
ment (e.g. predictor selections and estimations, overfit-
ting)** and limited the generalisability of the eFS model
to the general population. We took these limitations
into account by applying an appropriate statistical meth-
odology. Furthermore, we confirmed that the eFS was
also a good predictor of FP in the entire LcG5+ cohort
population. The AUC, estimated by bootstrapping, of a
2-level (i.e., FP and participant) logistic regression
model with four predictors (age, sex, number of hospi-
talisations at CHUV in the last 12 months, eFS) for the
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sample of LcG5+ cohort participants who had at least
one frailty assessment during the study period, whether
or not they had been hospitalised in the previous 12
months was o-71. The unselected sample included
3,497 FP measures for 1,648 separate participants with
a prevalence of frailty of 5-5% (n=191). The optimal pre-
dicted probability cut-off to classify participants as frail
was 0-21, resulting in a sensitivity and specificity of 54%
and 79%, respectively. The eFS model, with or without
adjustment for CCI, was also predictive of mortality, the
occurrence of at least one hospital stay > eight days,
institutionalisation, and the number of hospital admis-
sions in the year following the FP assessment (Appen-
dix 8).

Selecting participants who were previously admitted
to CHUYV has also likely led to a selection bias of more
severe hospitalisations and the omission of stays in spe-
cialised or smaller hospitals. We may also have induced
measurement bias for two predictors: eFS (underesti-
mation) and time since the last hospitalisation (overesti-
mation). Both biases constitute a limitation that we
could not control for or minimise. In particular, we
could not rely on diagnoses or the number and location
of hospitalisations provided by participants during inter-
views or questionnaires as they were often affected by
recall bias.

Third, comparisons across three other claims-based
frailty measures may have been affected by measure-
ment bias. Although we successfully adapted the other
scores to Swiss hospital discharge data and the ICD-10-
GM classification, we were unable to account for “race”
in the CFI and to translate some ICD codes, particularly
“W falls” codes, which do not exist in the ICD-10-GM
(Appendix 2). In addition, we did not use the original
variable weights for the CFI and GFS, but instead esti-
mated new ones related to our national data to optimise
the relationship between predictors and outcomes.****
However, models with the competing scores (HFRS,
GFS, CFI) were fitted to external validation data only
and not to test and training data, which may have given
the eFS score an advantage. Finally, we measured the
scores on data from the previous year, excluding the
index stay. This modified time frame may have biased
the CFI and HFRS calculations as the former is based
on the last six months data before FP assessment, and
the latter on the last 12 months data, including the index
stay.

Fourth, we may have underestimated the prevalence
of frailty in the external validation sample by selecting a
relatively young population (i.e. inpatients aged 66-8o
years). However, we limited this selection bias by
including participants hospitalised at least once in the
previous year and therefore at higher risk for frailty.

Fifth, given its low PPV (0-28), the eFS model can-
not be used for the clinical screening of frail older per-
sons. However, its high NPV (0-94) allows to identify
non-frail individuals with good reliability and could
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help prioritise individuals who should receive a compre-
hensive geriatric assessment.” This automated pre-
screening should thus assist in medical decision-mak-
ing, especially for primary care professionals, by better
targeting patients eligible for tailored interventions to
prevent, delay or reverse frailty, but also by protecting
the most at-risk patients from overly aggressive diagnos-
tic or treatment procedures that could worsen their
health and well-being without increasing their life
expectancy.>**® Tt should also result in a decreased
caregiver workload and a reduced burden and costs for
the health care system.

Sixth, as for other claims-based indices, the eFS
accuracy and reliability may be affected by the quality of
diagnostic coding in Swiss hospitals, including the level
of health information technology available and the com-
pleteness of documentation by healthcare providers,
especially at CHUV.”"?” The quality of Swiss hospital
discharge data was not constant over the study period,
but has significantly improved since the first mandatory
collection in 1998. It has been considered excellent by
the Federal Statistical Office since 2014. Likewise, local
data integrity and medical information density have
only been considered very good since 2001.3* Thus, the
temporal variation in the number of available diagnoses
may have led to an underestimation of the scores of par-
ticipants included at the beginning of the study period
compared to those included at the end. Finally, coding
quality also varies among hospitals and countries, which
represents an inevitable limitation of claims-based stud-
ies. Regarding health information technology infra-
structure and routine documentation of frailty, there is
no personal health recording system in Switzerland that
integrates all patient medical information or nationwide
data collection on the frailty status of the population.
The only available source of information on frailty is the
LcGs+ cohort study, which is representative of
Lausanne’s older population.”® However, in the near
future, the Swiss Frailty Network and Repository
intends to promote the development and validation of
an electronic medical record-based frailty score for older
inpatients admitted in Swiss university hospitals.>®

In conclusion, the eFS is a new claims-based frailty
score with the ability to automatically identify frail
groups of older persons based on diagnoses and a few
easily accessible data. The eFS model is also easily trans-
portable and may theoretically be applied to both hospi-
talised and community-dwelling older adults, provided
they have been hospitalised at least once in the year pre-
ceding frailty assessment. Routine measurement of the
prevalence of frailty at the national, regional or provider
levels using this eFS model should help health authori-
ties plan and allocate resources. Its integration into
national or regional healthcare databases (i.e. health
administrative databases or electronic medical records)
should also contribute to a better consideration of frailty
in billing systems and improve the case-mix adjustment
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when comparing performance or quality of care
between hospitals or healthcare services.””?” Regarding
clinical decision making, the eFS model should help pri-
oritise individuals at risk of adverse health outcomes
and in need of comprehensive assessment and person-
alised care.” Future research could explore how accu-
rately the eFS predicts dependency in institutionalised
older adults and those living at home,” or assesses
changes in frailty status over time, particularly after
frailty-attuned interventions or during the COVID-19
pandemic.* Additional studies could also investigate
how the eFS performs in other countries with ICD-10-
based coding systems or compared to claims-based defi-
cit accumulation frailty indexes.
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