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This study aimed to build a predictive model to identify frailty in the French national health data
system (SNDS) so as to create a new tool to monitor and anticipate the disability burden associated
with population ageing. We developed the model using the 2012 wave of the French Health,
Healthcare, and Insurance Survey (ESPS) linked to the SNDS (n=2,829). This survey used Fried’s
frailty phenotype as the gold standard. We compared two statistical approaches - logistic regressions
(stepwise and LASSO selection) and random forest — to predict frailty probability based on different
SNDS healthcare claims. We indirectly validated the model by comparing (1) the predicted frailty
prevalence in the overall French population in the SNDS with the expected prevalence and (2) the
predictive ability of the model for 6-year mortality with that of Fried's frailty phenotype. Logistic
regression with LASSO selection was retained as the best method to predict frailty. After stratification
for age, we obtained three models for individuals aged 55-64, 65-74, and =75 years (AUC=0.61, 0.76,
and 0.80 respectively). Applying these models to the SNDS, frailty prevalence was comparable to
expected prevalence in all sex and age groups: overall prevalence=12.9% (95%Cl: 12.9-12.9) in the
SNDS versus 12.0% (95%Cl: 10.8-13.2) in the ESPS. Predicted frailty probabilities in the SNDS showed
a similar strong association with 6-year mortality (HR( i1 probability=2+6s 95%Cl: 1.9-3.5) compared with
Fried’s phenotype (HR; henotype=2.9, 95%Cl: 2.1-3.8). Our predictive models are thus useful for
estimating frailty probability in the SNDS.
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According to the World Health Organization, one in five people will be aged over 60 years by 2050, totaling
2.1 billion people worldwide'. Quality of life is highly dependent on functional ability, and age-related disability
is a burden for the affected individuals, their families, and society as a whole.

Frailty is a highly prevalent geriatric condition?, defined as a “clinically recognizable state of increased
vulnerability resulting from age-associated decline in reserve and function across multiple physiologic systems
such that the ability to cope with every day or acute stressors is compromised™. In the literature, frailty is
assessed using multiple scales, mainly based on two widespread approaches: Fried’s phenotype? and deficit-
accumulation frailty indices first introduced by Rockwood et al.>. One of the most common approaches is the
phenotype of Fried et al.%, which defines frailty as a clinical syndrome with at least three of the following five
criteria: unintentional weight loss, self-reported exhaustion, weakness, slow walking speed, and low physical
activity. Frailty is a known risk factor for functional decline and adverse outcomes such as falls, hospitalization,
and death®>. Recent research further suggests a possible continuum between frailty and severe functional
disability®’. To anticipate the future burden of age-related disability, improve knowledge about its determinants,
and identify preventive actions to reduce its risk, frailty has become the subject of growing interest due to its
central place in the ageing process. Unlike functional dependency, frailty is a reversible state that constitutes a
useful target for preventive programs to diminish the risk of dependency?®.
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Over the past decade, large claims databases and electronic medical records have been increasingly used to
describe and assess population health (e.g., chronic disease surveillance), as they provide historic national data
for the general population. Several recent international studies have developed frailty instruments (including
indices or scores) using claims databases or electronic medical records®~!. These instruments have generally
proven to be valid prognostic tools for predicting adverse outcomes, including mortality, hospitalization, and
disability. Some of them have further been validated using a clinical assessment of frailty and found to have an
acceptable-to-good diagnostic accuracy, thus supporting their use in primary care or inpatient databases!>17:20-23,
Some frailty instruments based on medical and administrative data are now used by government departments
to make healthcare decisions. For example, the electronic frailty index is currently used as part of the frailty
management guidelines of the British Geriatrics Society and National Health Service (NHS)!*4.

Some algorithms may sometimes be adapted from one database to another®®. However, unless there is a
high similarity between available variables in databases, it is most of the time challenging to apply or adapt a
country-specific algorithm to another country. Our study aimed to develop a new predictive model to identify
frailty in the French claims-based database (Systéme National de Données de Santé, SNDS). The SNDS allows
the monitoring of conditions such as diabetes?*?”, coronary syndrome?, and Parkinson’s disease?”. However,
contrary to specific diseases, frailty is difficult to identify, since the SNDS does not include the medical evaluations
necessary to determine frailty (e.g., walking speed, physical activity level, laboratory test results). A recent study
from England'” developed the Hospital Frailty Risk Score based on the diagnosis of chronic diseases during
hospital stays. This score was applied to the SNDS and proved its ability to predict 30-day inpatient mortality*.

In our study, we aim to go beyond the Hospital Frailty Risk Score by developing and validating a model to
estimate the probability of frailty for individuals aged > 55 years in the general population. For this purpose, we
will use data from a national population-based health survey linked to the SNDS in order to develop a predictive
model of frailty, which will be assessed using Fried’s phenotype reference definition.

Methods

Data sources

We used data from the French Health, Healthcare, and Insurance Survey (Enquéte Santé Protection Sociale,
ESPS)®!, a national survey based on interviews conducted every 2 years since 1988 by the French Institute for
Research and Information on Health Economics. This survey is sampled from the national health insurance
database (SNDS). Randomly selected individuals as well as their households are then interviewed. Data are
weighted to be representative of the general population (excluding people living in institutions like nursing
homes). Data collection combined a general questionnaire conducted by telephone (for sociodemographic and
social protection data) and a self-administered questionnaire completed by email (for the health, lifestyle, and
functional evaluations). To develop the predictive model, this study used the 2012 wave of the ESPS, which
is the only ESPS wave with complete data on Fried’s frailty criteria. Among the sample taken from the SNDS,
individuals and their household members were asked to participate; they could refuse to participate or they may
not have been reachable at the time of the survey. In 2012, the overall participation rate was 48%, resulting in
23,047 participants aged > 15 years. The linkage of the ESPS with vital statistics allowed for the assessment of
mortality up to December 31, 2017. The ESPS received institutional review board approval from the National
Council for Statistical Information (Conseil National de I'Information Statistique, CNIS) and the national data
protection agency (Commission Nationale de 'Informatique et des Libertés, CNIL) and followed the declaration
of Helsinki principles. All participants and/or their parent and/or legal guardian provided informed consent in
compliance with the General Data Protection Regulation.

Individual data collected during the survey were linked to the SNDS data (i.e., healthcare consumption
data). This linkage was performed for selected beneficiaries drawn at random (the personal identifier used for
linkage purposes was available given that these individuals were initially selected from the SNDS) as well as
some of their household members (when a personal identifier was likewise available). Overall, just over half
of the sample was linked, representing 12,021 participants in the ESPS 2012 survey. SNDS data cover almost
the entire French population and include individual information relating to the sociodemographic (e.g., sex,
year of birth, health insurance affiliation scheme, area of residence) and medical characteristics of beneficiaries
(i.e., individuals receiving the care). The SNDS also includes all hospital and non-hospital care reimbursements
coded according to various systems (e.g., diagnosis, products and services, medical acts)*2. The International
Classification of Diseases, 10th version French adaptation (ICD-10)* diagnosis codes are available for acute
care (medical, surgical, and obstetrical), aftercare and rehabilitation, psychiatry, and home hospitalization
(along with the date, duration of hospitalization, and medical procedures performed). They are also available
for outpatient reimbursed healthcare expenditures such as general practitioner and specialist visits, medical
procedures, nursing procedures, physiotherapy, medical imaging, laboratory tests, drugs, medical devices, and
medical transportation. The SNDS also includes patients with long-term diseases (e.g., chronic conditions) for
whom the associated medical expenses are fully reimbursed. Both the ESPS and SNDS have been described in
detail elsewhere®!2,

Access by Santé Publique France to ESPS data linked to the SNDS received ethical approval from the relevant
institutional review board (French national data protection agency, DE-2017-361). Database access took place in
a secure environment provided by the Secure Data Access Centre (Ref. 10.34724/CASD).

Fried’s frailty phenotype as the gold standard

The ESPS 2012 assessed frailty using Fried’s phenotype adapted to the declarative data®***. All five frailty criteria
(involuntary weight loss, self-reported exhaustion, low physical activity, muscular weakness, and slow walking
speed) were collected from the self-administered questionnaire of the ESPS 2012 study (Supplementary Table
S1).
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Individuals were considered frail if they met at least three criteria and otherwise robust. In addition,
individuals not initially identified as frail, who nevertheless expressed significant difficulty in at least one of
Katzs activities of daily living (ADL) in the self-administered questionnaire®® such as self-feeding, dressing, and
toileting, were redefined as frail (n=22) based on the previously published hierarchy between frailty and ADL
disability®.

Candidate variable selection in the SNDS

To identify the relevant SNDS variables, we performed a literature review using the following search equation in
Medline: “frailty“[MeSH Major Topic] AND (“claims data“[All Fields] OR “health administrative database“[All
Fields] OR “electronic health records“[All Fields]). We also scrutinized references cited in the retrieved articles
to identify other relevant publications. Supplementary Table S2 presents the list of references explored in
order to select the candidate variables. A multidisciplinary group (including epidemiologists specialized in
ageing, nutrition, cognition, frailty, and disability) evaluated each variable selected as a potential parameter
of the predictive model to determine its relevance to the biological concept of frailty, its consequences, and its
availability or operationalization in the SNDS (Supplementary Table S3). We selected candidate variables for
diseases (e.g., diabetes, depression, dementia, cardiovascular diseases), geriatric syndromes (e.g., undernutrition,
falls/traumas, bladder dysfunction, vertigo), healthcare utilization (e.g., hospitalizations, general or specialist
consultations), and specific healthcare consumption (e.g., walker, wheelchair, therapeutic oxygen, hearing aids).
To ensure the robustness of the statistical analyses, in addition to age and sex, the analyses only included variables
(n=49) observed in at least five subjects in both the robust and frail categories. Further details regarding these
variables are provided in Supplementary Tables S4 and S5.

Statistical analysis
For the descriptive analysis, categorical variables are presented in numbers and percentages. We performed Chi-
square and exact Fisher tests.

Development and internal validation of a predictive model for Fried’s frailty phenotype using ESPS 2012 data

To develop a parsimonious and reproducible predictive model, we considered three models using two statistical
approaches: logistic regression with two types of variable selection methods, namely stepwise and least absolute
shrinkage and selection operator (LASSO) selection®’, and the machine learning random forest® using recursive
feature elimination for variable selection®.

The models included all selected candidate variables in addition to age and sex (Supplementary Table S4). For
the logistic models, we tested the interactions of the variables with age and sex, because healthcare consumption
as well as disease symptoms and impact differ depending on the age and sex of individuals****. We performed
internal validation using a 100-fold cross-validation technique on a dataset randomly split into training and test
sets (80/20).

We comprehensively assessed the models’ performance using multiple evaluation metrics, including area
under the curve (AUC), sensitivity (Se), specificity (Sp), and Nagelkerke’s R**, to provide a complete picture
of their effectiveness. More specifically, we compared the performances of the models in terms of Se, Sp, and
positive and negative predictive values (PPV and NPV, respectively), estimated using the threshold determined
by the Youden index*” (i.e., cut-off maximizing the number of correctly classified individuals). We chose to use
the Youden index, because our objective was to accurately identify the different classes. This required balancing
between sensitivity and specificity, which is effectively captured by the Youden index. We chose the best model
based on the balance between performance (assessed using the various metrics detailed above) and parsimony.

Predictive validation of our developed model using SNDS 2013 data

Our development sample (ESPS 2012) did not include subjects living in nursing homes (or long-term care). In
the SNDS, information about nursing homes is only available from 2013 onwards’2, so we applied our models to
2013 instead of 2012. We selected all individuals aged > 55 years who were not living in a nursing home (or long-
term care) in 2013. We compared estimated frailty prevalence with that of the ESPS 2012, which is the study of
reference to estimate frailty prevalence in France.

Longitudinal assessment of our predictive model for 2-, 4-, and 6-year mortality

Using the ESPS 2012 sample, we used Cox proportional hazard models to compare the ability of our predictive
model to assess 2-, 4-, and 6-year mortality with that of Fried’s phenotype. In addition to crude estimates, we
successively applied two models to evaluate the influence of sex and age (model 1) and co-morbidity (model
2) on the association between frailty and mortality. Given that frailty and multimorbidity often coexist*’, we
adjusted for the locally adapted Charlson co-morbidity index?” in order to evaluate the added value of our
frailty predictive model with regard to co-morbidity. We then divided the estimated frailty probabilities into
percentiles for the 55-64 age group (which includes individuals from 55 to 64 years) and into deciles for the
two other age groups (65-74 age group, which includes individuals from 65 to 74 years, and the =75 group,
which includes subjects aged 75 years and older). We further categorized them into two groups to mimic Fried’s
expected phenotype prevalence based on a frailty prevalence of around 5% in the 55-64 age group, 10% in the
65-74 age group, and 30% in the >75 age group. We categorized frailty probabilities into two groups using the
95th percentile as a cut-off in the younger group. Deciles in the 65-74 age group were grouped into the 1st to 9th
and 10th deciles. Among the > 75 age group, deciles were grouped into the 1st to 6th and 7th to 10th deciles. We
tested the proportional hazard assumption using graphical methods while assessing interactions between time to
death and frailty measures. We estimated AUC to compare the predictive values of the models.

Analyses were performed using R, caret*s, glmnet49, and rocr packages, and SAS 9.4.
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Results
Study sample characteristics
The study development population (ESPS 2012) included 3,659 participants aged > 55 years (Fig. 1). We excluded
830 individuals due to missing frailty data or ADL measures, leading to a final dataset of 2,829 individuals.
Excluded subjects were younger than included subjects (64.5 years vs. 68.1 years, respectively) but had the same
sex ratio (51.6% women vs. 52.8%).

Frailty prevalence was 12.0% (95%CI: 10.8-13.2) (n=339). It increased with age (60.5% of frail individuals
were aged =75 years) and was higher in women (63.5% of frail individuals were women) (Table 1).

Development of predictive models

We retained the LASSO logistic regression approach as the best method to develop our model. Although the
stepwise logistic regression showed better parsimony (13 vs. 31 variables), its performances were slightly inferior
to the LASSO model regarding the R? Nagelkerke. Compared with the random forest, the LASSO model showed
similar AUC performances, better sensitivity, better R?, and better parsimony (Supplementary Table S6).

The full LASSO model revealed multiple interactions between age and covariates. We therefore stratified
our analysis and ran three models according to the three age groups 55-64, 65-74, and =75 years. To achieve
sufficient statistical power, we performed these analyses on the whole sample without using random training test
sets. Table 2 shows the performances of the three age-group models. For the youngest group, the model included
13 variables and presented moderate performances (AUC=0.61, 95%CI: 0.54-0.67; Se=50.8%, PPV =16.0%).
For the second group (65-74 years), the model also included 13 variables and presented good performances but
poor PPV (AUC=0.79, 95%CI: 0.72-0.85; Se =70.4%; PPV =22.1%). The model for the oldest age group (=75
years) included 22 variables and had a good level of discrimination (AUC =0.80, 95%CI: 0.76-0.84; Se =62.0%;
PPV =59.9%). Table 3 provides details on the variables selected in the three predictive models based on the

Sample paired to the SNDS
N =12,021
55 years old and over
N = 3,659

Missing data on frailty or ADL

measures
Final sample
N = 2,829

( N = 830
I

H

A

N

Robust Frail
N = 2,490 N = 339 |

Fig. 1. Flowchart of the study sample (ESPS 2012).
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Robust Frail Total

N=2,490 N=339 P N=2,829
Age n (%) n (%) n (%)
55-64 1,148 (46.1) | 63 (18.6) 1,211 (42.8)
65-69 504 (20.2) 37(10.9) |<0.01 |541(19.1)
70-74 299 (12.0) 34 (10.0) 333 (11.8)
75+ 539 (21.7) | 205 (60.5) 744 (26.3)
Sex
Men 1,210 (48.6) | 125 (36.9) | <0.01 | 1,335 (47.2)
Women 1,280 (51.4) | 214 (63.1) 1,494 (52.8)
Diploma level (MD n=95)
No diploma 358 (14.7) 106 (35.8) 464 (17.0)
< High school diploma 1,340 (55.0) | 156 (52.7) 1,496 (54.7)
> High school diploma, 2-year university degree | 416 (17.1) 21(7.1) <0.01 | 437 (16.0)
> 3-year university degree 277 (11.4) 10 (3.4) 287 (10.5)
Other/unknown 47 (1.9) 3(1.0) 50 (1.8)
Socioprofessional category (MD n=96)
Farmer 142 (5.8) 32(10.9) 174 (6.3)
Craftsperson, salesperson, company head 185 (7.6) 18 (6.1) 203 (7.4)
Executive, intellectual profession 416 (17.1) 16 (5.4) <0.05 | 432 (15.8)
Middle manager 420 (17.2) 19 (6.4) 439 (16.1)
Employee 630 (25.8) 81 (27.5) 711 (26.0)
Worker 576 (23.6) | 103 (34.9) 679 (24.8)
Pensioner 11 (0.5) 5(1.7) 16 (0.6)
No professional activity 58 (2.4) 21 (7.1) 79 (2.9)
Frailty criteria
Involuntary weight loss (MD n=33) 150 (6.1) 104 (31.4) 254 (9.1)
Exhaustion (MD n=189) 966 (41.4) 271 (87.7) 1,237 (46.9)
Low physical activity (MD n=100) 267 (11.1) 209 (64.3) 476 (17.4)
Muscular weakness (MD n=20) 206 (8.3) 308 (90.9) 514 (18.3)
Slow walking speed (MD n=16) 33(1.3) 254 (75.2) 287 (10.2)
ADL criteria: difficulty with...
Self-feeding (MD n=14) 0(0) 25(7.4) 25(0.9)
Transferring (MD n=18) 0(0) 54 (16.2) 54 (1.9)
Dressing (MD n=15) 0(0) 56 (16.9) 56 (2)
Toileting (MD n=16) 0(0) 35(10.5) 35(1.2)
Bathing (MD n=11) 0(0) 86 (25.7) 86 (3.1)

Table 1. Characteristics of the study sample according to Fried’s frailty phenotype (ESPS 2012, n=2,829). ADL
activities of daily living, MD missing data

N N N N
n Se Sp PPV | NPV | AUC | 95%CI True positive | False positive | True negative | False negative

Age-group models

55-64 years | 1,211 | 50.8% | 85.4% | 16.0% | 96.9% | 0.61 | 0.54-0.67 | 32 168 980 31
65-74 years 874 |70.4% | 78.1% | 22.1% | 96.8% | 0.76 | 0.72-0.85 | 50 176 627 21
>75 years 744 | 62.0% | 84.2% | 59.9% | 85.3% | 0.80 | 0.76-0.84 | 127 85 454 78

Table 2. Performances of the models according to the three age groups (ESPS 2012, n=2,829). Se sensitivity,
Sp specificity, PPV positive predictive value, NPV negative predictive value, AUC area under the operative
curve, CI confidence interval.

age group and their coefficients. The regression coeflicients and their weight varied across the three age-group
predictive models. In the youngest groups (55-64 and 65-74 years), the variables with higher weight included
respiratory diseases, medical devices for respiratory diseases and for sensory and physical impairments,
depression, and cardiovascular diseases. In the oldest group (=75 years), the same variables remain important,
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Model5564 Model6574 Model75
for individuals aged between 55 for individuals aged between for individuals aged 75 years and
and 64 years B SD¢ | 65 and 74 years g SD¢ older B SD¢
Intercept -3.4438 Intercept -7.0713 Intercept -10.4395
Ophthalmology consultation -0.3311 | 0.139 | Age 0.0529 | 0.001 | Age 0.1035 | 0.003
Medical devices (respiratory 21793 | 0.553 | ENT® consultation -0.0581 | 0.008 | Sex 0.1303 | 0.019
diseases)
Medical devices (sensory and 03712 | 0.115 | Medical devices (sensoryand | 5954 | o115 | Cardiology consultation -0.2367 | 0.032
physical impairments) physical impairments)
Depression 0.6013 | 0.180 | Diabetes 0.9682 | 0.029 | Ophthalmology consultation -0.0103 | 0.019
Respiratory diseases 0.7387 | 0.237 | Depression 0.1789 | 0.184 | Rheumatology consultation -0.0597 | 0.036
Cancer 0.0569 | 0.055 General practitioner 0.0490 | 0.050 | Medical devices (respiratory diseases) 0.2458 | 0.087
consultation (number)
Cardiac diseases 0.0557 | 0.047 | Medical transport (number) | 0.0817 | 0.010 | Medical devices (sensory and physical | ;44 | 939
impairments)
(Cl}qeunlf:{’a;gractltloner consultation 0.0203 | 0.006 | Nursing procedure (number) 0.0015 | 0.0001 | Diabetes 0.3287 | 0.041
Medical transport (number) 0.0399 | 0.011 | Physiotherapy act (number) 0.0124 | 0.002 | Dementia 0.7468 | 0.111
" -
Physiotherapy act (number) 0.0084 | 0.003 | Sex"Endocrinology 0.3696 | 0.033 | Depression 0.7026 | 0.051
consultation
Sex*Diabetes 0.5188 | 0.180 | Sex*Diabetes 0.7084 | 0.161 | Lipid-lowering drug -0.0032 | 0.020
Sex*Coronary diseases -1.2816 | 0.764 | Sex*Coronary diseases 0.5439 | 0.829 | Cardiac diseases 0.7955 | 0.072
" T IRT
Sex*Cardiac diseases 0.6241 | 0,232 | Sex Hospitalization acute care 0.0601 | 0.005 Hospitalization acute care field 0.1153 | 0.017
field (number) (number)
" : - — :
Sex*Medical transport (number) | 0.2231 | 0.075 | S€X" Medical specialist 0.0003 | 0,002 | General practitioner consultation 0.0273 | 0.003
consultation (number) (number)
Sex*Nursing procedure (number) | 0.0036 | 0.001 Medical transport (number) 0.0540 | 0.009
Nursing procedure (number) 0.0008 | 0.0001
Physiotherapy act (number) 0.0138 | 0.0007
Sex*ENT® consultation -0.9857 | 0.098
Sex*Rheumatology consultation -0.0742 | 0.060
N - ;
S(lex Medical devices (respiratory 15579 | 0.115
diseases)
PRy -
Sex Med}caldevwes (sensory and 02603 | 0.040
physical impairments)
Sex*Hypertension 0.0220 | 0.016
Sex*Respiratory diseases 0.6136 | 0.075
Sex*Cancer 0.2366 | 0.060
Sex*Coronary diseases -0.2794 | 0.095
Sex*Cardiac diseases 0.0822 | 0.061
" T
Sex*Hospitalization acute care field 0.0281 | 0.019
(number)

Table 3. Final models* including three age-specific predictive models for individuals aged 55-64, 65-74, and
=75 years (variables selected by LASSO logistic regression) (ESPS 2012, n=2,829). ® Regression coeflicients
estimated using logistic regression with LASSO selection. ® Ear, nose, and throat. ¢ Standard deviation. *To
apply our model, it is necessary for each individual to multiply the frailty model coeflicients by all the variables
included in the model, which gives the log odds of frailty (Y). This can in turn be converted into a predicted

% Use “model5564” for individuals aged

between 55 and 64 years, “model6574” for those between 65 and 74 years, or “model75” for those older than
75. “Sex*XXX” is the interaction between sex and the given variable.

probability (p) of being frail using the following formula: =

but other variables enter the model such as dementia, Ear Nose Throat consultation, and cancer. In all three
groups, we identified interactions with sex, with some showing high beta regression coefficients.

Application of predictive models to the SNDS

In the SNDS, 17,477,879 individuals were aged =55 years in 2013. After excluding subjects living in nursing
homes (or long-term care), the final sample included 17,050,508 individuals. Supplementary Table S7 provides
descriptive details of the SNDS sample.

Applying our age-stratified models to the SNDS, we estimated the overall frailty prevalence as well as by age
and sex subgroups (Fig. 2). Predicted frailty prevalences were consistent with the expected prevalences based
on Fried’s phenotype in the ESPS (from around 5% in the youngest group to 30% in the oldest). Prevalence was
slightly overestimated among older men (20.4% in the ESPS 2012 vs. 23.0% in the SNDS 2013).
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Fig. 2. Prevalence of frailty estimated in the SNDS sample according to age and sex (SNDS
2013, n=17,050,508).

Longitudinal assessment of 2-, 4-, and 6-year mortality prediction

We compared the ability of our models to assess 6-year mortality (2012-2017) with that of Fried’s phenotype.
Compared with Fried’s phenotype, frailty estimated by the age-stratified predictive models showed similar
associations with 6-year mortality in the crude and adjusted analyses. Both approaches showed similar
discrimination levels (AUC =0.78 vs. AUC type=0.80) (Table 4). We drew the same

predictive_model Frailty_pheno

conclusions with the prediction of 2- and 4- year mortality (Supplementary Table S8).
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6-year

mortality | Crude model Model 1* Model 2°

n % HR | 95%CI | p-value | AUC | HR | 95%CI | p-value | AUC | HR | 95%CI | p-value | AUC
Fried’s phenotype <0.0001 | 0.68 <0.0001 | 0.77 <0.0001 |0.78
0: Robust 125 | 57.6% | 1.0 1.0 1.0
1: Frail 92 | 42.4% | 6.6 |5.1-8.7 35 |2.6-48 29 |21-38
Frailty probabilities from the model <0.0001 | 0.67 <0.0001 |0.78 <0.0001 | 0.80
0: Robust 127 | 58.4% | 1.0 1.0 1.0
1: Frail 90 | 41.5% | 6.6 |5.1-8.7 3.8 |2.7-53 2.6 |1.9-35

Table 4. Hazard risk of 6-year mortality associated with the frailty phenotype and frailty probability estimated
by the predictive models (ESPS 2012, n1=2,829).  Model 1 is adjusted for age and sex. ® Model 2 is adjusted

for age, sex, and Charlson Index. AUC area under the curve, HR hazard ratio (estimated using Cox regression
models)

Frailty identification at the individual level

The low specificity and PPV of our models based on the Youden index prevented us from assigning a frailty
state (yes/no) at the individual level. To provide a cut-off that could effectively identify frail individuals with a
high level of confidence, we conducted supplementary analysis in the oldest age group (=75 years), where the
model showed good performances. In this population, we modulated the threshold of the frailty probability at
the individual level and found that a probability of > 0.4 (instead of >0.32 with the Youden index) increased the
PPV from 59.9 to 74.4% and specificity from 84.2 to 94.2% (Supplementary Table S9).

Discussion

We developed three age-stratified predictive models based on chronic diseases and healthcare consumption
records to estimate frailty prevalence in individuals aged =55 years based on the French national health data
system (SNDS). The models, which included between 13 and 22 variables depending on the age group, had
moderate performances in the youngest group (55-64 years) and good performances in the two older age
groups over 65 years. The indirect validation results (i.e., validation using secondary outcomes) were also good,
highlighting the ability of the predictive models to estimate frailty prevalence in the SNDS and to predict 6-year
mortality. Our models produced reliable estimates of frailty prevalence in all sex and age groups. However, the
low specificity of the models at the threshold determined by the Youden index prevented us from using this
threshold to assign a frailty status (yes/no) at the individual level, except for individuals over 75 years, where a
threshold of > 0.4 was found to be reliable for this purpose.

Our models estimated population-based frailty prevalence in individuals aged>55 years. Prevalence was
slightly overestimated in men aged > 75 years, probably due to the variables included in the predictive models,
which mainly related to healthcare consumption and chronic diseases. Although our models considered several
interactions between sex and covariates, sex differences in healthcare consumption behaviors may partly explain
the better fit of our models in women, who seek care more frequently than men*2. The lower number of cases of
frailty in men than in women may also explain the poorer fit of the model in men. Unfortunately, we could not
stratify our analyses by sex due to the lack of statistical power. While the prevalence of frailty in men aged>75
years may be slightly overestimated, it nevertheless remains within the estimated 95% confidence interval of the
survey-based prevalence. This overestimation will not, however, influence health policy decisions drawn based
on our frailty models.

Although our models produced reliable estimates of prevalence, their low specificity at the threshold
determined by the Youden index argues against using this threshold to establish a frailty status at the individual
level. We thus propose using a different threshold for individuals aged >75; at this threshold, 45% of frail
individuals are identified with a PPV of nearly 75%. Even though this method may lead to a selection bias
toward more severe cases, we recommend using this threshold to build a dichotomous variable, as it significantly
reduces potential biases due to misclassification if the threshold determined by the Youden index is applied™’.

We chose logistic regression with LASSO selection, which reduced the number of variables with small effects
and thus provided alimited number of predictors in the final model. Random forest showed similar performances,
although we excluded this method due to parsimony and feasibility. Indeed, the final random forest model
included all 49 variables, while age-stratified LASSO models required a maximum of only 22 variables. Other
more sophisticated approaches such as neural networks are available to build predictive models. We chose not
to use these methods, because their results are often difficult to interpret®!, even though they have proven to be
promising for prediction purposes, including in the field of frailty>>>*. Using a subsample from the Canadian
Primary Care Sentinel Surveillance Network (n=5,466) of individuals aged from 69 to 80 years, Aponte et al.
ran seven commonly used binary supervised machine learning methods to predict the clinical frailty scale using
primary care data from 2015 to 2019. They found that the best model had moderate performances (AUC=0.83;
Se=40.5%; Sp=93%). Another recent study among hospitalized patients aged > 65°? used the neural networks
method to develop a predictive model of frailty within 1 year of admission. Good performances were found for
most of the tested models (best model: AUC=0.89; Se=0.77; Sp=0.85).

Our results are in line with studies using similar model-based predictive approaches!?!>18:545, Segal et
al. developed'® and validated a claims-based frailty index (CFI) using data from the Cardiovascular Health
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Study and the National Health and Aging trend study, which are both linked to American Medicare data. These
studies used frailty phenotype as the gold standard. Applied in a sample of subjects aged>65 years, the final
predictive model relying on LASSO logistic regression showed moderate performances (AUC =0.75; PPV =35%;
NPV =92%). Another study from Kim et al. focused on the development of a CFI using American Medicare data
while relying on the deficit-accumulation frailty approach. Using two different waves of the Medicare Current
Beneficiary Survey (MCBS) linked to claims data from 2006 to 2011, the authors found that the new CFI had
a good correlation with the gold standard survey frailty index from 2006 and that compared with Charlson’s
comorbidity index, it had a similar predictive capacity for mortality but a better capacity for disability outcomes
in 2011. Another validation study conducted with MCBS 2008 found that this CFI was predictive of low gait
speed, weak grip strength, as well as ADL and instrumental ADL dependency, mortality, hospitalization, and
prolonged stay in skilled nursing facilities'?. Faurot et al. developed and validated a frailty proxy in the American
electronic health records using ADL dependency instead of frailty as the reference'. Their approach identified
the most severe stage of frailty®. Applying their algorithm to an independent population-based cohort, the
Atherosclerosis Risk in Community study'®, they found moderate discrimination performances with Fried’s
frailty phenotype (AUC=0.71) and good predictive abilities with adverse outcomes. Overall, external validation
studies of indices initially developed without a model-based approach have provided inconsistent performances.
Using data from a primary health center in Barcelona, Orfila et al.!* reported the good predictive ability of their
electronic frailty index (eFRAGICAP) with regard to two standardized clinical measures: the clinical frailty scale
(AUC=0.82) and the Risk Instrument for Screening in the Community (AUC=0.85). However, their measure
had low sensitivity and PPV for the clinical frailty scale (34% and 43%, respectively) but a better score for the
Risk Instrument for Screening in the Community (55% and 76%, respectively).

Compared with these previously described frailty models, our approach has several advantages. We used a
population-based health survey linked to the SNDS to develop a predictive model of frailty probability using
a reference measure (i.e., Fried’s phenotype). In addition, our model included diverse types of data from the
SNDS such as outpatient care and geriatric syndromes. The use of multiple data sources, not only disease-
related diagnosis codes, allowed us to take into account the complexity of frailty and overcome the difficulty of
identifying it in the absence of clinical examinations. Most importantly, using inpatient and outpatient claims
data to estimate frailty proved to be just as challenging as approximating the underlying characteristics of
biological ageing. In addition, although frailty and multimorbidity often coexist, they are two different entities
and two separate aspects of the disablement process*®°. In our study, by adjusting for an adapted Charlson
index?, we found that frailty remained significantly associated with mortality. Using multiple data sources
from the SNDS such as inpatient and outpatient healthcare claims data, we succeeded in providing age-specific
predictive models of the probability of frailty, which contributes additional information to that provided by
multimorbidity. Another strength of our study is that the model estimated frailty from the age of 55 years, a key
age for preventive actions, whereas other studies usually begin at 65 years. Providing data on frailty prevalence
from 55 years will allow us to study the early impact of ageing and chronic diseases in younger populations and
the most vulnerable groups, where worrying health trends have recently been highlighted>’=>°. Stratifying the
predictive models into three age groups further resulted in a model with good performances in the oldest group
(275 years), which was better than other studies that usually start at 65 years. Finally, the comparison of several
statistical methods allowed us to identify the best method.

Regarding the study limitations, we used an adapted version of Fried’s phenotype for self-reported data.
Although it is a very common way to measure frailty in epidemiological surveys, there are some key differences
with the objective measures for grip strength and walking speed. Previous studies showed that the use of multiple
questions to assess grip strength and walking speed, as done in our study, increased the concordance with a
clinical assessment®. In addition, another french team compared the frailty prevalence estimated from the ESPS
2012 with that obtained from the 2011 French data of the large SHARE study (Survey of Health Ageing and
Retirement in Europe®), which included objective measures for strength and walking speed. This comparison
led to the conclusion that both approaches were very similar, particularly in subjects aged>65 years. The
development of a standard operational tool remains a major topic in the field of geriatrics®!.

Regarding another study limitation, our study data were taken from the ESPS 2012 wave, which might
appear quite outdated. This may have an impact on the relevance of the algorithm in more recent years given
the changes to healthcare consumption patterns and heterogeneity in diagnostic coding over time®2. We used
the ESPS 2012 wave because Fried’s frailty (our gold standard) was only available for this wave of the study.
Indeed, we are not aware of more recent data available to conduct such a validation study at the national level
in France. In addition, our dataset only included claims data for 1 year around the time of the survey interview,
whereas it has been shown that using a longer look-back period could help improve the predictive performance
of claims algorithms®®. A new large nationwide study that is currently being conducted will provide data on
Fried’s phenotype linked to the historical SNDS data®!. These data will represent a good opportunity to update
the algorithm. Another limitation of our study is that due to the lack of statistical power, it was not possible to
perform an internal validation of our predictive models, which may have affected the reliability and accuracy
of our results. However, we applied our models directly to the target population (SNDS), which is a valuable
approach for assessing real-world applicability when internal validation is not possible. Finally, nursing home
residents, the majority of whom are ADL disabled, were excluded from the ESPS. Consequently, our predictive
models should only be applied to individuals aged>55 living in the community. Although nursing home
residents are not targeted by our predictive models, they are identifiable in the SNDS. Recently, Hucteau et al.%®
developed an algorithm to identify ADL dependency in individuals aged > 65 years in the SNDS with very good
sensitivity (75.4%) and specificity (95.9%). Combining their algorithm with our own could enable us to work on
four distinct states along the continuum of dependency in the SNDS: robustness, frailty, ADL dependency, and
dependency requiring nursing home care®’.
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Conclusion

To estimate the individual probabilities of frailty using national claims-based records, we propose a new set
of three predictive age-based models. We recommend applying each model to the corresponding age class.
These models can be used for different purposes. In the context of population ageing, they can estimate frailty
prevalence in the general population from the age of 55 years onwards. The probability of frailty can be used
as a continuous variable to serve as an outcome variable or for adjustment purposes in all age groups. If frailty
needs to be dichotomized, we recommend using the algorithm in subjects aged =275 years with a probability
threshold of > 0.4 to identify frailty, as this may represent a useful tool when the study population or the studied
outcome needs a specific definition. These models can thus be used for surveillance purposes (i.e., time trends,
regional prevalence) or to respond to broader research questions relating to prognostic, medico-economic, or
pharmacological and epidemiological issues.

Data availability

The data that support the findings of this study are available from The National Health Data Hub www.health-
data-hub.fr but restrictions apply to the availability of these data, which were used under license for the current
study, and so are not publicly available. Data are however available from the corresponding authors upon rea-
sonable request and with permission of The French national data protection agency (Commission Nationale de
I'Informatique et des Libertés, CNIL).
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