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Abstract

Background:  There has been increasing effort to measure frailty in the U.S. Medicare data. The performance of claims-based frailty measures 
has not been compared.
Methods:  This cross-sectional study included 3,097 community-dwelling fee-for-service Medicare beneficiaries (mean age 75.6 years) who 
participated in the 2008 Health and Retirement Study examination. Four claims-based frailty measures developed by Davidoff, Faurot, Segal, 
and Kim were compared against frailty phenotype, a deficit-accumulation frailty index (FI), and activities of daily living (ADL) dependence 
using Spearman correlation coefficients and C-statistics.
Results:  Claims-based frailty measures were positively associated with frailty phenotype (prevalence in ≤10th vs >90th percentile: 8.0% vs 
41.3% for Davidoff; 5.9% vs 53.1% for Faurot; 3.3% vs 48.0% for Segal; 2.9% vs 51.0% for Kim) and FI (mean in ≤10th vs >90th percentile: 
0.17 vs 0.33 for Davidoff; 0.13 vs 0.37 for Faurot; 0.12 vs 0.31 for Segal; 0.10 vs 0.37 for Kim). The age and sex-adjusted C-statistics for 
frailty phenotype for Davidoff, Faurot, Segal, and Kim indices were 0.73, 0.74, 0.73, and 0.78, respectively, and partial correlation coefficients 
with FI were 0.18, 0.32, 0.26, and 0.55, respectively. The results for ADL dependence were similar (prevalence in ≤10th vs >90th percentile: 
3.7% vs 50.5% for Davidoff; 2.3% vs 55.0% for Faurot; 3.0% vs 38.3% for Segal; 2.3% vs 50.8% for Kim). The age and sex-adjusted 
C-statistics for the indices were 0.79, 0.80, 0.74, and 0.81, respectively.
Conclusions:  The choice of a claims-based frailty measure can influence the identification of older adults with frailty and disability in Medicare 
data.
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Administrative claims data provide longitudinal information on the 
use of medical treatments and clinical outcomes in a large represen-
tative population, including older adults with frailty (1). Since older 
adults with frailty are at increased risk for adverse health events 
(2, 3), practice guidelines (4–6) recommend that frailty should be 
considered in clinical decision making. However, there is little evi-
dence from clinical trials to guide clinical decision making due to 
the exclusion of frail older adults. As a result, administrative claims 

datasets remain a potentially valuable data source to inform clinical 
and public health policy decisions for this population.

A major limitation of administrative claims data is the lack of 
detailed clinical information, such as frailty, which can lead to bias in 
evaluating the effectiveness of medical interventions (7–9). Because 
frailty is not routinely assessed by clinicians and diagnosis codes for 
frailty do not exist, researchers attempted to measure frailty using 
surrogates (ie, diagnosis codes and health service billing codes that 
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occur more frequently in frail older adults) in administrative claims 
data, electronic health records data, and prescription claims data 
(see examples in Supplementary Table 1). For most claims-based 
frailty measures, predictors were selected from a large number of 
diagnosis codes and health service billing codes based on clinical 
knowledge (10–16), while others employed more rigorous data-
driven approaches for variable selection and estimation (17–23). In 
the U.S. Medicare data, four claims-based frailty measures have been 
developed using data-driven approaches (17–23) (Table 1). There 
are differences in terms of the types of predictors and the reference 
standard outcome used for model development.

This study aimed to evaluate four claims-based frailty measures 
against clinically validated frailty measures and prevalent disability 
in a representative Medicare population. Investigating the com-
parative performance of different approaches may inform choice of 
claims-based frailty measures for studies of medical interventions 
and health outcomes in older populations.

Methods

Health and Retirement Study (HRS)-Medicare Data
The HRS is a nationally representative survey of adults over age 
50 years in the United States, sponsored by the National Institute on 
Aging (grant NIA U01AG009740) and conducted by the University 
of Michigan (24). The survey was conducted every 2  years to as-
sess health status from respondents or their proxy. In over 80% of 
the participants, survey data were linked to Medicare fee-for-service 
data, which included inpatient, outpatient, skilled nursing facility, 
home health agency, carrier, and durable medical equipment files. 
This cross-sectional study included 3,097 participants who were 
≥65 years old, were randomly selected for measurement of physical 
performance, had a 12-month continuous fee-for-service Medicare 

enrollment, and resided in the community in the 2008 HRS wave 
(Supplementary Figure 1). The HRS was approved by the Institutional 
Review Board at the University of Michigan, Ann Arbor, Michigan, 
and this study was approved by the Institutional Review Board at 
the Brigham and Women’s Hospital, Boston, Massachusetts.

Claims-Based Frailty Measures
Medicare data contain the International Classification of Diseases 
(ICD) diagnosis and procedure codes, Current Procedural 
Terminology (CPT) codes (codes for medical services and proced-
ures), and Healthcare Common Procedure Coding System (HCPCS) 
codes (codes for supplies, equipment, and devices) that were gener-
ated from routine health care encounters. We estimated four claims-
based frailty measures based on relevant ICD, CPT, and HCPCS 
codes in Medicare data (Table 1).

	1.	 Davidoff index: This index uses sex, Medicaid enrollment, 
number of evaluation and management visits, 16 CPT code-
derived variables, and 7 HCPCS code-derived variables in the 
past 12  months to predict disability that corresponded to the 
Eastern Cooperative Oncology Group scale 3 (“capable of only 
limited self-care, confined to bed or chair more than 50% of 
walking hours”) or 4 (“completely disabled, unable to carry out 
any self-care, and totally confined to bed or chair”) (17). Diag-
nosis codes or age were not used.

	2.	 Faurot index: This index uses age, sex, race, 19 ICD diagnosis 
code-based variables and 4 HCPCS code-based variables in the 
past 8 months to predict activities of daily living (ADL) disability 
(18, 19). No CPT code-based variables were used.

	3.	 Segal index: This index uses age, sex, race, 16 ICD diagnosis 
code-based variables, Charlson comorbidity index (25), and ad-
missions in the past 6 months to predict the frailty phenotype 

Table 1.  Medicare Claims-Based Measures of Frailty

Index (Year)

Predictor Types
Predictor  
Assessment

Reference  
StandardDemographic ICD Codes CPT codes HCPCS Codes Other

Davidoff (2013) • Sex None 16 variables 
• E&M visits 
• Procedures 
• �Preventive 

services 
• �Diagnostic 

studies

7 variables 
• �Transportation 

services 
• DMEs

• Medicaid enrollment 
• �Number of E&M 

visits

Past 12 mo Disability

Faurot (2015) • Age 
• Sex 
• Race

19 variables None 4 variables 
• �Transportation 

services 
• DMEs

None Past 8 mo Disability

Segal (2017) • Age 
• Sex 
• Race

16 variables None None • �Charlson 
Comorbidity Index 

• �Admissions in the 
past 6 mo

Past 6 mo Frailty  
phenotype

Kim (2018) None 52 variables 25 variables 
• E&M visits 
• Procedures 
•� Preventive 
services 

• �Diagnostic 
studies

16 variables 
• �Transportation 

services 
• DMEs 
• Vaccines 
• Injectable drugs

None Past 12 mo Deficit- 
accumulation 
frailty index

Note: CPT = Current Procedural Terminology; DME = durable medical equipment; E&M = evaluation and management; HCPCS = Healthcare Common Pro-
cedure Coding System; ICD = International Classification of Diseases.
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(20, 21), which is the most commonly used definition of frailty 
(26). No CPT or HCPCS code-based variables were used.

	4.	 Kim index: This index uses 52 ICD diagnosis code-based variables, 
25 CPT code-based variables, and 16 HCPCS code-based variables 
in the past 12 months to predict the value of a deficit-accumulation 
frailty index (FI) (22, 23), which is the second most commonly used 
definition of frailty (26). Demographic variables were not used.

The estimated score represents the probability of disability for the 
Davidoff and Faurot indices and the probability of frailty pheno-
type for the Segal index, whereas the Kim index estimates the deficit-
accumulation FI value (range: 0–1; higher values indicate greater 
frailty). Because the estimates of four claims-based frailty measures 
had different meanings, we classified participants into five categories 
according to the population distribution of each index: robust 
(≤10th percentile), well (25th percentile), vulnerable (26–75th per-
centile), frail (76–90th percentile), and very frail (>90th percentile).

Measurement of Frailty and Disability
We defined the frailty phenotype based on weight loss, exhaustion, 
low activity, slowness, and weakness according to the HRS-specific 
modification of the original definition (27). Participants were clas-
sified as frail if having ≥3 components, pre-frail if 1–2 components, 
robust if 0 components, or undetermined if there were insufficient 
information (missing data: n = 1,338 for gait speed, n = 1,005 for 
grip strength). In addition, we calculated a 43-item FI from the HRS 
examination according to the standard deficit-accumulation ap-
proach (Supplementary Table 3) (28). Participants were asked about 
needing help from another person in performing six ADLs (dressing, 
walking across a room, bathing, eating, transferring, and toileting).

Statistical Analysis
Population characteristics were summarized in mean and standard 
deviation (SD), median and interquartile range, or proportions. We 
estimated the Spearman correlation coefficient between each claims-
based frailty measure and the FI and number of ADL difficulties 
from the HRS examination, and partial correlation coefficient to 
remove the effect of age and sex. For prevalent frailty phenotype 
and ADL dependence (any dependence or ≥2 dependencies), we esti-
mated C-statistics of a logistic model that included age, sex, and each 
claims-based frailty measure, and tested improvement in C-statistics 
from the logistic model that included age and sex alone. Statistical 
analysis was performed using R software version 3.4 (R Foundation 
for Statistical Computing, Vienna, Austria).

Results

The 3,097 HRS participants included in the analysis had a mean 
age of 75.6  years (SD, 7.5), 2,958 (58.3%) women, 811 (16.0%) 
non-white races, 529 (14.9%) frailty phenotype, a median FI of 
0.21 (interquartile range, 0.10–0.29), and 613 (12.1%) ADL de-
pendence. The median (interquartile range) of claims-based frailty 
measures was 0.018 (0.008–0.042) for the Davidoff index, 0.034 
(0.022–0.060) for the Faurot index, 0.062 (0.040–0.103) for the 
Segal index, and 0.147 (0.115–0.190) for the Kim index.

Frailty phenotype could not be determined in 1,523 participants 
(30.0%). Among those with available frailty phenotype data, more 
participants had frailty phenotype as claims-based frailty measures 
increased (Figure 1A): 8.0% (≤10th percentile) to 41.3% (>90th per-
centile) for the Davidoff index, 5.9% to 53.1% for the Faurot index, 
3.3% to 48.0% for the Segal index, and 2.9% to 51.0% for the Kim 

Figure 1.  Claims-based measures of frailty versus clinically validated measures of frailty in the Health and Retirement Study. The 10th, 25th, 50th, 75th, and 90th 
percentile values of each claims-based frailty measure were 0.004, 0.008, 0.018, 0.042, and 0.074 for the Davidoff index; 0.015, 0.022, 0.034, 0.060, and 0.129 for 
the Faurot index; 0.030, 0.040, 0.062, 0.103, and 0.164 for the Segal index; and 0.099, 0.115, 0.147, 0.190, and 0.248 for the Kim index. Frailty phenotype was not 
available in 1,523 individuals due to missing gait speed or grip strength.
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index (Table 2). The C-statistics for frailty phenotype for four indices 
were 0.73, 0.74, 0.73, and 0.78, respectively. The improvement in 
C-statistics beyond age and sex (C-statistic: 0.68) was the largest for 
the Kim index.

All claims-based frailty measures were positively correlated with 
the FI (Figure 1B), with correlation coefficients ranging from 0.22 
for the Davidoff index to 0.59 for the Kim index. The mean FI in-
creased with claims-based frailty categories: 0.17 (≤10th percentile) 
to 0.33 (>90th percentile) for the Davidoff index, 0.13 to 0.37 for 
the Faurot index, 0.12 to 0.31 for the Segal index, and 0.10 to 0.37 
for the Kim index (Table 2). After adjusting for age and sex, the cor-
relation coefficients with FI attenuated more for the Faurot (0.45 to 
0.32) and Segal (0.40 to 0.26) indices than for the Davidoff (0.22 to 
0.18) and Kim indices (0.59 to 0.55).

Claims-based frailty measures were positively associated with 
prevalent any or ≥2 ADL dependencies and the number of ADLs 
requiring another person’s help (Table 2). The C-statistics for any 
ADL dependence were similar among the Davidoff (0.79), Faurot 
(0.80), and Kim (0.81) indices, which were higher than the Segal 
index (0.74) and age and sex (0.70). The C-statistics for ≥2 ADL de-
pendencies were the highest with the Kim index (0.84), followed by 
the Faurot (0.81), Davidoff (0.79), and Segal indices (0.73), in com-
parison with age and sex (0.67). The partial correlation coefficients 
after adjusting for age and sex were similar among the Davidoff 
(0.28), Faurot (0.28), and Kim (0.27) indices, which were higher 
than the Segal index (0.16).

Discussion

Although the 4 claims-based frailty measures were derived to cap-
ture the level of vulnerability in administrative claims data in which 
clinical information on frailty was not available, we found that 
claims-based frailty measures varied widely in their discriminatory 
ability for frailty phenotype (C-statistics ranging 0.73–0.78) and 
correlation with FI (Spearman correlation coefficients ranging 0.22–
0.59). Of the four measures, the Kim index outperformed the other 
indices in measuring the extent of frailty phenotype and FI that were 
not explained by age and sex. For ADL dependence, the Davidoff, 
Faurot, and Kim indices showed similar improvement in C-statistics 
for prevalent ADL dependence beyond age and sex, and similar par-
tial correlation after age and sex adjustment. Our findings are useful 
in choosing a frailty measure for administrative database studies.

Different predictive performance of the four claims-based frailty 
measures may be attributed to the types (eg, demographic variables, 
ICD codes, CPT codes, and HCPCS codes) of data required to cal-
culate each index. While the variables in each model were chosen 
using a variable-selection algorithm (eg, stepwise selection, penalized 
regression), the list of candidate and final predictors varied widely. 
As candidate predictors, the Davidoff index excluded ICD diagnosis 
codes, the Segal index excluded CPT or HCPCS codes, and the Kim 
index excluded demographic variables. The Faurot and Segal indices 
included demographic variables and mainly ICD diagnosis codes 
(the Faurot index also included four HCPCS code-based variables 
and the Segal index had the history of admissions). The Kim index 

Table 2.  Comparison of Claims-Based Frailty Measures for Identifying Frailty and Prevalent Disability in the Health and Retirement Study

Index

Frailty Category (Percentile Distribution) Spearman  
Correlation  
(Partial 
Correlationa)

C-statistic  
(ΔC-statisticb)

Robust  
(≤10th)

Well  
(11–25th)

Vulnerable  
(26–75th)

Frail  
(76–90th)

Very Frail  
(>90th)

Frailty phenotype,c n (%)
  Davidoff index 21 (8.0) 26 (6.8) 182 (14.5) 48 (21.1) 62 (41.3) NA 0.73 (0.04)
  Faurot index 15 (5.9) 26 (6.9) 133 (11.3) 88 (28.1) 77 (53.1) NA 0.74 (0.06)
  Segal index 8 (3.3) 23 (6.2) 156 (13.5) 69 (21.0) 83 (48.0) NA 0.73 (0.05)
  Kim index 8 (2.9) 26 (7.2) 148 (12.6) 79 (25.8) 78 (51.0) NA 0.78 (0.09)
Frailty index, mean (SD)
  Davidoff index 0.17 (0.10) 0.15 (0.10) 0.19 (0.12) 0.21 (0.14) 0.33 (0.17) 0.22 (0.18) NA
  Faurot index 0.13 (0.08) 0.15 (0.10) 0.17 (0.11) 0.26 (0.13) 0.37 (0.16) 0.45 (0.32) NA
  Segal index 0.12 (0.10) 0.14 (0.10) 0.19 (0.12) 0.24 (0.14) 0.31 (0.15) 0.40 (0.26) NA
  Kim index 0.10 (0.08) 0.13 (0.09) 0.18 (0.11) 0.27 (0.12) 0.37 (0.15) 0.59 (0.55) NA
Any ADL dependence, n (%)
  Davidoff index 19 (3.7) 34 (4.5) 233 (8.0) 71 (18.1) 256 (50.5) NA 0.79 (0.09)
  Faurot index 12 (2.3) 26 (3.3) 168 (6.7) 128 (17.5) 279 (55.0) NA 0.80 (0.10)
  Segal index 18 (3.0) 36 (4.7) 229 (9.4) 136 (17.9) 194 (38.3) NA 0.74 (0.04)
  Kim index 12 (2.3) 83 (6.6) 128 (6.3) 132 (17.4) 258 (50.8) NA 0.81 (0.11)
Two or more ADL dependencies, n (%)
  Davidoff index 3 (1.0) 8 (1.7) 48 (2.9) 25 (7.2) 70 (22.6) NA 0.79 (0.12)
  Faurot index 6 (1.9) 17 (3.6) 86 (5.6) 57 (12.3) 125 (40.3) NA 0.81 (0.14)
  Segal index 5 (1.6) 6 (1.3) 56 (3.6) 38 (8.2) 49 (15.9) NA 0.73 (0.06)
  Kim index NRd 6 (1.3) 34 (2.2) 34 (7.3) 80 (25.8) NA 0.84 (0.17)
Number of ADLs requiring help, mean (SD)
  Davidoff index 0.06 (0.38) 0.08 (0.42) 0.17 (0.70) 0.51 (1.30) 1.78 (2.19) 0.30 (0.28) NA
  Faurot index 0.04 (0.33) 0.06 (0.36) 0.14 (0.64) 0.43 (1.16) 1.87 (2.18) 0.35 (0.28) NA
  Segal index 0.07 (0.46) 0.08 (0.45) 0.23 (0.89) 0.50 (1.30) 1.24 (1.95) 0.27 (0.16) NA
  Kim index 0.06 (0.49) 0.16 (0.73) 0.13 (0.61) 0.45 (1.23) 1.66 (2.09) 0.31 (0.27) NA

Notes: ADL = activity of daily living; NR = not reported; SD = standard deviation.
aPartial correlation coefficient was estimated after adjusting for age and sex; bC-statistics for age and sex alone were 0.68 for frailty phenotype, 0.70 for any 

ADL dependence, and 0.69 for ≥2 ADL dependencies; cFrailty phenotype was not available in 1,523 individuals due to missing gait speed or grip strength; dThe 
cell size fewer than 3 was not reported.
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included the largest number of ICD, CPT, and HCPCS codes. In ad-
ministrative claims data that are generated for billing and payment 
of health services for clinical conditions, not considering diagnosis 
codes that are correlated with functional status (29, 30) (eg, Davidoff 
index) appears to limit the ability to measure frailty and disability. 
However, inclusion of demographic variables (eg, Faurot and Segal 
indices) reduced the chances for other variables based on ICD, CPT, 
and HCPCS codes to enter the final model. The consequence of this 
approach was a more parsimonious model at the expense of the dis-
criminatory ability to explain the variation in frailty and disability 
beyond age and sex alone.

Our study offers useful insights for choosing a claims-based 
frailty measure for studies of health outcomes using administra-
tive claims data. First, the estimates of the four claims-based frailty 
measures have different interpretations. The Kim index estimates a 
deficit-accumulation FI (a continuous value that represents the se-
verity of frailty), while the other indices estimate the probability of 
a frailty state, defined as disability (a proxy of frailty) or the frailty 
phenotype. Second, the length of look-back period to measure pre-
dictors varies from 6 months for the Segal index and 8 months for 
the Faurot index to 12 months for the Davidoff and Kim indices. 
A  longer look-back period may limit the amount of data avail-
able for outcome analysis. However, a shorter look-back period to 
measure predictors may lower discrimination, as individuals are 
likely to have fewer or even no health care encounters in shorter 
windows. Third, claims-based frailty measures that included demo-
graphic variables are unlikely to provide a large improvement in risk 
prediction and case-mix adjustment beyond demographic variables. 
Since demographic variables are recorded in administrative claims 
datasets, researchers are often interested in measuring health status 
that is not explained by these variables. Fourth, while the Kim index 
outperformed the other measures in measuring frailty phenotype, FI, 
and ≥2 ADL dependencies, the Davidoff, Faurot, and Kim indices 
showed comparable performance to measure any ADL dependence.

Our results should be interpreted with consideration of the fol-
lowing limitations. We compared the four claims-based frailty meas-
ures using an independent dataset of a representative Medicare 
population that was not used to develop these measures. Although 
frailty measures are often evaluated based on the ability to predict 
mortality or health care utilization, we compared claims-based frailty 
measures against the two most widely used clinical definitions of 
frailty. Nonetheless, frailty phenotype could not be determined in 
30% of the population, and most of these participants had higher 
claims-based frailty scores. Therefore, the prevalence of frailty pheno-
type may have been underestimated in the high-risk categories of 
claims-based frailty measures. We acknowledge that the change in ac-
curacy of diagnosis and billing codes, as well as coding practice (eg, 
ICD-9 to ICD-10 transition) may affect the performance of claims-
based frailty measures. Inaccurate measurements of health conditions 
based on the billing codes may be responsible for C-statistics <0.80 for 
frailty phenotype and correlation with FI <0.60. Whether the perform-
ance can be enhanced by adding detailed clinical information from 
electronic health records to claims data or applying machine learning 
approach remains to be explored. Since our analysis was limited to 
four recently developed claims-based frailty measures, it is unknown 
how these measures compare to other similar measures (JEN FI with 
demographic variables achieved a C-statistic 0.81 for ≥2 ADL depend-
encies in the 2004 National Long-Term Care Survey (31)).

In conclusion, our comparative analysis of 4 recently developed 
claims-based frailty measures suggests that the choice of a claims-
based frailty measure can influence the identification of older adults 

with frailty and disability. Claims-based frailty measures that in-
cluded demographic variables showed limited ability to explain the 
variation in frailty and disability beyond age and sex. Future studies 
should examine the performance of claims-based frailty measures 
using more recent Medicare data and the usefulness of applying 
claims-based frailty measures in claims-based studies of medical 
interventions and health outcomes.

Supplementary Material

Supplementary data are available at The Journals of Gerontology, 
Series A: Biological Sciences and Medical Sciences online.
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