
Original Manuscript

Journal of Applied Gerontology
2023, Vol. 0(0) 1–10
© The Author(s) 2023
Article reuse guidelines:
sagepub.com/journals-permissions
DOI: 10.1177/07334648231223449
journals.sagepub.com/home/jag

Comparative Performance of Three
Claims-Based Frailty Measures Among
Medicare Beneficiaries
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Abstract
Frailty is an important predictor of mortality, health care costs and utilization, and health outcomes. Validated measures of frailty
are not consistently collected during clinical encounters, making comparisons across populations challenging. However, several
claims-based algorithms have been developed to predict frailty and related concepts. This study compares performance of three
such algorithms among Medicare beneficiaries. Claims data from 12-month continuous enrollment periods were selected
during 2014–2016. Frailty scores, calculated using previously developed algorithms from Faurot, Kim, and RAND, were added
to baseline regression models to predict claims-based outcomes measured in the following year. Root mean square error and
area under the receiver operating characteristic curve were calculated for each model and outcome combination and tested in
subpopulations of interest. Overall, Kimmodels performed best across most outcomes, metrics, and subpopulations. Kim frailty
scores may be used by health systems and researchers for risk adjustment or targeting interventions.
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What this paper adds
• Compared performance of three previously developed claims-based algorithms to predict hospitalizations, nursing

home stays, and days home in the following year.
• Data used to test algorithm performance is many times larger than used in previous validations.
• First study to study potential bias of frailty algorithms by comparing performance of frailty algorithms by race/

ethnicity and neighborhood socioeconomic status.

Application of study findings
• Models including Kim frailty scores best predicted three outcomes and require only routinely collected claims data.
• Kim frailty scores may be used by health systems and researchers for risk adjustment or to target interventions

towards frail individuals.

Introduction

Frailty is a significant concern among older adults and
identifying frailty is important to health care providers, health
systems, and researchers. While there is no single definition
of frailty, it is generally characterized by a collection of
symptoms including unintentional weight loss, decreased
strength, and increased susceptibility to falls and fractures
(Ensrud et al., 2009; Fried et al., 2001; Xue, 2011). Higher
levels of measured frailty are associated with increased
mortality, health care utilization, and medical spending
(Graham et al., 2009; Kan et al., 2018; McIsaac et al., 2016).

Despite frailty’s importance, it is challenging to
quantify (Rockwood, 2005; Sternberg et al., 2011). A

common approach is to assess dependency in activities of
daily living (ADLs), such as bathing, dressing, and pre-
paring and eating food, and to use these as proxies for
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frailty (Costenoble et al., 2021; Faurot et al., 2015). ADL
dependency is a strong predictor of early mortality (Keeler
et al., 2010; Rosenberg et al., 2019; Walter et al., 2001)
and increased health care utilization and spending
(Rosenberg et al., 2019; Williams et al., 1994). Functional
impairment, encompassing ADLs, mobility, and memory
limitations, has also been used as a proxy for frailty (Heins
et al., 2023). Yet another approach to measuring frailty is
to count an “accumulation of deficits” including the
previously discussed ADLs, symptoms such as hearing or
vision loss, and abnormal laboratory values such as low
calcium or abnormal kidney function (Kim et al., 2018;
Mitnitski et al., 2001). However, many common measures
of frailty, such as ADL dependency, are not routinely
collected for all patients. Individuals are usually assessed
for ADL dependency when admitted to a post-acute care
(PAC) setting such as a skilled nursing facility (SNF) or
when initiating Home Health Agency (HHA) care, but
these assessments are not typically made as part of routine
clinical care in broader populations of older adults.

To address this limitation, several claims-based frailty indices
(CFIs) have been developed. A recent systematic review of
claims-based frailty indices identified 14 CFI development
studies (Shashikumar et al., 2020). These CFIs were calculated
using diagnosis and procedure codes from routinely collected
administrative claims to predict risk of frailty. CFIs have been
developed using different populations and predictors and val-
idated using different outcomes (Shashikumar et al., 2020), and
CFIs may be optimized for different populations or applications.
For example, predictors of frailty among younger populations
may differ from predictors that are significant in older pop-
ulations. Two previously developed and validated algorithms
include those by Faurot et al. (Faurot et al., 2015) and Kim et al.
(Kim et al., 2018) Both of these algorithms were developed
using data from the Medicare Current Beneficiary Survey
(MCBS), which links fee-for-service (FFS) Medicare claims
with panel survey data for a representative sample of benefi-
ciaries. Both algorithms started with a pool of claims-based
predictors derived from diagnosis and procedure codes and used
selection methods to empirically identify predictors and develop
coefficients for models used to predict outcomes measuring
proxies for frailty. A third algorithm developed by RAND
(Heins et al., 2023) used a larger sample of Medicare FFS
beneficiaries linked with PAC assessment data to develop two
algorithms. These algorithms startedwith predictors fromFaurot
et al. and Kim et al. and chronic and disabling conditions from
the Chronic Conditions Data Warehouse (CCW) (Centers for
Medicare and Medicaid Services, 2022) and used similar se-
lection methods to identify predictors and develop coefficients
for a model predicting activity and mobility limitations and a
second predicting memory limitations. RAND used inverse
probability weighting to make the population of patients re-
ceiving PAC services on which the algorithms were developed
more representative of the overall Medicare FFS population.
The objective of this paper is to compare the relative

performance of these three frailty algorithms (Faurot, Kim, and
RAND) at predicting claims-based outcomes among Medicare
FFS beneficiaries.

Methods

Data and Study Population

Data for this study consisted of all Medicare FFS benefi-
ciaries with at least 12 months of continuous enrollment
during 2014–2016. For each eligible beneficiary, we ran-
domly selected an eligible 12-month reference period which
was used to ascertain predictors from the Faurot, Kim, and
RAND algorithms. The 12 months following the reference
period was used to calculate claims-based outcomes which
were then used to independently evaluate model perfor-
mance. This study was approved by the institutional review
board of the lead author.

Score Calculation

For each beneficiary’s reference period, we ascertained
Faurot, Kim, and RAND predictors, based on methods de-
scribed in their respective manuscripts. Summaries of each
algorithm are presented in Table 1 and detailed model
specifications are in Supplementary Tables 1-5. All three
algorithms used International Classification of Disease,
Version 9 or 10 (ICD-9/10) diagnosis codes and Healthcare
Common Procedure Coding System (HCPCS) codes to
identify the presence of a specific condition or health care
service associated with frailty. The Faurot and RAND al-
gorithms also included age and sex and the Faurot model also
included race. The Faurot algorithms used claims from the
last eight months of the reference period while the Kim and
RAND algorithms used claims from the entire 12-month
reference periods. Using these specifications, we calculated
the following four “predicted scores” for each beneficiary on
a random 80 percent of the study population to serve as our
“training” set: 1) Predicted probability of having a memory
limitation (RAND), 2) Predicted number of activity/mobility
limitations out of a possible six (RAND), 3) Predicted Survey
Frailty Index (SFI)—representing the proportion of abnor-
malities present out of a total of 56 possible self-reported
symptoms, diagnoses, and functional limitations in the
MCBS (Kim), and 4) Predicted probability of having at least
one self-reported dependency of six ADLs (Faurot).

Claims-Based Outcome definitions

Next, we constructed three claims-based outcomes for each
beneficiary in the sample based on the 12 months following
the randomly selected 12-month reference period. These
three outcomes were: 1) Number of hospitalizations, 2)
Nursing facility stay (including long-term stays, dichoto-
mized as yes or no), and 3) Days at home (Number of days
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beneficiary was alive, not in the hospital, and not in a nursing
facility). Hospitalizations and nursing facility stays were
determined based on Medicare claim type and place of
service codes. These outcomes were chosen because they
were not used in the development and validation of the
original Faurot, Kim, and RAND studies, they were available
for all beneficiaries in the study data set, and they are in-
dicative of poor health outcomes (hospitalization and nursing
home stay) and decreased independence (nursing home stay),
while days at home reflects both health status and ability to
maintain independence.

Model Specifications

Because their relationship with outcomes may be nonlinear,
we grouped each of these predicted scores by decile (here-
after, “decile” predictor) and based on categories suggested
by Kim

(Kim et al., 2020) representing the ≤10th, 11th–25th, 26th–
75th, 76th–90th, and >90th percentiles (hereafter, “categorical”
predictor). Each decile/percentile was calculated from the full
study population of Medicare FFS beneficiaries. Decile and
categorical predictors were represented by nine and four
dummy variables, respectively.

We next performed regressions in our training set using the
three claims-based outcomes described above. For each
outcome, we used age (both as a continuous variable and in
five-year age categories to allow for non-linear relationships)
and sex to define our baseline model. We then ran five models
using the baseline model predictors plus one or more of the
previously defined predicted scores: 1) Baseline model plus
continuous predicted probability of having at least one ADL
dependency (Faurot), 2) Baseline predictors plus continuous
predicted SFI (Kim), 3) Baseline predictors plus continuous
predicted probability of having a memory limitation
(RAND), 4) Baseline predictors plus continuous predicted

number of activity/mobility limitations (RAND), and 5)
Baseline predictors plus continuous predicted probability of
having a memory limitation AND continuous predicted
number of activity/mobility limitations (RAND).

For each of the above five specifications we also devel-
oped versions of each model where the continuous predictor
was replaced by the decile-based predictor (e.g., continuous
predicted Kim score replaced by decile-based predicted Kim
score) and where the continuous predictor was replaced by
the categorical predictor.

For each model, we calculated the Root Mean Squared
Error (RMSE) and AUC (Area Under the Receiver Operating
Characteristic Curve) in the 20 percent “validation” set.
RMSE is a summary measure of how far the actual outcome
values are from the predicted outcome values, with smaller
RMSE indicating better model fit. To calculate AUC for the
number of hospitalizations outcome, we dichotomized the
outcome as 0 and 1+ hospitalizations. AUC is a measure of
the ability of a model to correctly identify a dichotomous
outcome. AUC values range from 0 to 1 with higher numbers
indicating better diagnostic ability and .5 indicating a model
no better than chance.

Subpopulation Analyses

We hypothesized that some algorithms may perform better
than others in specific subpopulations. For example, the
Faurot and Kim algorithms did not include individuals <65 in
their developments whereas the RAND algorithm did, so we
hypothesized that the RAND algorithm may perform best in
this group. For other stratifications, we were interested in
comparing the differences between the baseline model that
just included demographic information with other models, by
group. For example, we hypothesized that underreporting of
diagnoses may be worse for certain subpopulations and
would appear as variation in the magnitude of the difference

Table 1. Comparison of RAND, Kim, and Faurot Frailty Models.

RAND Memory
Limitations

RAND Activity and
Mobility Limitations Kim Frailty Faurot Frailty

Total number of
predictors

134 114 93 29

Types of predictors Age, sex, “proximal” and “multiple prior” versions of
indicators from Kim, Faurot, and CCW

Indicators of diagnoses and
services

Age, sex, race, indicators of
diagnoses and services

Timeframe, Frequency,
and setting of diagnoses

“Proximal” indicators: At least one inpatient claim in
last two weeks of reference period

At least one claim in 12
months

At least one claim in 8
months

“Multiple Prior” indicators: At least two claims in the
rest of the 12-month reference period

Population for
development

Medicare FFS beneficiaries with a PAC stay following
≥12 months of continuous enrollment

MCBS Participants ≥65 MCBS Participants >65

Outcomes Dichotomous memory
limitations Item

Count of activity and
mobility limitations 0-6

Survey frailty index (deficit
accumulation approach)

ADL dependency

Abbreviation: ADL, Activities of Daily Living; CCW, Chronic Conditions Warehouse; FFS, Fee-For-Service; MCBS, Medicare Current Beneficiary Survey.
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between the baseline algorithm and the other algorithms.
Given the large number of outcomes and subpopulations
tested, we performed the subpopulation analyses only on the
two best performing models in the overall population. The
definitions and rationale for examining these subpopulations
are as follows:

ICD Version. In October 2015, the diagnosis coding system
used in claims transitioned from ICD-9 to ICD-10. ICD-10
codes tend to contain significantly more granularity. Cross-
walking between diagnoses is straightforward using CMS
general equivalence mapping (National Bureau of Economic
Research, 2012) and an ICD-10 version of Kim’s predictors
has previously been validated (Gautam et al., 2021). How-
ever, in practice, certain diagnoses may be used more or less
commonly following the transition irrespective of true con-
dition prevalence (Slavova et al., 2018). For example, one
study compared diagnosed condition prevalence for 34
chronic conditions immediately before and after the ICD-10
transition (Yoon & Chow, 2017). While this study found that
prevalence estimates were similar for most conditions, there
were significant differences for some conditions that are
important predictors in the three algorithms of interest (e.g.,
Alzheimer’s disease and spinal cord injury had over twice the
odds of diagnosis in the ICD-10 period while arthritis had half
the odds of being diagnosed in the ICD-10 period). If im-
portant predictors are coded more or less frequently between
the ICD-9 and ICD-10 periods, it is possible that the algo-
rithms using these diagnosis codes may perform differently in
these periods as well. We therefore examined performance
separately among beneficiaries with reference periods en-
tirely prior to October 1, 2015 (ICD-9 only), entirely on or
after October 1, 2015 (ICD-10 only), and spanning the ICD-9
to ICD-10 transition (both).

Race/Ethnic Group. A documented shortcoming of claims-
based indicators as proxies of health status is the tendency
to underreport conditions among Black and Hispanic indi-
viduals who may have more limited health care utilization
relative to health status (Obermeyer et al., 2019). We thus
wanted to determine whether there were differences in al-
gorithm performance between racial/ethnic groups.

Area Deprivation Index. The ADI provides rankings of zip
codes by socioeconomic disadvantage based on factors such
as education and income (Kind et al., 2014). Beneficiaries
residing in more disadvantaged deciles may have lower
health care utilization relative to health status and, as a result,
model performance may be poorer among these individuals.

Age Group. The relationship between conditions and func-
tional limitations may vary by age. Of particular interest is the
difference between the over- and under-65 populations.
Medicare beneficiaries under the age of 65 typically qualify
based on disability whereas beneficiaries 65 and older can

qualify solely on age, so we may expect to see differences in
these populations. Furthermore, the RAND algorithms in-
cluded beneficiaries under 65 in their development whereas
the Kim and Faurot algorithms did not.

Receiving PAC Services. The Faurot and Kim algorithms were
developed using the MCBS, a representative population of
Medicare FFS beneficiaries. In contrast, RAND algorithms
were developed on a population of Medicare FFS benefi-
ciaries who received PAC services. We hypothesized that the
RAND models would perform better among patients who
received PAC services at some point during the reference
period, and worse among patients who did not receive such
services.

Results

Study Population

Study population characteristics are presented in Table 2. The
mean age ofMedicare beneficiaries was 71.50 years (standard
deviation = 12.57 years) and 83.35% of the population was
older than 65. Approximately one in five beneficiaries
(19.01%) were dually enrolled in Medicaid and a similar
percentage (21.65%) received a low-income Part D subsidy.
A plurality (38.4%) of beneficiaries were from the southern
United States and the majority of beneficiaries (81.63%) were
white. Approximately one in ten beneficiaries (10.66%) re-
ceived SNF or HHA services during the reference period. In
the 12 months following the reference period, 5.11% of
beneficiaries had a nursing facility stay and had an average of
.26 hospitalizations and 344.78 days at home.

Comparison of Models

RMSE and AUC for each of the models tested on the overall
population are presented in Table 3. The Kim decile and
continuous models performed the best overall. The Kim
decile model had the lowest RMSE for the number of hos-
pitalizations outcome (.718 compared to .747 for the baseline
model, a 3.88% improvement) and the Kim continuous model
had the highest AUC for the nursing facility outcome (.882
compared to .754 for the baseline model, a 16.98% im-
provement). The RAND memory recall and activity/mobility
limitations decile model had the lowest RMSE for the nursing
facility outcome (.200) followed closely by the Kim decile
model (.201). The Kim continuous model and the Kim decile
model had the lowest RMSE for the days home outcome and
the highest AUC for the ≥1 hospitalization outcome (.174 and
.734, respectively, for both models). The Kim continuous
model had a high RMSE (.810) for the number of hospi-
talizations; this was in fact 8.43% higher than the baseline
model RMSE (.747) for the same outcome. This was likely
because there were a small number of Kim scores that were
outliers with respect to the median. These outlier scores
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created more variability and a higher RMSE for the
continuous model but exerted less influence over the
results in the decile and categorical models. Thus, be-
tween the Kim decile model and Kim continuous model
specifications, the decile model was preferred for addi-
tional analyses. Based on these results, we next tested
both the Kim decile model and the RAND memory and
activity/mobility limitations decile model to compare
performance in subpopulations of interest.

Subpopulation Analyses

Results showing model performance in subpopulations of
interest for the number of hospitalizations, nursing facility
stay, and days at home outcomes as measured by RMSE
and AUC are shown in Tables 4 and 5, respectively. Al-
ternate versions of these tables showing percentage im-
provement from the baseline model for RMSE and AUC
are in Supplementary Tables 6 and 7, respectively. Overall,
results showed differences in RMSE and AUC between
subpopulations of interest. In general, the results for
subpopulations were consistent with our main findings:
Algorithms that performed better at predicting an outcome

overall tended to also predict that outcome better across
subpopulations.

The RAND and Kim models both performed worse
among Black beneficiaries than among other racial groups
as measured by the highest RMSE in both the RAND and
Kim models for all but the “days at home” outcome and the
lowest AUC for the Kim and RANDmodels across all three
outcomes. However, similar trends were seen in the
baseline model, which did not include any indicators of
diagnoses or service which are dependent on health care
utilization. The percentage improvement from the baseline
model to the RAND and Kim models were fairly consistent
across subgroup and actually showed the greatest im-
provement, as indicated by percent reduction in RMSE,
among Black beneficiaries for all three outcomes. Similar
trends were seen using AUC. Likewise, with ADI deciles,
more advantaged deciles tended to have better model
performance, but the improvement from the baseline to
models including RAND and Kim predictors was relatively
consistent across ADI.

ICD-9 and ICD-10 versions of the models performed
similarly, with ICD-10 versions having a slightly lower
RMSE across all three outcomes. There were no differences

Table 2. Population Characteristicsa (N = 38,248,756).

Characteristic Statistic

Age,b mean (SD) 71.50 (12.57)
>65,b N (%) 31,878,792 (83.35%)
Male, N (%) 17,813,493 (46.57%)
Medicaid enrolled, full or partial,c N (%) 7,271,177 (19.01%)
Low income subsidy (part D),c N (%) 8,280,054 (21.65%)
ADI,d mean (SD) 50.81 (18.68)
Regione

Midwest, N (%) 8,366,812 (21.87%)
Northeast, N (%) 7,069,938 (18.48%)
South, N (%) 14,697,326 (38.43%)
West, N (%) 7,251,569 (18.96%)
Missing or U.S. Territory, N (%) 863,111 (2.26%)

Race
Non-Hispanic White, N (%) 31,225,888 (81.64%)
Non-Hispanic Black, N (%) 3,661,825 (9.57%)
Hispanic, N (%) 840,531 (2.20%)
Asian, N (%) 785,479 (2.05%)
Other/Unknown, N (%) 1,735,033 (4.54%)

Received SNF and/or HHA services during reference period, N (%) 4,076,790 (10.66%)
NF Stay in 12 months following reference period, N (%) 1,955,619 (5.11%)
Number of hospitalizations in 12 months following reference period, mean (SD) .26 (.75)
Days home in 12 months following reference period, N (SD) 344.78 (69.66)

Abbreviations: ADI, Area Deprivation Index; DME, Durable Medical Equipment; HHA, Home Health Agency; PAC, Post-Acute Care; NF, Nursing Facility; SNF,
Skilled Nursing Facility.
aAll beneficiaries included in population must have had continuous enrollment data during reference period.
bAge as of end of twelve-month reference period.
cEnrolled at any point during twelve-month reference period.
dBased on county of residence at end of the twelve-month reference period. ADI not calculated for 1.37% of beneficiaries with missing county.
eBased on state of residence at the end of the six-month reference period.
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Table 3. Model Comparison on Claims-Based Outcomes in Full Medicare Populations.

RMSE (% Difference from Baseline) AUC (% Difference from Baseline)

Model # Hospitalizations ≥1 NF Stay Days Home ≥1 Hospitalization ≥1 NF Stay Days Home

Baseline (age and sex) .747 .213 .184 .616 .754 .719
RAND-M, continuous .747 (<.01%) .203 (�4.69%) .18 (�2.17%) .615 (�.16%) .821 (8.89%) .744 (3.48%)
RAND-M, categorical .744 (�.40%) .207 (�2.82%) .182 (�1.09%) .647 (5.03%) .815 (8.09%) .745 (3.62%)
RAND-M, decile .743 (�.54%) .207 (�2.82%) .182 (�1.09%) .649 (5.36%) .818 (8.49%) .748 (4.03%)
RAND-AM, continuous .743 (�.54%) .204 (�4.23%) .178 (�3.26%) .645 (4.71%) .852 (13%) .78 (8.48%)
RAND-AM, categorical .737 (�1.34%) .202 (�5.16%) .178 (�3.26%) .656 (6.49%) .854 (13.26%) .785 (9.18%)
RAND-AM, decile .736 (�1.47%) .202 (�5.16%) .177 (�3.8%) .658 (6.82%) .857 (13.66%) .788 (9.6%)
RAND-M-AM,
continuous

.741 (�.80%) .202 (�5.16%) .178 (�3.26%) .65 (5.52%) .857 (13.66%) .78 (8.48%)

RAND-M-AM, categorical .732 (�2.01%) .201 (�5.63%) .177 (�3.80%) .68 (10.39%) .86 (14.06%) .787 (9.46%)
RAND-M-AM, decile .731 (�2.14%) .200a (�6.10%) .177 (�3.80%) .685 (11.2%) .864 (14.59%) .79 (9.87%)
Kim, continuous .810 (8.43%) .203 (�4.69%) .174a (�5.43%) .734a (19.16%) .882a (16.98%) .825a (14.74%)
Kim, categorical .720 (�3.61%) .202 (�5.16%) .175 (�4.89%) .723 (17.37%) .875 (16.05%) .819 (13.91%)
Kim, decile .718a (-3.88%) .201 (�5.63%) .174a (�5.43%) .734a (19.16%) .881 (16.84%) .823 (14.46%)
Faurot, continuous .757 (1.34%) .205 (�3.76%) .176 (�4.35%) .675 (9.58%) .869 (15.25%) .804 (11.82%)
Faurot, categorical .730 (�2.28%) .201 (�5.63%) .176 (�4.35%) .672 (9.09%) .864 (14.59%) .801 (11.4%)
Faurot, decile .728 (�2.54%) .201 (�5.63%) .175 (�4.89%) .681 (10.55%) .872 (15.65%) .807 (12.24%)

Abbreviations: AM, Activity/Mobility Limitations, AUC, Area Under the Curve; ADI, Area Deprivation Index; ICD-9/10, International Classification of Disease,
Versions 9/10; M-AM, Memory and Activity/Mobility Limitations; M, Memory Limitations; PAC, Post-Acute Care; RMSE, Root Mean Squared Error.
aThe best performing model as indicated by the lowest RMSE or the highest AUC.

Table 4. Root Mean Squared Error of Models by Subpopulation.

Subpopulation

Hospitalizations Nursing Facility Stay Days Home

Category Baseline
M-AM
Decile

Kim
Decile Baseline

M-AM
Decile

Kim
Decile Baseline

M-AM
Decile

Kim
Decile

ICD Version ICD-9 .791 .776 .761* .238 .224* .225 .245 .233 .228*
ICD-10 .694 .678 .667* .180 .169* .171 .119 .118 .116*
Both .729 .713 .700* .204 .191* .192 .144 .141 .140*

Race/Ethnic group Asian .591 .583 .566* .178 .175 .168* .164 .162 .158*
Black .960 .933 .914* .229 .211* .214 .187 .179 .176*
Hispanic .789 .771 .752* .185 .179 .176* .171 .168 .165*
White .727 .713 .700* .216 .203* .204 .187 .180 .177*
Other .617 .603 .589* .139 .133 .131* .138 .134 .132*

ADI decile (1 = most advantaged
decile, 10 = least advantaged
decile)

1 .701 .687 .674* .213 .203 .202* .174 .168 .164*
2 .747 .732 .718* .217 .206 .206* .179 .173 .170*
3 .717 .703 .691* .208 .197 .196* .176 .170 .167*
4 .736 .721 .708* .211 .199* .200 .181 .174 .171*
5 .748 .734 .720* .205 .194* .195 .182 .175 .173*
6 .746 .731 .718* .208 .195* .196 .185 .178 .175*
7 .765 .749 .736* .214 .200* .202 .188 .180 .177*
8 .771 .755 .741* .230 .213* .215 .190 .183 .179*
9 .770 .754 .741* .222 .206* .209 .192 .184 .181*
10 .801 .783 .769* .216 .201* .204 .194 .187 .184*
Missing .369 .318 .252* .100 .073 .052* .175 .171* .173

Age group <65 .948 .929 .903* .170 .162* .164 .148 .146 .143*
≥65 .700 .685 .675* .221 .207* .208 .190 .183 .180*

PAC Yes 1.363 1.306 1.280* .424 .395* .399 .361 .339 .330*
No .635 .629 .617* .172 .162* .162* .150 .147 .145*

Abbreviations: AM, Activity/Mobility Limitations; ADI, Area Deprivation Index; ICD-9/10, International Classification of Disease, Versions 9/10; M-AM, RAND
Memory and Activity/Mobility Limitations; PAC, Post-Acute Care; RMSE, Root Mean Squared Error.
*The best performing model as indicated by the lowest RMSE.
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in which model performed better when stratifying by age
group.

While the Kim model performed better overall, the RAND
model performed better on a few metrics, primarily with the
nursing facility outcome. The RAND model had slightly lower
RMSE for all ICD categories, amongBlack andWhiteMedicare
beneficiaries, among the seven most disadvantaged deciles,
among both age groups, and among both PAC and non-PAC
patients for the nursing facility outcome. However, the Kim
model had a higher AUC for all subpopulations using the
nursing facility outcome, except among those who received
SNF or HHA services during the reference period. The only
other metric where the RAND model was superior was RMSE
for “missing” ADI decile with the days at home outcome.

Discussion

This study examined the relative performance of three frailty
algorithms using multiple metrics and outcomes and in dif-
ferent subpopulations. Overall, we found that using deciles of
scores predicted by the Kim algorithm in combination with
sex and age best predicted the claims-based outcome mea-
sures of hospitalizations and days at home across most
measures of model fit and subgroups. The Kim model and the

RAND model incorporating age, sex, and decile scores
predicted by the activity and mobility limitations and memory
limitations algorithms were comparable at predicting nursing
facility stay in the following year, with the RAND model
performing better among PAC patients.

The RAND algorithms had some potential advantages and
disadvantages in their development. The data set used to
develop the RAND algorithms, which integrated Medicare
claims data with PAC assessment data, contained substan-
tially more beneficiaries than the MCBS data used to develop
the Kim and Faurot algorithms. Furthermore, the RAND
population included Medicare beneficiaries under the age of
65, eligible for Medicare due to a disability or end stage renal
disease, allowing for examination of an important population
with potentially high rates of functional impairment. The
structure of the data used to develop the RAND models
allowed for inclusion of all claims up until the assessment
date, whereas the MCBS used panel data that may result in up
to a four-month delay between the end of the claims reference
period and outcome measurement. The primary disadvantage
of the RAND algorithms was that outcome data were only
available for beneficiaries with PAC assessment data, who are
not representative of the overall Medicare population. A final
difference between the outcomes in the PAC assessment data

Table 5. Area Under the Curve by Subpopulation.

Subpopulation

Hospitalizations Nursing Facility Stay Days Home

Category Baseline
M-AM
Decile

Kim
Decile Baseline

M-AM
Decile

Kim
Decile Baseline

M-AM
Decile

Kim
Decile

ICD Version ICD-9 .613 .676 .731* .754 .864 .881* .712 .786 .818*
ICD-10 .619 .699 .734* .747 .852 .872* .715 .795 .814*
Both .610 .685 .731* .763 .882 .887* .704 .781 .810*

Race/Ethnic group Asian .640 .706 .761* .749 .865 .880* .738 .793 .817*
Black .586 .687 .744* .764 .862 .894* .670 .772 .808*
Hispanic .604 .692 .767* .684 .856 .869* .721 .780 .811*
White .617 .682 .728* .744 .856 .895* .724 .792 .824*
Other .604 .687 .747* .761 .865 .880* .699 .771 .807*

ADI decile (1 = most advantaged
decile, 10 = least advantaged
decile)

1 .645 .701 .746* .727 .857 .892* .745 .806 .837*
2 .632 .695 .740* .755 .850 .881* .732 .798 .828*
3 .624 .687 .732* .751 .855 .879* .732 .799 .832*
4 .621 .687 .731* .763 .864 .884* .728 .795 .829*
5 .621 .684 .730* .760 .862 .880* .727 .795 .827*
6 .614 .683 .729* .766 .866 .882* .718 .790 .825*
7 .612 .681 .728* .761 .874 .886* .716 .789 .823*
8 .606 .676 .724* .760 .870 .880* .711 .784 .819*
9 .600 .672 .720* .751 .868 .878* .706 .782 .816*
10 .593 .673 .722* .749 .867 .875* .692 .773 .808*
Missing .541 .680 .858* .734 .864 .872* .715 .727 .731*

Age group <65 .552 .642 .735* .646 .772 .908* .614 .692 .767*
≥65 .623 .692 .734* .611 .809 .833* .725 .799 .827*

PAC Yes .510 .554 .586* .761 .868 .884* .603 .642 .675*
No .602 .653 .707* .599 .699* .687 .709 .750 .783*

Abbreviations: AM, Activity/Mobility Limitations; ADI, Area Deprivation Index; ICD-9/10, International Classification of Disease, Versions 9/10; M-AM, RAND
Memory and Activity/Mobility Limitations; PAC, Post-Acute Care.
The best performing model as indicated by the highest Area Under the Curve.
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used to develop the RAND algorithms and the survey out-
comes in the MCBS used to calculate the Faurot and Kim
algorithms was that the former were assessed by a health care
professional while the latter were self-reported. There is not a
clear consensus in the literature as to whether self-reported or
observed ADL outcomes are more accurate, and relative
performance of the measures may depend on the assessors
and study population. For example, self-reported outcomes
may be more accurate for assessing low levels of disability
(Kuhn et al., 2006), while clinician-reported outcomes may
be preferable if the assessed population has cognitive im-
pairment (Sager et al., 1992). While the Faurot and Kim
algorithms were developed using MCBS data, the Kim al-
gorithms likely benefited from using an outcome that cap-
tured more dimensions of frailty than the ADL dependency
outcome used by the Faurot algorithms. The Kim study also
started with a larger pool of candidate predictors to select
from and retained more variables in its final algorithm in
comparison to the Faurot study.

While we focused on the two highest performing models for
our outcomes of interest (those using decile scores from the Kim
and RAND algorithms), there are tradeoffs involved with using
different types of models and the appropriate selection depends
on several different factors. For example, although the models
using Kim scores performed better in our study across most
outcomes and subpopulations, the magnitude of the differences
in performance were small. Similarly, in a prior study, the Kim
and Faurot algorithms along with two other algorithms
(Davidoff et al., 2013; Segal et al., 2017) were compared against
additional outcomes (a frailty phenotype based on an accu-
mulation of deficit approach and ADL dependencies). In this
study, the Kim algorithms best predicted both outcomes and
both the Kim and Faurot algorithms outperformed the Davidoff
and Segal algorithms, though again the magnitude of the dif-
ferences was small and the Davidoff and Segal algorithms used
fewer predictors than both the Kim and Faurot algorithms. If
computation time or algorithm complexity is a concern, using an
algorithm with fewer predictors may be preferable. However, if
scores are used for large scale risk adjustment in research
studies, the additional predictors may be worth the improvement
in performance. Adding such scores to existing Medicare da-
tabases would eliminate researcher concerns about increased
computation time or complexity of the algorithms.

The present study is the first to examine the performance
of these three algorithms by subpopulations of interest and
these results are important for understanding how these al-
gorithms should be applied and interpreted. Based on prior
research indicating bias in claims-based risk adjustment al-
gorithms, we were interested in understanding how these
algorithms would perform among different races, ethnicities,
and socioeconomic groups. The results of this study sug-
gested that model performance was worse for some metrics
for non-Hispanic Black beneficiaries as compared to other
racial/ethnic groups. Similarly, for beneficiaries living in
more disadvantaged areas the algorithms tended to have

worse performance as compared to beneficiaries in more
advantaged areas. However, the gap between the performance
of the best Kim and RAND models and a baseline model that
solely included age and sex variables and no indicators of
health care diagnoses or utilization was fairly consistent
across racial/ethnic and ADI subgroups. These results sug-
gested that differences in model performance by outcome
were related more to outcome variability by subgroup than by
bias in the model related to differential service utilization.
Differences in health care utilization relative to health status
by race, ethnicity, and socioeconomic status could be less
pronounced within theMedicare FFS population where levels
of health care coverage are similar. It is possible that the
algorithms may exhibit greater bias if applied to populations
with less consistent insurance coverage (Obermeyer et al.,
2019). It is also possible that the claims-based outcomes, such
as hospitalization or nursing facility stay, may be subject to
some degree of the same biases as the predictors if race is
correlated with health care utilization, more broadly
(Obermeyer et al., 2019). While the results of these analyses
do not support bias inherent in the models, the worse per-
formance noted in specific subgroups point to a need for
caution in using claims-based algorithms for risk-adjustment,
more broadly. Additional research on potential bias in these
and other claims-based algorithms is needed, particularly in
populations with greater variation in health care access. All
three outcome measures tested were claims-based, measured
similar constructs, and were subject to similar measurement
biases. In the future, it would be useful to repeat these an-
alyses using other non-claims-based outcome measures.

We also found that ICD-9 and ICD-10 versions of themodels
performed similarly. Our results indicated no concerns about
using RAND or Kim algorithms differently before or after the
ICD-9 to ICD-10 transition. Across all outcomes and metrics,
there were no differences in algorithm performance by age
group. Overall, the Kimmodel performed better than the RAND
model on <65 population for most metrics despite not including
these beneficiaries in its development.

Overall, we found that algorithms developed by Kim per-
formed the best at predicting claims-based outcomes of interest.
The advantage of using the more representative MCBS for de-
velopment likely outweighed the advantage of the larger data set
used to develop theRANDmodels. Algorithmswhich can predict
frailty using routinely collected administrative data are valuable to
many different stakeholders. For example, claims-based algo-
rithms for identifying frailty may be used for risk-adjustment for
value-based payments or for targeting interventions to frail in-
dividuals. The Kim CFI could be a useful resource for these
stakeholders and making these scores more widely available, for
example, in CMS Medicare data sets, may encourage their use.
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