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Abstract

Background: Measuring multimorbidity in claims data is used for risk adjustment and
identifying populations at high risk for adverse events. Multimorbidity indices such as Charlson
and Elixhauser scores have important limitations. We sought to create a better method of
measuring multimorbidity using claims data by incorporating geriatric conditions, markers of
disease severity, and disease-disease interactions, and by tailoring measures to different outcomes.

Methods: Health conditions were assessed using Medicare inpatient and outpatient claims from
subjects age 67 and older in the Health and Retirement Study. Separate indices were developed
for ADL decline, IADL decline, hospitalization, and death, each over 2 years of follow-up. We
validated these indices using data from Medicare claims linked to the National Health and Aging
Trends Study.
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Results: The development cohort included 5012 subjects with median age 76 years; 58% were
female. Claims-based markers of disease severity and disease-disease interactions yielded minimal
gains in predictive power and were not included in the final indices. In the validation cohort,

after adjusting for age and sex, c-statistics for the new multimorbidity indices were 0.72 for ADL
decline, 0.69 for IADL decline, 0.72 for hospitalization, and 0.77 for death. These c-statistics
were 0.02-0.03 higher than c-statistics from Charlson and Elixhauser indices for predicting ADL
decline, IADL decline, and hospitalization, and <0.01 higher for death (p < 0.05 for each outcome
except death), and were similar to those from the CMS-HCC model. On decision curve analysis,
the new indices provided minimal benefit compared with legacy approaches. C-statistics for both
new and legacy indices varied substantially across derivation and validation cohorts.

Conclusions: A new series of claims-based multimorbidity measures were modestly better at
predicting hospitalization and functional decline than several legacy indices, and no better at
predicting death. There may be limited opportunity in claims data to measure multimorbidity
better than older methods.

Keywords
claims data; functional impairment; multimorbidity; older adults; prognostic models

INTRODUCTION

The presence of multiple chronic conditions has major impacts on treatment complexity,
healthcare costs, and clinical outcomes. As such, measures of multimorbidity—which
collapse the cumulative impact of multiple chronic conditions into a single score that is easy
to use and interpret—are used by health systems, payors, and researchers for risk adjustment
and to identify people at elevated risk of poor outcomes.

This has spawned a substantial body of scholarship to develop summative measures of
multimorbid burden, particularly using administrative data sources which can facilitate their
widespread use.1~3 Among the first was the Charlson Comorbidity Index, which evaluates
for 19 chronic conditions. Each condition that is present is assigned a weight of 1 through

6 based on its contribution to mortality in the original study of hospitalized adults; the sum
of these weights yields an individual’s overall comorbidity score.# Dozens of other indices,
most using a variety of Charlson’s sum-of-weighted-conditions approach, have subsequently
been developed and validated.#-13 None of this group of indices proved unambiguously
better than the others, and all suffer from generally limited predictive power.3 As a result,
the Charlson index and Elixhauser approach (another early effort, specifically tailored to
claims data) remain in widespread use for research applications.”-8:14 Meanwhile, more
complex approaches including the CMS-Hierarchical Condition Categories (CMS-HCC)
model—which identifies and accounts for the most serious condition a given person has
among related conditions—have been developed with healthcare costs in mind and are
commonly employed by health systems and payors for risk adjustment.1®

Several limitations of past approaches suggest opportunity to substantially improve claims-
based multimorbidity measurement. First, most multimorbidity indices were developed
to predict death, hospitalization, and/or healthcare costs.8:16 Yet, developing impairments
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in activities of daily living is an outcome of great importance for older adults and the
conditions that may augur such declines—for example, osteoarthritis—may be different than
those that lead to hospitalization or death.>17-22 Thus, using different indices to predict
different outcomes may be better than a one-size-fits-all approach. Second, clinicians know
that the severity of a given disease and the presence of disease-disease interactions can

have critical prognostic implications. Yet, while some multimorbidity indices based on
patient interviews or chart review incorporate markers of disease severity,23-26 this has

not been extended to indices that use claims data. Similarly, disease-disease interactions
have not been incorporated into multimorbidity indices. Finally, multimorbidity indices have
largely ignored geriatric syndromes such as falls, pressure ulcers, and weight loss.13 This

is a missed opportunity, as these conditions are vital markers of overall health and have
important prognostic implications.27:28

We thus sought to develop and validate a new family of claims-based multimorbidity
indices, each tuned to a different clinical outcome, that take advantage of these opportunities
for improvement. Our goal was to create a new, easy-to-use system for measuring
multimorbidity using claims data that performs better than legacy approaches in the
applications for which such indices are typically used.

METHODS

Data sources and subjects

Development cohort: We developed new multimorbidity indices using data from the
United States’ Health and Retirement Study (HRS), a nationally representative biennial
survey. We included community-dwelling adults age 67 and older who participated in the
2010 HRS interview, were enrolled in fee-for-service Medicare Parts A and B in the 2 years
prior, and consented to linking their Medicare data. For models focused on ADL and IADL
outcomes, we excluded subjects who did not complete full ADL and IADL assessments at
the baseline and follow-up interviews.

Validation cohorts: Indices were externally validated in National Health and Aging
Trends Study (NHATS), another nationally representative survey. The baseline year was
2011 and follow-up year was 2013. Inclusion criteria and approaches were identical to the
development cohort. As a secondary validation cohort, we returned to HRS, but used 2014
instead of 2010 as the baseline year (and with otherwise identical inclusion and exclusion
criteria; Supplementary Figure S03).

Measures—Predictors

Clinical conditions were ascertained using Medicare Parts A and B data (Inpatient, Carrier,
and Outpatient files). Because our indices were designed only to measure multimorbidity
and not to serve as comprehensive risk prediction indices, we did not include other factors
such as socioeconomic characteristics or history of health services utilization.

Based on a literature review we identified 129 diseases, conditions, and clinical syndromes
(hereafter collectively termed “conditions”) that could be encoded in claims data and might
improve discrimination for a multimorbidity index (see Supplementary Text and Tables
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S02 and S04 for details). Conditions were mapped to ICD-9-CM codes using the HCUP
Clinical Classification Software (CCS), supplemented by code mapping schemas from other
sources (Supplementary Tables S04 and S05).2%-34 We defined a condition as present if the
corresponding ICD-9-CM code was recorded in at least one outpatient or inpatient encounter
over the past 2 years.3®

There are no well-established methods for identifying disease severity in claims data

that are applicable to a wide range of diagnoses. Thus, based on existing literature and
clinical judgment we defined seven potential markers of disease severity for each candidate
condition, for example having four or more outpatient encounters for that condition in the
past year.36-40 To identify potential disease-disease interactions, we conducted a binning
exercise with four experienced geriatrician researchers, where each panelist was asked to
sort these conditions into groups, with the expectation that an older adult with two or more
conditions in a group would be at especially high risk of adverse health outcomes due to
harmful synergy between the conditions (Supplementary Table S06).41

Measures—Qutcomes

Analyses

Death and acute medical hospitalization over 2 years were assessed using Medicare claims
data. Decline in six activities of daily living (ADLS) and five instrumental activities of daily
living (IADLs) over 2 years were assessed using self- and proxy-report data from HRS and
NHATS and was defined as requiring help with a greater number of activities at the 2-year
follow-up interview compared to the baseline interview (Supplementary Text S02).

To address death as a competing outcome, we classified subjects who died prior to 2-year
follow-up as died. For example, the ADL decline outcome comprised three categories: alive
without ADL decline, alive with ADL decline, or dead. We used a similar approach to the
competing risk of death for the hospitalization outcome, based on input from our advisory
panel who felt it would be clinically meaningful to clinicians and patients.

Descriptive analyses accounted for the complex survey design of both HRS and NHATS.
Models were developed using normalized weights, as accounting for clustering and
stratification created difficulties fitting models with small cell sizes.*2 Testing affirmed that
point estimates for c-statistics were identical with or without this adjustment.

We developed models in the derivation cohort using multinomial logistic regression which
controlled for age and sex and accounted for the competing risk of death. In these models,
we explored modeling age using restricted cubic splines with three knots, but found it
provided minimal benefit for model performance compared to modeling age as a simple
linear term (Supplementary Text S02), so subsequent analyses used the latter approach.
We illustrate our development process using the example of the ADL decline index. First,
we assessed each of 129 candidate conditions separately. We retained conditions that were
present in >1% of the population, clinically distinct from other candidate conditions, and
predictive of ADL decline and/or the competing risk of death at p < 0.20. As a sensitivity
analysis to guard against premature exclusion of conditions, we later included in our models
all conditions which had been excluded at this stage on the basis of no association with
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outcomes (i.e., p= 0.20). For each outcome, reintroducing these conditions en masse
changed the c-statistic of our models by <0.001.

The remaining conditions were entered into a multivariable, multinomial logistic regression
model, to which we applied backward selection with a retention threshold of p < 0.05

using the PROC LOGISTIC procedure in SAS 9.4. While stepwise regression methods
have important limitations in certain settings, their performance for predictive modeling
applications (without implications for causal inference) is similar to that of newer methods
and have advantages of simplicity and transparency,*3 and for our goals AIC-based methods
of variable selection are overly inclusive and BIC-based ones too restrictive.

To transform the resultant multinomial model into an easy-to-use index, we excluded
conditions with negative parameter estimates and converted the remaining parameter
estimates for the ADL decline outcome into integer scores using methods of Sullivan et

al.** These integers were summed into a patient-level multimorbidity score, with minimal
effect on c-statistics (see Supplementary Table S09). We repeated this process for each of
our three other outcomes, starting at the second step to enhance opportunities for consistency
of conditions across each of the indices. The index focused on death was modeled using
logistic rather than multinomial regression models. Methods for testing disease severity
markers and disease-disease interactions are described in Supplementary Text S02.

Validation and comparison with legacy models

To test overfitting, we internally validated the multivariable models on which our

indices were based using 1000 bootstrap samples.*® Next, we externally validated our
indices among subjects in an independent validation cohort (NHATS) and compared their
performance against claims-based versions of four legacy indices: the Charlson Comorbidity
Index (Quan adaptation), Elixhauser Comorbidity Score (van Walraven index adaptation,
using Quan ICD-9 codes), Functional Comorbidity Index (Kumar adaptation), and CMS-
Hierarchical Condition Categories score (CMS-HCC).2%46:47 We chose these four because
the Charlson and Elixhauser approaches are the most commonly used in research, the FCI
has historically been the most well-known index for predicting physical function (although
recent work by Wei et al has advanced this area),10:11 and CMS-HCC is commonly used by
health systems and payors. In recent years, there has been increasing use of frailty indices
but these are conceptually distinct from indices of multimorbidity.30:48-50

Our approach to comparing the new indices to legacy ones was informed by the two
predominant use cases for multimorbidity indices.>12 First, these indices are commonly
used as one variable in multivariable models for risk adjustment and/or outcome prediction.
As the relevant metric is a continuous measure of the index’s impact on model performance,
our outcome of interest was the c-statistic.>3 We calculated c-statistics from models that
contained each subject’s index score, age, and sex (we included age and sex because they
are fundamental in the use cases of interest). Because c-statistics cannot be computed

from multinomial models with more than two outcomes, we excluded decedents from these
calculations (see Supplementary Text S02).54 As a secondary outcome we assessed the
Polytomous Discrimination Index (PDI), which is analogous to a c-statistic for more than

JAm Geriatr Soc. Author manuscript; available in PMC 2024 January 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Steinman et al.

Page 6

two outcomes, on the full cohort (which included decedents).5® To assess calibration, we
inspected calibration plots and calculated the Hosmer—Lemeshow statistic.

The second use case for multimorbidity indices is for stratification by degree of
multimorbidity, for example in subgroup analyses in an observational study or randomized
trial, or by health systems which seek to identify which older adults are at highest risk of
adverse future outcomes. We thus compared new and legacy indices using Decision Curve
Analysis.52:56 Models used for this analysis included age, sex, and each index. Based on
clinical judgment about likely use cases we set decision thresholds a priori at 5%, 10%,
25%, and 50%. As secondary metrics we also calculated the Integrated Discrimination Index
and Net Reclassification Index; these approaches have important limitations but provide
complementary information to our primary outcome,5%:57-60

Alternate approaches and sensitivity analyses

We explored alternate analytic approaches including best subsets selection, Lasso regression,
and random forest techniques. None of these techniques yielded a meaningful improvement
in c-statistic or simplicity compared with our main approach, consistent with other research
which suggests that different methods yield similar performance in prognostic model
development.61

Reporting of this research followed TRIPOD guidelines (Supplementary Table S01).62
Additional information on methods can be found in the Supplementary Text and Tables
S02-S06. This research was approved by the Institutional Review Boards of the University
of California, San Francisco and the San Francisco VA Medical Center. Analyses were
performed in SAS version 9.4 and R version 4.0.5. R package “dcurve” was used to

plot C-statistics comparisons for novel versus legacy indices and decision curves, package
“mcca” was used to calculate NRI and IDI indices, and package “rms” was used for model
calibration. Statistical code to apply indices in claims data is available at https://github.com/
UCSFGeriatrics/Repository.

Role of funding source

RESULTS

This research was funded by the National Institutes of Health. The funder had no role in
study design, conduct, or interpretation, nor any role in the decision to publish the results.

Index development and validation

Index development: The derivation cohort included 5102 subjects. Median age was 76
years and 58.7% were female (Table 1 and Supplementary Tables S07 and S08). At the end
of the 2-year follow-up period, 8.7% of subjects were alive and with ADL decline, 10.9%
were alive and with IADL decline, 25.5% were alive and had been hospitalized in the past 2
years, and 8.9% had died. The index development process yielded the four indices shown in
Table 2. Heart failure and COPD were common to all four indices, whereas other conditions
were included in only a few or just one index. Best subsets testing revealed multiple other

JAm Geriatr Soc. Author manuscript; available in PMC 2024 January 01.
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sets of conditions with similar predictive power as those included in our final models (data
not shown).

Claims-based markers of condition severity—for example, having four or more visits for
a given condition in the prior year—did not yield meaningful improvement in model
c-statistics (maximal gain in c-statistic 0.007). Similarly, addition of markers of disease-
disease interactions—for example, the combination of cognitive impairment with auditory
impairment—had minimal to no impact on c-statistics compared to the base approach
(Supplementary Text S10).

Internal validation: We internally validated our index in the derivation cohort using 1000
bootstrap samples. Model optimism, which reflects overfitting, was 0.007 for ADL decline,
0.005 for IADL decline, and 0.003 for hospitalization and death, consistent with a minor
degree of overfitting (Supplementary Table S11).

External validation: Subject characteristics and outcome rates in the external validation
cohort were generally similar to the derivation cohort (Table 1 and Supplementary Tables
S07 and S08). For each index, rates of the outcome of interest and the competing risk of
death increased across quartiles of score (Figure 1).

After controlling for age and sex, c-statistics in the validation cohort were 0.722 for ADL
decline, 0.686 for IADL decline, 0.722 for hospitalization, and 0.773 for death (Table 2).
The equivalent PDI values were 0.509 for ADL decline, 0.514 for IADL decline, and 0.523
for hospitalization (Supplementary Table S12). Calibration for each of the four indices was
robust (Supplementary Figure S13).

Comparison to legacy models

In the validation cohort, after controlling for age and sex the new indices had c-statistics
0.01-0.03 higher than the Charlson Index, Elixhauser Index, and Functional Comorbidity
Index for predicting ADL decline, IADL decline, and hospitalization (p < 0.05 for all
comparisons except FCI for IADL decline; Figure 2 and Supplementary Table S14). C-
statistics for all outcomes were similar to those of the CMS-HCC score (c-statistic difference
<0.01, p> 0.05 for all comparisons). All the indices except FCI performed similarly in their
ability to predict death (c-statistics 0.76-0.78).

Repeating these analysis without adjustment for age and sex, c-statistics of the new indices
were 0.05, 0.05, and 0.05 higher than the Charlson, Elixhauser, and FCI for predicting

ADL decline; 0.05, 0.04, and 0.01 higher for predicting IADL decline; 0.04, 0.04, and 0.03
higher for predicting hospitalization; and 0.03, 0.02, and 0.09 higher for predicting death,
respectively (Supplementary Table S15). Age and sex are part of the CMS-HCC model, thus
precluding a similar comparison for this model.

In decision curve analysis (which adjusted for age and sex), different indices had similar
net benefit across a range of decision thresholds for outcomes of IADL decline and death
(Figure 3). For outcomes of ADL decline and hospitalization, the new indices yielded

JAm Geriatr Soc. Author manuscript; available in PMC 2024 January 01.
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a slightly higher net benefit than legacy indices at intermediate and/or higher decision
thresholds, but not at lower decision thresholds.

The integrated discrimination index (IDI) was in most cases slightly higher (better) for

the new indices compared to each of the legacy indices for predicting ADL decline and
hospitalization (1%—-2% difference, p < 0.05 for each except CMS-HCC for hospitalization
outcome; Supplementary Table S16). In contrast, in nearly all comparisons the IDI was <1%
different between new versus legacy indices for predicting IADL decline and death. Results
were similar for the net reclassification index (Supplementary Table S16).

Other observations

C-statistics for both new and legacy indices varied substantially between the derivation
cohort and the primary and secondary validation cohorts (Supplementary Table S17).
Most notably, c-statistics for outcomes of ADL decline, IADL decline, and death were
substantially lower in both validation cohorts for all indices, with each outcome having

a different pattern of c-statistic variation across cohorts. In contrast, the c-statistics for
hospitalization were higher in the validation cohorts for all indices, particularly the legacy
ones. Additional information is shown in Supplementary Text and Table S18 and S19.

DISCUSSION

We developed and validated four new indices of multimorbidity using Medicare claims

data, each tuned to a different outcome. In an independent validation sample, the new
indices demonstrated good ability to discriminate between older adults who did versus

did not develop ADL decline, hospitalization, and death over 2 years (c-statistics of 0.72,
0.72, and 0.77, respectively, each including adjustment for age and sex). Performance for
IADL decline was more anemic (c-statistic 0.69). The new indices slightly outperformed
legacy indices including the Charlson Comorbidity Index, Elixhauser Index, and Functional
Comorbidity Index, with c-statistics of 0.01-0.03 higher across outcomes of interest after
adjustment for age and sex, and performed similarly to the more complex CMS-HCC model.
On Decision Curve Analysis, the new indices had slightly higher net benefit for outcomes of
ADL decline and hospitalization at certain decision thresholds, but not others.

In this study, we sought to overcome the limitations of prior claims-based multimorbidity
indices by incorporating features that we hypothesized could improve model performance,
including consideration of geriatric syndromes, markers of disease severity, and disease-
disease interactions.24:26:28,32.63-70 Djd we succeed? The answer is mixed. In an
independent validation cohort—which allowed a fair comparison—after adjusting for age
and sex our indices demonstrated c-statistics 0.01-0.03 higher for a variety of outcomes
compared to indices such as the Charlson index that are commonly used in research. This is
a statistically significant but only small to moderate improvement. When compared against
the CMS-HCC model, a more complex approach that is used by payors for risk adjustment,
c-statistics were nearly identical (difference of <0.01 for all outcomes). By means of context,
after adjusting for age and sex the gain in c-statistic from including any index versus none
ranged from 0.01 to 0.09 for each of the four outcomes (Figure 2). Similarly, on Decision
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Curve Analysis that adjusted for age and sex, the new indices had small to no net benefit
compared to legacy indices.

In subsidiary analyses that did not adjust for age and sex, the gap between new indices

and legacy ones typically used for research widened, with c-statistics 0.03—0.05 higher for
many (although not all) outcomes. This difference may be meaningful in settings that do not
require age and sex adjustment.

Several strategies we hoped would yield gains in predictive performance did not bear fruit.
Claims-based markers of disease severity and disease-disease interactions did not produce
meaningful improvement in model performance. Further, c-statistics for both new and
legacy indices varied substantially across our derivation cohort and two validation cohorts,
particularly for (but not limited to) outcomes of ADL and IADL decline. The reasons for
this may include differences in ADL and IADL outcome definitions between the derivation
and validation cohorts, temporal changes in coding practices, and the peculiarities of local
conditions. Overfitting in model development could have also contributed, although internal
validation analyses and substantial swings in the c-statistics of legacy indices suggest this
was far from the only cause. While the exact reasons remain elusive, the substantial variation
in c-statistics across cohorts for all indices—a finding mirrored in prior scholarship’1:72—
suggests caution is warranted in interpreting the predictive power of any given index.

More generally, the limited magnitude of improvement over legacy approaches that

we achieved in our indices, particularly after adjustment for age and sex, suggests

there may be limited opportunity to wring further improvement out of claims-based,
prognostically-oriented multimorbidity assessment for general populations of older adults.
This interpretation is supported by prior scholarship, and in part reflects the crude nature

of claims data.®73 It also likely reflects the intrinsic limitations of creating an index for

a broad and heterogeneous population. Even when certain conditions such as metastatic
cancer are highly predictive of poor outcomes, only a fraction of people will have one of
these conditions and so their predictive contribution on a population level is diminished.
Incorporating other markers that predict poor outcomes, for example social determinants of
health or purchase of durable medical equipment (as has been used in claims-based frailty
and function-related indicators), holds substantial promise to improve our ability to predict
future health outcomes.30:31.48-50.74 However, such elements go beyond the purpose of a
multimorbidity index, which typically aims to capture a single aspect of health status—the
presence of multiple chronic conditions—and then apply it in conjunction with contextual
factors to fully characterize a person’s risk of adverse outcomes.3’> The interaction of
these factors is an interesting area for future study—for example, should multimorbidity
indices be modified not only for different outcomes but for people with different levels of
access to health care and socioeconomic characteristics—although such questions need to be
approached carefully to avoid unintended harmful consequences for historically underserved
populations.”

If one does choose to use our indices, it is important to remember that they were primarily
tested in cohorts that excluded people who died. Thus, the best use of the ADL decline,
IADL decline, and hospitalization indices is in conjunction with the index to predict death
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—for example, to apply both the death and ADL decline index to a given person to first
characterize his or her likelihood of death in the next 2 years, and if the person survives,

his or her likelihood of experiencing functional decline. It is also important to recognize
that our approach was designed to identify associations, not prove causality. Thus, inclusion
of individual conditions and their weights within each index—and variations across the
four indices—should not be interpreted as causal or imply that certain conditions are more
important than others.

Our study has several limitations. Our indices were developed with ICD-9-CM codes on
data which are no longer recent, and it is unclear how well they would perform if adapted

to ICD-10 and health records today. However, other studies of the ICD-9 to -10 transition
suggest that performance of models such as ours are typically preserved.12.29.76 There is
also little reason to suspect that the relationship between multimorbidity and outcomes has
meaningfully changed over the last decade, although results from our secondary validation
cohort do suggest that predictive performance of both new and legacy indices vary over time
and the population being assessed. Markers of disease severity were intentionally broad to
allow application to multiple conditions, and so we did not assess markers highly tailored

to individual conditions such as have been used in disease-specific studies. Our methods

for identifying conditions relied on Medicare fee-for-service data and thus have uncertain
applicability for people enrolled in Medicare Advantage plans or for younger adults. It is
also difficult to know how much the limitations of our indices and legacy ones reflect the
imperfect predictive power of multimorbidity versus limitations of claims data; prior studies
comparing the predictive power of chart-review and claims-based multimorbidity indices
have yielded conflicting results, although notably some have found similar predictive power
for these two approaches even though agreement between chart review and claims data was
fair to poor.”’-83

It is possible that certain data-driven approaches would have yielded different or better
indices; however we chose not to pursue these methods as they are susceptible to overfitting
and often lack the transparency, clinical face validity, and simplicity that we felt end-users
would need to trust and use the results of our research. While our sample size was
insufficient to distinguish very small differences in performance of the models we tested,

it was sufficient to detect clinically meaningful differences. Finally, it is important to
remember that the impact of multimorbidity on people and their well-being extends far
beyond its association with future outcomes such as death or functional decline that were the
focus of this study.

In summary, a new series of claims-based indices outperformed legacy ones, but generally
only by a small amount, and with predictive performance for both new and legacy

indices varying substantially when applied to different cohorts. Failure to achieve a

major improvement despite use of innovative methods suggests that intrinsic limitations

in claims-based, prognostically-oriented multimorbidity measurement may be difficult to
overcome. Choice among the various indices now available and new scholarship to improve
measurement of multimorbidity remain important but merit a generous dose of humility.
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Key points

Why does this paper matter?

There may be limited opportunity to improve measurement of multimorbidity in claims
data over existing methods.

New measures of multimorbidity using claims data had moderate ability to
predict ADL decline, IADL decline, hospitalization, and death.

Performance of these indices was similar to or slightly better than legacy
indices such as the Charlson Comorbidity Index.
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(B) IADL Decline Index
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Outcome rates in NHATS validation cohort per quartile of index score, four indices.

Each panel shows the outcome rate per quartile of the respective index score (including
adjustment for survey weights). Mean age of subjects in each quartile are shown in the
horizontal axis labels. Panels A, B, and C each show two values: (1) the frequency of death
(a competing risk for the other outcomes) per quartile of outcome score, and (2) among
those who remained alive at 2 years and had follow-up data for the outcome of interest, the
frequency of that outcome. This makes the denominator for the non-death outcome in Panels
A, B, and C different than the denominator for the death outcome.
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FIGURE 2.
C-statistics for novel indicates versus legacy indices, NHATS validation cohort. Figure

shows c-statistics and associated 95% confidence intervals for models that include the index
score, age, and sex. For outcomes with competing risk of death, c-statistics were calculated
by excluding decedents from the cohort, thus eliminating death as a third outcome. Asterisk
(*) indicates where c-statistic for a legacy index differs from c-statistic for the new index at
p < 0.05 (see Supplementary Tables S14 and S17 for details).
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FIGURE 3.
Decision curve for new versus legacy indices. Figure shows decision curves for models

containing age, sex, and new versus legacy indices applied to the NHATS validation cohort.
(For the CMS-HCC, age and sex are already incorporated into the index). Separate panels
show results for each of four outcomes. Within each panel, performance of each index at a
given decision threshold (shown on the horizontal axis) is determined by the net benefit of
the index at that threshold (shown on the vertical axis). For example, if a decision-maker
wanted to refer older adults with >25% 2-year risk of ADL decline to a specialized program,
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she would evaluate the top left panel to determine which multimorbidity index yields the
highest net benefit at the 25% decision threshold for that outcome. Age + sex, model
containing only age and sex (no multimorbidity index); FCI, functional comorbidity index;
HCC, CMS-HCC model
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