
Development, Validation, and Performance of a New
Physical Functioning–Weighted Multimorbidity Index
for Use in Administrative Data
Melissa Y. Wei, MD, MPH, MS1,2,3,4 , Jamie E. Luster, MPH1, David Ratz, MS6,
Kenneth J. Mukamal, MD, MPH, MA , and Kenneth M. Langa, MD, PhD7 1,2,5,6

1Division of General Medicine, Department of Internal Medicine, University of Michigan, Ann Arbor, MI, USA; 2Institute for Healthcare Policy and
Innovation, University ofMichigan, AnnArbor, MI, USA; 3Division ofGeneral InternalMedicineandHealth Services Research, Department of Internal
Medicine, David Geffen School of Medicine, University of California, Los Angeles, Los Angeles, CA, USA; 4Center for the Study of Healthcare
Innovation, Implementation and Policy, VAGreater Los Angeles Healthcare System, Los Angeles, CA, USA; 5Institute for Social Research, University
of Michigan, Ann Arbor, MI, USA; 6Center for Clinical Management Research, VA Ann Arbor Healthcare System, Ann Arbor, MI, USA; 7Division of
General Medicine, Beth Israel Deaconess Medical Center, Boston, MA, USA.

DOI: 10.1007/s11606-020-06486-7

©This is a U.S. governmentwork and not under copyright protection in the

U.S.; foreign copyright protection may apply 2021

INTRODUCTION

Physical functioning is a universal health value that strongly
predicts mortality and healthcare utilization and is significant-
ly associated with multimorbidity in aging adults.1 Unfortu-
nately, current metrics2–6 fail to capture the severity and range
of chronic conditions using person-centered outcomes. Simple
disease count and comorbidity indices originally designed to
predict inpatient mortality and healthcare utilization and cost
have frequently been used to measure multimorbidity, despite
their limitations.2–6 For example, the highly cited Charlson
index2 was developed as a mortality predictor in 559 patients
admitted to New York Hospital in 1984, applied in 685
primary breast cancer patients treated in the 1960s, and
mapped to the International Classification of Diseases, Ninth
Revision (ICD-9) codes using a cohort of patients hospitalized
for lumbar spine surgery in 1985.3 Small sample sizes from
specific populations in prior indices underscore the need to
challenge current paradigms for multimorbidity metrics, their
intended utility, and harm when overgeneralized.
Recent metrics for health-related quality of life (HRQOL)

and other self-reported outcomes show promise for capturing
disease severity using person-centered approaches7–14 but lack
a comprehensive disease inventory and do not directly relate to

the construct of multimorbidity. To overcome this, we devel-
oped and validated a multimorbidity-weighted index (MWI)
that weights 81 self-reported candidate diseases and condi-
tions by their impact on physical functioning in three cohorts
of community-dwelling adults15 and externally validated it in
the nationally representative Health and Retirement Study
(HRS).16 MWI has since been validated against mortality,
disability as measured by basic and instrumental activities of
daily living (ADLs and IADLs), physical, cognitive, and
social functioning, and other aspects of HRQOL15, 17–19 and
mapped to ICD-9 CM codes.20

To increase the utility of the MWI for clinical, research, and
administrative purposes, this study adopted the approach used
to create the originalMWI but adapted it to yield a new greatly
expanded ICD-coded MWI (MICD). We started with all ob-
served ICD-9 CM codes in the HRS, adopting an unbiased
approach across the full gamut of coded conditions, and relat-
ed them to physical functioning. We then compared the dis-
tribution and performance of the newly developedMICDwith
the Elixhauser comorbidity score21 and simple disease count.

METHODS

Study Participants and Eligibility

The HRS is a nationally representative longitudinal cohort of >
37,000 US adults aged ≥ 51 years followed since 1992. HRS
participants are interviewed biennially, starting with a face-to-
face interview at baseline and subsequent telephone or face-to-
face interviews. Participants provide information on
physician-diagnosedmedical conditions, functional status, liv-
ing situation, employment, income, and health behaviors.19

HRS data are linked at the individual level to Medicare claims
from the Centers for Medicare and Medicaid Services (CMS)
for consenting participants. We included Medicare-eligible
HRS participants who contributed repeated measures of self-
reported physical functioning from the HRS (2000–2012)
linked to their Medicare claims (1991–2012) with follow-up
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through 2014 for future physical functioning and 2016 for
mortality outcomes. This study was approved by the Univer-
s i t y o f Mich i g an In s t i t u t i ona l Rev i ew Boa rd
(HUM00128383).

Physical Functioning Assessment

The Short Form (SF)-3622 has been used to monitor disease
burden and health status and predict outcomes such as mor-
tality.23 The SF-36 physical functioning scale covers a broad
range of component items, from activities of daily living such
as bathing to vigorous activities such as lifting heavy ob-
jects.24 It is a standard measure for understanding the impact
and scope of disease burden on physical functioning, particu-
larly at lower levels.
In each biennial wave of the HRS, physical functioning was

assessed using items closely resembling the SF-36 physical
functioning scale.17 To calibrate the HRS physical functioning
measure to the SF-36, the score was rescaled and standardized.
The sum of these 10 items (eAppendix 1) forms a continuous
measure ranging 0–100 for lowest to highest functioning.16

We excluded 49 (0.27%) participants without self-reported
physical functioning and 4 (0.02%) participants who complet-
ed less than half of the 10-item physical functioning scale per
SF-36 protocol.21

Chronic Condition Assessment

We included chronic conditions and common procedures with
long-term effects. We defined “chronic” conditions to be
largely irreversible, lasting ≥ 3 months in duration including
relapsing/remitting patterns (e.g., multiple sclerosis, depres-
sion), or acute on chronic exacerbations, and requiring lifelong
management for treatment or prevention (e.g., heartburn). We
also included serious illness and significant acute events with
long-term sequela (e.g., stroke). Finally, we included common
procedures for conditions no longer resolved by pharmaco-
logic treatment (e.g., knee replacement for osteoarthritis) that
were assessed previously in the MWI based on self-report.16

Given our study sample of Medicare-eligible adults, we ex-
cluded conditions of childhood, gestation, and early
adulthood.
We detailed a multistep process to examine ICD codes and

respective chronic conditions (eAppendix 2; eFigure 1). We
considered a comprehensive list of 14,568 diagnosis and 3883
procedure codes and their corresponding conditions and pro-
cedures.25 Among these, we identified 55 condition groups
with negative coefficients and 14 condition groups with pos-
itive coefficients for physical functioning. MICD included 55
condition groups with negative coefficients. We intentionally
did not include conditions with positive coefficients in MICD
since they do not contribute to the role of MICD as a measure
of disease burden.
We compared MICD with two widely used measures. The

Elixhauser algorithm includes 30 conditions associated with
inpatient mortality, cost, and length of hospitalization that are

weighted 1 point each. We calculated a simple disease count
from all 69 condition groups (negative and positive coeffi-
cients) derived above and assigned each 1 point.

Mortality Assessment

We assessed mortality in the CMS Master Beneficiary Sum-
mary File between January 1, 2007, andMarch 31, 2016.Most
(98%) death information was obtained from the Social Secu-
rity Administration. Additional sources included Medicare
claims data from the Medicare Common Working File and
the Railroad Retirement Board, and death status updates sub-
mitted by family members.26 All deaths were validated.27

Statistical Analysis

We fit linear mixed-effects models to obtain regression coef-
ficients for chronic conditions on physical functioning to
enable between- and within-person variation, with unstruc-
tured covariance. Each chronic condition diagnosis was ex-
amined with the modified SF-36 physical functioning scale as
a continuous measure. Models were adjusted for all other
conditions.
We required that individual conditions were sufficiently

prevalent in our sample population so that regression coeffi-
cients could be stably estimated. Where necessary, we
grouped ICD codes from rare conditions (N < 100) with
similar neighboring codes and conditions. We also grouped
ICD codes where coefficients suggested adverse effects on
physical functioning but standard errors exceeded half the
coefficient (i.e., were not statistically significant). Combining
rare and/or unstably estimated codes increased the likelihood
of obtaining more accurate coefficients for combined group of
similar but rarer conditions. Due to the large number of po-
tential of ICD-9 codes, we grouped ICD codes based on the
existing hierarchical system25 when biologically sensible. If
similar neighboring conditions could not be identified, we
performed sequential groupings of similar conditions by organ
system. Groupings were identified by two reviewers (MYW,
JEL) and checked for agreement by a third reviewer (DR).
We internally validated the regression estimates through

bootstrapping. For sufficiently prevalent conditions, we esti-
mated the bias and confidence intervals for our estimates.With
unrestricted sampling, we created 100 random independent
samples with replacement that were each the same size as our
original cohort. For each sample, we again computed the
estimate of the associations between diseases with observed
physical functioning and compared them with the original
regression coefficients through relative and absolute
differences.
For conditions with positive regression coefficients (i.e.,

that appeared to improve physical functioning), which sug-
gested confounding by concurrent conditions, we further
grouped their ICD codes with similar conditions. If the regres-
sion coefficient could not be grouped further, we excluded it
from MICD (eTable 5). Finally, if a stable estimate could not
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be obtained from the original coefficient or bootstrapping, we
provide an option to use a suggested imputed value based on
the median of regression coefficients for conditions in the
same organ system that reached significance (eTable 4).
Given the large number of predictors, we examined for

potential multicollinearity among conditions. We assessed
for multicollinearity by examining the variance inflation factor
and additionally examined Spearman correlation coefficients
between all conditions.
To create MICD, chronic conditions were weighted by their

cross-sectional association with the HRS physical functioning
scale and then, the absolute value was summed to form each
individual’s MICD. MICD represents both the cumulative
burden of ICD-coded chronic conditions and decrease in
physical functioning.
We next compared the performance of the multimorbidity

measures. First, we examined their distribution and number of
unique values. Second, we assessed their associations with
age, a known predictor of multimorbidity. Third, we examined
10-year mortality prediction. We applied Cox proportional
hazard models19 and report hazard ratios and 95% confidence
intervals for each measure with mortality. Multimorbidity
measures were examined categorically in quartiles due to
right-skewed distributions particularly in Elixhauser. To as-
sess model fit, we compared the Akaike Information Criterion
(AIC), where the lowest AIC indicated best performance. To
assess how accurately the models discriminated between sur-
vival outcomes, we computed the concordance (C) statistic, or
area under the receiver operating characteristic (ROC) curve,
for survival.21 Finally, we determined the associations be-
tween each multimorbidity measure with future 8-year phys-
ical functioning using general linear models. To compare the
strengths of the association, we assessed the magnitude of
regression coefficients and P and T-values. We also computed
the coefficient of determination (R2) to quantify howwell each
measure explained and predicted future physical functioning.
As sensitivity analysis, we included MICD with simple

disease count and Elixhauser simultaneously in the models
and included a three-way test for significance to determine
which index had the greatest associations with future physical
functioning and mortality, even in the presence of expected
collinearity. We also compared an unweighted MICD (count
of negative coefficient conditions) with “complete” simple
disease count encompassing negative and positive coefficient
conditions (eTable 7). All analyses were performed using
Statistical Analysis System software (release 9.4; SAS Insti-
tute, Cary, NC, 2013) and StataMP15-64 (Stata Corp, College
Station, TX).

RESULTS

Participant Characteristics

Between 2000 and 2012, 20,167 participants contributed
98,019 surveys. Of these, 18,223 participants were age-

eligible for the HRS linkage to CMS. The final sample includ-
ed 18,212 participants who contributed 73,830 observations
over a mean of 6.3 ± 4.3 years. Participants contributed a mean
of 4.1 observations (SD 2.1, range 1–7). At baseline, partici-
pants had a mean age of 70.7 ± 8.1 years and HRS physical
functioning scale of 59.3 ± 30.3 physical functioning units
(Table 1). Over the 10-year follow-up for mortality, 42.1% of
the participants died.

Chronic Condition Groupings by ICD-9 Codes

We considered 14,568 diagnosis and 3,883 procedure codes
from the CMS list of ICD-9 CM codes for consideration in the
analysis with physical functioning. After grouping and refine-
ment, the final categorization corresponded to 69 chronic
condition groups (eTable 3) representing 2021 ICD codes
(3067 when imputed conditions from eTable 4 are included).
We did not detect collinearity in the final model. The maxi-
mum variation inflation factor was 1.66 (mean 1.21), well
below a conservative cutoff of 2.5.28

Prevalent Chronic Conditions and Physical
Functioning

Among the 69 groups of conditions, the median impact on
physical functioning by ICD code groups varied several fold
(median − 1.71, range − 17.65, 2.89). Among conditions that
had a negative association with physical functioning (N = 55)
and comprised MICD, the median was − 2.02 (range − 17.65,
− 0.12). The most prevalent conditions spanned several organ
systems and included hypertension, osteoarthritis, other mus-
culoskeletal conditions, coronary artery disease, back pain,
diabetes, anemia, fluid, electrolyte and acid-base balance dis-
orders, and chronic obstructive pulmonary disease (COPD)
(eTable 1; eFigure 2).
Among the most prevalent conditions, osteoarthritis,

COPD, and back pain had the worst impact on physical
functioning. Even among the most prevalent diseases, the
impact of physical functioning varied several fold, from a
1.33-unit increase in physical functioning (cataract) to a
4.65-unit decline for congestive heart failure.

Table 1 Participant Characteristics, in the Health and Retirement
Study and Medicare Claims Linked Data at Baseline

N = 18,212

Variable (range) N (%) Mean ±
SD

Age, years 70.7 ±
8.1

Female 10,289
(56.5%)

Multimorbidity-weighted index ICD-coded
conditions (MICD) (0–77.8)

6.7 ± 8.5

Elixhauser comorbidity score (0–22) 2.9 ± 2.4
Simple disease count (0–38) 4.7 ± 5.1
HRS physical functioning scale (0–100) 59.3 ±

30.3

Wei et al.: Physical Functioning–Weighted Multimorbidity IndexJGIM 2429



Conditions with the Worst Physical Functioning

Conditions that had the greatest impact on physical function-
ing were predominantly progressive neurologic (ALS,
Parkinson disease, paralysis) and musculoskeletal (hemiple-
gia/paraplegia, limb amputation, hip fracture) conditions, se-
lect cancers (lung), and end-stage organ conditions (conges-
tive heart failure, COPD, dementia) (eTable 2; eFigure 2).
ALS had a tenfold greater impact on physical functioning than
the median impact of all conditions.

Internal Validation

Through bootstrapping, we obtained estimates for physical
functioning for 69 groups of conditions covering a range of
severity and prevalence. Most estimates for physical function-
ing in MICD consistently approached the original parameter
estimates (eFigure 3), and the tight confidence intervals from
100 bootstrapped resamplings suggest reliable and precise
results (eTable 6). Based on these resamplings, we retained
original coefficient estimates for computing MICD.

Multimorbidity Measure Comparison

At baseline in 2000, MICD had the most unique values to
quantify multimorbidity, with 7138 values for all conditions
with negative coefficients. In contrast, there were only 34
observed unique values for disease count and 22 for Elixhauser.
MICD had the broadest distribution, with a maximum value

of 77.8, compared with 38 for disease count and 22 for
Elixhauser. There was left-censoring of scores for all measures
(Fig. 1), with scores of 0 observed for 22% of participants for
Elixhauser, 19.5% for MICD, and 16.8% for disease count.
MICDwas strongly correlated with disease count (Spearman’s
rho = 0.95, p < 0.001) and Elixhauser (Spearman’s rho = 0.89,
p < 0.001).
All measures were correlated with age, with Pearson’s r

values of 0.34 for MICD, 0.36 for disease count, and 0.29 for
Elixhauser.

For mortality risk, a one SD increase in MICD was associ-
ated with HR = 1.69 (95% CI: 1.65–1.73), which is 55%
worse than the impact of 1 year of aging on 10-year mortality
risk in the average participant. Mortality risk increased with
increasing quartiles for all measures (Table 2). For all three
measures, each standardized point increase was associated
with a nearly 70% increase in mortality. The AIC was lowest
forMICD, suggesting it provided the numerically better model
fit. The C-statistics were similar for MICD and Elixhauser (C-
statistic = 0.65) and disease count (C-statistic = 0.64). As
sensitivity analysis when all three measures were simulta-
neously included in the model, the association betweenMICD
with mortality (HR = 1.46, 95%CI: 1.32–1.61, p < 0.001) was
of marginally greater magnitude than that of Elixhauser with
mortality (HR = 1.34, 95% CI: 1.27–1.42, p < 0.001), while
disease count was no longer associated with mortality (HR =
0.90, 95% CI: 0.81–1.00, p = 0.06) (p for 3-way test < 0.001).
For future physical functioning, a one SD increase inMICD

was associated with a − 15.47 (95% CI: − 16.39, − 14.55) unit
change in future 8-year physical functioning, which is 20-fold
worse than the impact of 1 year of aging on 8-year physical
functioning in the average participant. To compare the asso-
ciation between multimorbidity measures and future physical
functioning, the coefficient of determination values was mar-
ginally higher for MICD (R2 = 0.15) than simple disease count
(R2 = 0.14) and Elixhauser (R2 = 0.12) (Table 3). Using a
sample-based measure of effect, the T-value for MICD (T = −
33.09) was higher than that of simple disease count (T = −
30.23). Finally, when all three measures were simultaneously
included in the model, the association between MICD with
future physical functioning (β = − 11.24, 95% CI: − 14.67, −
7.81, T = − 6.42, p < 0.001) persisted while simple disease
count (β = − 3.19, 95% CI: − 6.77, 0.39, T = − 1.75, p = 0.08)
and Elixhauser (β = − 1.22, 95%CI: − 3.08, 0.63, T = − 1.29, p
= 0.20) were no longer associated with future physical func-
tioning (p for 3-way test < 0.001); in addition, models with
MICD had the highest T-value compared with simple disease
count and Elixhauser.

Figure 1 Distribution of multimorbidity-weighted index ICD-coded conditions (MICD), simple disease count, and Elixhauser comorbidity score.
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For both future physical functioning and mortality out-
comes, unweighted MICD (simple disease count with only
negative coefficients) outperformed simple disease count
(eTable 7).

DISCUSSION

This study used unique data linkages between self-reported
physical functioning in the nationally representative HRS and

ICD-coded claims fromMedicare to develop a new and great-
ly expanded MICD derived from claims data. We identified
ICD codes for chronic diseases and conditions with clinically
significant associations with physical functioning and provide
internally validated weights for 69 groups of conditions
representing 2021 stably estimated conditions. The resulting
MICD is a useful measure of multimorbidity that captures the
impact of coexisting chronic conditions on physical function-
ing in older adults and has implications for patient care,
research, and policy.
In this sample of Medicare-HRS participants, the rank order

of the top prevalent conditions from claims was similar to
those from self-report, including the top condition groups:
hypertension, osteoarthritis, other musculoskeletal conditions,
and coronary artery disease (which included hyperlipid-
emia).16 The prevalence was also similar to those reported
for 21 select conditions in Medicare fee-for-service beneficia-
ries aged ≥ 65 years in 2012: hypertension (65% vs 60%),
hyperlipidemia (56% vs 49%), arthritis (37% vs 31%).29

Table 2 Hazard Ratios for Mortality After 10-Year Follow-up, in
the Health and Retirement Study and Medicare Claims Linked

Data, 2007–2016

N = 10,616

Deaths N = 4473*

Model HR
(95%
CI)

p
value

AIC C-
statistic

Multimorbidity-weighted
index ICD-coded condi-
tions, continuous, stan-
dardized

1.69
(1.65–
1.73)

<
0.001

79318.65 0.652

Multimorbidity-weighted
index ICD-coded condi-
tions, quartiles

79522.45 0.639

Q4 3.62
(3.32–
3.94)

<
0.001

Q3 1.89
(1.73–
2.08)

<
0.001

Q2 1.12
(1.02–
1.24)

0.02

Q1 (reference) 1.0
Elixhauser score,
continuous, standardized

1.69
(1.65–
1.74)

<
0.001

79335.88 0.651

Elixhauser score,
quartiles

79446.19 0.644

Q4 3.77
(3.48–
4.07)

<
0.001

Q3 2.05
(1.87–
2.25)

<
0.001

Q2 1.34
(1.22–
1.47)

<
0.001

Q1 (reference) 1.0
Simple disease count,
continuous, standardized

1.64
(1.60–
1.68)

<
0.001

79553.05 0.639

Simple disease count,
quartiles

79650.66 0.630

Q4 3.44
(3.17–
3.74)

<
0.001

Q3 1.89
(1.74–
2.07)

<
0.001

Q2 1.14
(1.04–
1.26)

0.005

Q1 (reference) 1.0

AIC, Akaike Information Criterion; C, concordance; CI, confidence
interval; HR, hazard ratio; Q, quartile; ICD, International Classifica-
tion of Diseases
*Participants contributed a total of 29,982,087 person-days (82,143
person-years), during which there were 4473 deaths

Table 3 Future 8-Year HRS Physical Functioning Scale in the
Health and Retirement Study and Medicare Claims Linked Data,

2006–2014

Model β coefficient
(95% CI)

p
value

T-
value

R2

Multimorbidity-weighted
index ICD-coded condi-
tions, continuous, stan-
dardized

− 15.47 (−
16.39, −
14.55)

<
0.001

−
33.09

0.15

Multimorbidity-weighted index ICD-coded conditions, quartiles
Q4 − 33.55 (−

35.81, −
31.30)

<
0.001

−
29.12

0.14

Q3 − 19.19 (−
21.17, −
17.21)

<
0.001

−
19.00

Q2 − 5.28 (−
7.16, − 3.39

<
0.001

−
5.50

Q1 (reference)
Elixhauser score,
continuous, standardized

− 13.55 (−
14.47, −
12.62)

<
0.001

−
28.62

0.12

Elixhauser score, quartiles
Q4 − 30.23 (−

32.44, −
28.02)

<
0.001

−
26.81

0.12

Q3 − 19.91 (−
22.11, −
17.71)

<
0.001

−
17.75

Q2 − 9.36 (−
11.16, − 7.55)

<
0.001

−
10.14

Q1 (reference)
Simple disease count,
continuous, standardized

− 13.47 (−
14.34, −
12.59)

<
0.001

−
30.23

0.13

Simple disease count, quartiles
Q4 − 32.32 (−

34.69, −
29.94)

<
0.001

−
26.67

0.12

Q3 − 19.00 (−
21.00, −
16.99)

<
0.001

−
18.55

Q2 − 7.42 (−
9.26, − 5.58)

<
0.001

−
7.91

Q1 (reference)

ICD, International Classification of Diseases; Q, quartile; R2, coeffi-
cient of determination
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Differences may be due to the number and type of claims
based on the Chronic Conditions Warehouse criteria30 versus
our criteria of ≥ 1 inpatient diagnosis or two outpatient diag-
noses within a 2-year period, but the similarity provides useful
validation to our approach.
We also comparedMICDwith simple disease count and the

Elixhauser score that was developed in administrative data
using ICD-9 codes. Compared with these measures, MICD
had the widest distribution and several fold more unique
values to quantify multimorbidity. Furthermore, it performed
at least as well as other metrics that were far less granular but
based similarly on readily extracted administrative codes.
MICD outperformed disease count and Elixhauser for future
physical functioning prediction and was similar to Elixhauser
for mortality prediction. Even an unweighted MICD (disease
count of negative coefficients) outperformed a “complete”
simple disease count (negative and positive coefficients) for
future physical functioning and mortality risk, demonstrating
that indiscriminate disease counts are suboptimal.
Unlike prior studies, we considered all reliablymeasured ICD-

coded conditions from the full CMS list of ICD-9 CM codes for
fiscal year 2015 (October 1, 2014, to September 30, 2015) as
potential morbidities. Most administrative databases record only
a limited number of diagnoses and invariably omit several im-
portant conditions.2–6We created one of themost comprehensive
mappings to date, with 69 groups of conditions mapped from
14,568 diagnosis and 3883 procedure codes. We agnostically
considered any potential condition that could impact physical
functioning rather than selecting candidate conditions a priori.
Nonetheless, the overall benefit of including several more con-
ditionswas limited, suggesting that themost impactful conditions
have been captured in existing indices—a reassuring finding.
There are potential limitations of this study. First, we could

not provide regression coefficients for all ICD codes. The
index includes sufficiently prevalent chronic conditions and
acute but significant conditions with a long-lasting impact on
physical functioning afflicting our sample population ofMedi-
care beneficiaries aged 65 years and older. We did not capture
conditions afflicting younger adults or children. Nonetheless,
we evaluated 69 groups of conditions spanning a range of
organ systems and disease prevalences in a population-based
sample that is representative of the population of older adults
for whom multimorbidity is most prevalent and problematic.
Second, our index relies on ICD codes alone, and the

overall value of any measure of multimorbidity built from
administrative data will depend on the accuracy of ICD cod-
ing. While additional information from chart review may
improve the positive predictive value of an ICD code mapping
to a chronic condition, the type and quality of data available
vary for conditions.31 Not all conditions may rely upon ancil-
lary laboratory, procedural, or subjective clinical data for
diagnosis. Variation in the accuracy of coding is an inherent
limitation in claims data but these data remain critical in health
services research. That MICD relies upon ICD codes enhances
its scalability and ease of use.

Third, methods to crosswalk ICD-9 codes with respective
conditions vary. When available, we compiled ICD codes
from established indices, but given the marked variation in
these codes, we ultimately used the 2015 CMS ICD version 32
diagnosis and procedure codes for the most comprehensive
listing of ICD codes. Our list of ICD codes and mapped
conditions may be further refined in future studies. Fourth,
ICD codes are provided for ICD-9 codes only. Medicare data
were not yet available for ICD-10 conditions. Nonetheless, the
MICD will be useful for existing data through 2015. Future
studies to crosswalk MICD to ICD-10 are already underway.
Finally, MICD is weighted to physical functioning and adjust-
ed for mental health conditions but does not weight conditions
based on their impact on mental health. We previously dem-
onstrated that a multimorbidity-weighted index using self-
reported conditions weighted to the SF-36 physical function-
ing scale also captures mental health, as it was significantly
associated with all mental health scales and even the mental
component summary.32 Further studies are needed to assess
the impact of MICD on mental health.
MICD has several clinical and research implications.

Underspecified multimorbidity measures are detrimental for
patients, providers, and health systems, and contribute to the
underrating of multimorbidity on health and function. For ex-
ample, Medicare evaluates health system performance in their
care of seniors without regard to current functional impairment.
However, the success and viability of payment programs, in-
cluding the CMS 2020 Primary Care First model,33 will depend
on accurate adjustment of the health and risk of patients. MICD
provides a more comprehensive and patient-centered measure
for quantifying multimorbidity in research. Ultimately, MICD
was designed with the intent of operationalizing at the point of
clinical care. With its twofold clinically meaningful interpreta-
tion of both cumulative disease burden and physical functioning
impairment, MICD may be used to prospectively identify pa-
tients who are high risk or “rising risk” in an automated, easily
implemented fashion. Its performance in specific use cases
should be assessed using data from the electronic health record
so it may be maximally utilized.
In summary, chronic conditions fromMedicare claims had a

wide range of associations with physical functioning. MICD
provided the broadest distribution and most unique values to
quantify multimorbidity and outperformed Elixhauser and sim-
ple disease count for future physical functioning prediction and
was similarly associated with mortality as Elixhauser. MICD is
a useful measure of multimorbidity that captures the impact of
coexisting chronic conditions on physical functioning in older
adults crucial for patient care, research, and policy. This newly
developed MICD is feasible and readily implemented to quan-
tify multimorbidity in a variety of clinical settings.
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