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Abstract

Background: Claims-based measures of multimorbidity, which evaluate the presence of a
defined list of diseases, are limited in their ability to predict future outcomes. We evaluated
whether claims-based markers of disease severity could improve assessments of multimorbid
burden.

Methods: We developed 7 dichotomous markers of disease severity which could be applied

to a range of diseases using claims data. These markers were based on the number of disease-
associated outpatient visits, emergency department visits, and hospitalizations made by an
individual over a defined interval; whether an individual with a given disease had outpatient visits
to a specialist who typically treats that disease; and ICD-9 codes which connote more vs. less
advanced or symptomatic manifestations of a disease. Using Medicare claims linked with Health
and Retirement Study data, we tested whether including these markers improved ability to predict
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ADL decline, IADL decline, hospitalization, and death compared to equivalent models which only
included the presence or absence of diseases.

Results: Of 5,012 subjects, median age was 76 years and 58% were female. For a majority of
diseases tested individually, adding each of the 7 severity markers yielded minimal increase in
c-statistic (< 0.002) for outcomes of ADL decline and mortality compared to models considering
only the presence vs absence of disease. Gains in predictive power were more substantial for

a small number of individual diseases. Inclusion of the most promising marker in multi-disease
multimorbidity indices yielded minimal gains in c-statistics (<0.001 — 0.007) for predicting ADL
decline, IADL decline, hospitalization, and death compared to indices without these markers.

Conclusions: Claims-based markers of disease severity did not contribute meaningfully to the
ability of multimorbidity indices to predict ADL decline, mortality, and other important outcomes.

Keywords

IlIness severity; Multimorbid burden; Medicare; Health and Retirement Study; Aging

Introduction

Multimorbidity, the presence of multiple coexisting chronic health conditions, affects two-
thirds of older Americans and increases with age.12 It has substantial impacts on treatment
complexity and outcomes including mortality, hospitalization, and functional status, and

as such has important implications for clinical practice, research, and health policy.*~’
Identifying efficient and effective methods to measure multimorbidity are thus critical to
facilitate its use in each of these settings. Healthcare claims data provide a valuable tool for
such efforts, and a number of indices for multimorbidity measurement have been developed
or adapted for use with such data.8-12

Claims-based measures including the Charlson Comorbidity Index (CCI) and Elixhauser
approaches typically only evaluate the presence or absence of a defined list of
diseases.®13.14 However, we know clinically that not only the presence of a disease,

but its severity can have major impacts on clinical outcomes.1>-17 Markers of disease
severity — representing the extent of physiologic derangement, clinical impact, and resultant
prognostic import of a given disease process - thus offer a promising way to improve
multimorbidity indices by more accurately reflecting the total extent of illness burden and its
impact on clinical outcomes. Disease severity markers have been incorporated into several
non-claims-based methods evaluating multimorbid burden, primarily among studies using
medical records, patient interviews, survey data, and chart review.1”-18 They have also been
selectively applied to claims data for specific diseases and scenarios, such as hospitalization
for acute stroke.19-24 Yet such severity markers have not been applied to measures of overall
multimorbid burden or in other broad-based systems. This is understandable, as in most
cases diagnosis codes available in claims data provide only information on the presence or
absence of disease and not its severity, and the types of claims-based markers that can be
used for specific diseases (such as receipt of a specific procedure or medication) are not
applicable across a range of diseases.

J Am Geriatr Soc. Author manuscript; available in PMC 2024 March 01.
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Our goal was to use Medicare claims data to construct markers of disease severity that

could be applied across a range of conditions and would thus potentially be useful to
improving assessment of multimorbid burden. For this purpose, we conceptualized disease
severity as the degree of symptoms and signs of a given disease, with higher disease severity
expected to confer worse prognosis for future clinical outcomes including functional decline
and/or death. We hypothesized that we could identify markers of disease severity that

were associated with worse prognosis, particularly when combined into a multimorbidity
index that reflects the cumulative impact of diseases on these outcomes. We thus assessed
whether inclusion of such severity markers could meaningfully improve prediction of patient
outcomes when applied to individual conditions and to a summative multimorbidity index,
compared with traditional methods of claims-based assessment that rely solely on measuring
the presence vs absence of diseases.

This study used Medicare claims data linked to older adults in the Health and Retirement
Study (HRS).25 Approximately 90% of HRS subjects with Medicare consent to linkage of
their Medicare data.28 This study included adults in the HRS panel who were age 67 years
or older in 2010, enrolled in Medicare Parts A and B at that time and over the 2 years

prior, had consented to linkage of their Medicare data, and were community dwelling at the
baseline (2010) HRS interview.

We evaluated 62 diseases and clinical syndromes (hereafter collectively termed
“conditions™) which were identified using ICD-9 codes from outpatient and inpatient
encounters using the Medicare Carrier, Outpatient, and Inpatient files. These conditions
were derived from a starting list of 129 conditions obtained from existing indices

of comorbidity, multimorbidity, and frailty, systematic reviews on the topic, additional
literature, and expert input (see Supplementary Text 1). This list was reduced to 62
conditions using criteria from a larger study that aimed to create better methods of assessing
multimorbid burden using claims data.2” This process excluded conditions which were
present in <1% of the study population, had strong conceptual overlap, or were not
associated with outcomes of ADL decline or hospitalization at P<.20. The goal of creating
this list was not to identify conditions that may be most amenable to or impacted by claims-
based severity assessment. Rather, our goal was to identify conditions whose presence

may contribute to adverse clinical outcomes (including functional decline, hospitalization,
and/or death), and then to determine if adding claims-based severity markers to these
conditions would yield greater ability to predict future clinical outcomes compared to simply
considering the presence or absence of these conditions.

We considered a condition to be present if there were 1 or more corresponding ICD-9 codes
over the 2 years prior to the 2010 HRS interview date. ICD-9 codes for each condition were
based on existing coding schemas including the HCUP Clinical Classification System,28
the Medicare Chronic Conditions Warehouse,29 claims-based adaptations of Charlson and
Elixhauser scores,30 research by Kim,3! Faurot,32 and Rosen33 (particularly for geriatric
conditions), and where necessary, additional literature.

J Am Geriatr Soc. Author manuscript; available in PMC 2024 March 01.
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We conceptualized disease severity as the degree of symptoms and signs associated with

a specific condition, which typically correlates with worse future outcomes. Prior research
on claims-based markers of disease severity has been almost exclusively focused on single
conditions using markers that are typically highly specific to that condition — for example,
use of home oxygen and systemic corticosteroids to predict outcomes in people with chronic
obstructive pulmonary disease.?! Such disease-specific markers are not applicable across a
range of conditions.

Our research team thus used group discussion, informed by extant literature and our research
and clinical experience, to create a suite of 7 candidate markers that could potentially be
used to assess severity of a variety of diseases in claims data. The first 4 included (1)
emergency department visit for that condition in the past year, (2) hospitalization for the
condition in the past year, (3) = 4 outpatient visits on separate days for that condition in

the past year, and (4) = 1 visit for that condition in the past 6 months. We defined a visit
being “for” that condition if the corresponding ICD-9 code was the primary reason for

visit or the primary discharge diagnosis. The 51" marker was having had an outpatient visit
with a provider who specializes in that condition over the past 6 months. To do this, we
mapped each of the 62 conditions to the corresponding specialty using clinical judgement;
for example, we designated cardiology as the specialty for heart failure (see Supplementary
Tables 3 and 4). Conditions such as chronic malaise or fatigue could not be reliably mapped
to a specialty. The 6! marker used ICD-9 codes which directly designated disease severity
or complications, for example codes corresponding to “diabetes with renal manifestations”
(ICD9: 250.4). Such distinctions were only available for 4 conditions (see Supplementary
Table 5). The 7t marker consisted of a positive “hit” for severity on any of the previous 6
markers (i.e., “any of the above™).

With limited exceptions these markers do not directly measure disease severity, but rather
represent factors that are plausibly associated with severity. For example, time-based
markers connote recency of a diagnosis being the focus of a clinical encounter. While this
does not guarantee that the condition is severe, it is more likely to be clinically active and
thus affecting the person’s health than a condition which was coded in the more distant past
but has not been the focus of a recent encounter.

For each subject, a condition was defined as absent (if there were no encounters with that
condition in the previous 2 years) or present. If the condition was present, for each marker it
was defined as severe if the marker definition was met and mild if the marker definition was
not met. Thus, a given condition for a subject might be considered severe according to some
markers and mild according to others.

The usefulness of these disease severity markers was assessed by their ability to enhance
prediction: namely, whether models that contained these markers were better able to predict
future clinical outcomes compared with equivalent models that only contained an indicator
of whether a disease was present or absent. The outcomes of interest were functional
decline, death, and acute care hospitalization, each assessed over 2 years following the
2010 baseline HRS interview. We defined decline in activities of daily living (ADLs) and
instrumental activities of daily living (IADLS) as requiring help in a greater number of

J Am Geriatr Soc. Author manuscript; available in PMC 2024 March 01.
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ADLs or IADLs at 2 year follow-up compared to baseline. ADLs included bathing, dressing,
transferring, walking across a room, toileting, and eating, and IADLs included preparing

a hot meal, shopping for groceries, managing money, taking medications, and using the
telephone; each were assessed using self or proxy report. Because functional status could
not be assessed in people who did not complete the follow-up assessment, subjects who
remained alive but without complete ADL data at baseline and/or follow-up were excluded
from analyses where ADL decline was the outcome. Analogous methods were used for
analyses involving the outcome of IADL decline. Death was assessed using National Death
Index and Medicare Beneficiary Summary file, and part of the HRS RAND file. Acute
care hospitalization was assessed using Medicare files; we excluded hospitalizations for
psychiatric illness and elective procedures.34

While our ultimate goal was to evaluate performance of disease severity markers in multi-
disease indices of multimorbidity, we started by testing each condition separately in limited
multivariable models to evaluate how they performed for individual conditions and to guide
assessment of which marker type was best suited to advance to multivariable testing. In
these initial analyses, for a given condition we constructed a model that contained only age,
sex, and an indicator variable denoting whether the condition was present or absent. We next
created a companion model that substituted the “disease yes/no” indicator variable with a
pair of indicator variables that indicated the presence of mild or severe disease (specified

as “mild disease yes/no” and “severe disease yes/no”). We then compared c-statistics for
these two models. We repeated this process for all 62 conditions, for each of the 7

disease severity markers, and for each of 2 outcomes (death and ADL decline). Because
ADL decline is impacted by the competing risk of death, we constructed multinomial
logistic regression models that accounted for this competing risk. The c-statistics for ADL
decline were calculated from the related binary logistic regression models that excluded
decedents and where the outcomes were ADL declined vs. not declined.2” We focused these
analyses on outcomes of ADL decline and death because they were of greatest a priori
interest for assessing how disease severity markers could yield better methods of assessing
multimorbidity burden using claims data.

We next sought to determine which of the 7 definitions performed best overall for

both outcomes. We defined this as a synthesis of (1) number of conditions with at

least marginally positive c-statistic gains in bivariate analysis, (2) the strength of those
associations, (3) the complexity required to implement the definition in claims data, and (4)
face validity. Inspection of graphs and summary statistics for our 62 conditions under the 7
definitions and 2 outcomes yielded no clear winner. Given this ambiguity, the research team
discussed the decision of which definition was the “best” one to advance for further testing
with an advisory panel convened for this study; Based on the research team’s judgement
with support of the advisory panel we selected the definition of “>=4 outpatient visits for
that condition in the past year” as the one we would advance for further testing.

Next, we tested the effect of incorporating this disease severity marker into a summative
multimorbidity model that captured the effect of multiple diseases.2” We had previously
created 4 of these base multimorbidity models and summative multimorbidity indices, each
corresponding to a separate outcome of interest. As reported elsewhere these predict several

J Am Geriatr Soc. Author manuscript; available in PMC 2024 March 01.
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clinical outcomes slightly to moderately better than legacy multimorbidity indices such

as the Charlson Comorbidity Index.2” Testing of disease severity markers was done on a
pre-final version of these models that included conditions with negative parameter estimates
(i.e.., which were protective against the outcome) and prior to conversion of parameters
estimates into integers for point-based scoring. As described elsewhere, c-statistics for these
pre-final models were very similar to c-statistics for the final version of the multimorbidity
indices that excluded protective conditions and used a point-based scoring system.2”

To evaluate whether disease severity markers could improve predictive power of our base
models, we explored several approaches. First, we replaced each disease yes/no indicator

in the base multimorbidity model with the corresponding disease-mild and disease-severe
indicators for that condition. Second, we re-derived each model whereby each condition was
entered either as a disease yes/no indicator and through a pair of disease severity indicators,
based on results of the testing each disease individually. Third, we took the individual
conditions for which disease severity markers yielded the highest gain in c-statistics, and
appended disease severity markers for those conditions to our base models. Finally, for each
subject we summed the number of conditions (out of the 62 candidate conditions) which
were classified as severe and added this single variable to our base models. In all cases, we
used the methods described above to compare the difference in c-statistics between the base
models (which included only disease yes/no indicators) and the revised models (which also
included disease severity indicators). The Spiegel-Halter Z score was used to assess model
calibration.

Because results from the multivariable models did not demonstrate any meaningful gain in
discrimination by incorporating markers of disease severity, we did not take the additional
steps of externally validating the results, as further reduction in c-statistics would not change
the conclusions of our work.

All analyses incorporate the respondents’ baseline HRS survey weights. Analyses were
performed using SAS version 9.4. This research was approved by the institutional review
boards of the University of California, San Francisco and the San Francisco VA Medical
Center.

Our sample included 5,102 subjects with a mean age of 76 years; 58.7% were female
(Table 1). Among this cohort, 25.5% were hospitalized and 8.9% died over the next 2 years.
Among those who remained alive, 8.7% experienced ADL decline and 10.9% experienced
IADL decline (after excluding 187 and 288 subjects who did not complete the follow-up
survey, respectively).

The 62 diseases we assessed are shown in Table 2. The proportion of people with a given
disease who were classified as severe varied widely between diseases and definitions of
severity (see Supplementary Table 2). Across all 62 conditions, the median (interquartile
range, IQR) of subjects whose disease was considered severe ranged from 0.6% (IQR 0.1%
- 2.5%) when severe disease was defined by hospitalization for the condition in the past 12

J Am Geriatr Soc. Author manuscript; available in PMC 2024 March 01.
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months, to 24.9% (IQR 17.9% - 33.3%) when severe disease was defined as a positive hit

on any of the other 6 severity markers. The median (IQR) frequency of severe disease across
the 62 conditions was 5.5% (IQR, 2.1% - 13.3%) for severity marker 3, which defines severe
disease as 4 or more outpatient visits for that condition in the past 12 months.

Figures 1 and 2 and Supplementary Figures 6A and 6B show the difference in c-statistics
between the single-disease models that include only indicators for the presence vs absence
of that disease vs. those that include indicators of the severity of that disease (all models
also included age and sex). Overall, inclusion of disease severity markers showed a stronger
effect for predicting the death outcome compared to the ADL outcome. Disease types with
the highest gain in c-statistic from inclusion of disease severity markers included respiratory
disorders other than asthma/COPD (c-statistic gain of 0.006 and 0.014 for ADL decline and
death, respectively), lung diseases due to external agents, fibrotic lung disease, and related
conditions (gain of 0.005 for ADL decline and 0.012 for death, respectively), non-metastatic
cancer (gain of 0.021 for death), and diabetes (gain of 0.008 for ADL decline). For each

of our 7 definitions of disease severity, the mean gain in c-statistic across the 62 conditions
tested was <=0.001for death and for ADL decline (Supplementary Table 7).

No disease severity marker performed unambiguously better than the others. Based on the
totality of results we selected severity marker #3 (four or more outpatient visits for a given
condition in the past 12 months) as the most promising marker for further testing.

Next, we developed multivariable models using this disease severity marker and compared
their performance to that of base multivariable models developed only with indicators of
whether a disease was present or absent, plus age and sex. (These base models, each of
which contained age, sex, and indicators for a variety of chronic conditions, correspond to
a measure of multimorbid burden with separate models developed for outcomes of ADL
decline, IADL decline, hospitalization, and death, as described in a separate publication).2
When compared to those original multivariable models, the models that accounted for
disease severity showed minimal changes in predictive power: a change in c-statistic of
0.003 for ADL decline, 0.002 for IADL decline, <0.001 for hospitalization, and 0.002 for
death (Table 3). An alternate approach, whereby we appended disease severity markers to
our original multivariable models, also yielded minimal gains in c statistics: 0.004 for ADL
decline, 0.007 for IADL decline, 0.002 for hospitalization, and 0.004 for death. Calibration
of all models was adequate (Spiegel-Halter Z score P value >0.05). Other variations of these
approaches had similar results (Table 3).

Supplementary Table 8 provides additional information comparing the odds ratios for mild
vs. severe forms of specific conditions. Within each outcome model (ADL decline, IADL
decline, hospitalization, death), several conditions showed a statistically significant (P<.05)
difference between odds ratios for mild and severe forms of that condition.

Discussion

Disease severity has important prognostic implications in clinical practice. Our study
sought to identify candidate markers of disease severity that could be broadly applied to

J Am Geriatr Soc. Author manuscript; available in PMC 2024 March 01.
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claims data, and thus could be used to improve approaches to measuring multimorbidity
using claims data for multiple different conditions. Gains in predictive power by adding
these markers were appreciable for a small number of specific diseases when considered
individually, particularly when predicting death. However, incorporating such markers in
multimorbidity indices and the models from which they arose yielded no appreciable gain in
their ability to predict ADL decline, mortality and other important outcomes.

While literature evaluating the impact of claims-based severity markers across

multiple illnesses is remarkably limited, disease-specific studies have been conducted

more frequently—often focusing on acute illness events—with results demonstrating
improvements in predictive model performance. This comports with most approaches to the
measurement of multimorbidity, whereby the validity of each of these measures is assessed
by its ability to predict future outcomes. In a study by Ford et al., researchers developed a
claims-based model to investigate the risk of in-hospital mortality for patients with severe
sepsis.3® This model incorporated measures of acute illness severity (mechanical ventilation,
vasopressor medication, hemodialysis, and treatment in the ICU), and attained a C-statistic
of 0.80 and 0.84. Similar studies have been conducted by Lagu and Schwarzkopf, with
comparable predictive ability for their sepsis mortality models.36:37 Simpson et al. developed
a Stroke Administrative Severity Index (SASI) to predict 30-day post stroke outcomes
including mortality and discharge to hospice.2® Adding the SASI score to a model with

age, sex, race and Charlson score improved the C-statistic from 0.72 to 0.77. Annavarapu
and colleagues validated a model with good predictive ability that evaluated risk of severe
chronic obstructive pulmonary disease (COPD) exacerbation, identifying history of severe
exacerbation, Deyo-Charlson comorbidity score, COPD-related inpatient stays, and use of
oxygen therapy as the strongest predictors associated with increased risk of exacerbation.?!

Our attempts to measure severity using broad-based approaches that could apply to a wide
array of diseases presented a different set of challenges. For several conditions, there were
clinically meaningful and statistically significant differences in the association between
mild vs. severe forms of disease with our outcomes of interest. However, given that these
approaches were not tailored to the specific circumstances of single condition, they were
less likely to yield major gains in predictive power for any given disease. Applying them

to multivariable and index-based models of multimorbidity also presented opportunities and
drawbacks. On one hand, small to moderate gains in predictive power across a series of
diseases have potential to accrue to meaningful gains when many of these diseases are
combined into single model. Conversely, gains in predictive power from certain diseases
(as found in our single-disease analyses) can be diluted by the negligible effects of others.
Moreover, each new piece of information (i.e., adding a new condition) in a multimorbidity
model typically yields diminishing returns for predictive power — such that there may have
been little opportunity to gain predictive power by adding disease severity to a model that
already had multiple disease predictors. Finally, perhaps the markers we evaluated were too
crude. While more refined measures are worth exploring, it may be that searching for a
one-size-fits-all marker of disease severity based on claims data, especially outside the acute
care setting, will not be fruitful.

J Am Geriatr Soc. Author manuscript; available in PMC 2024 March 01.
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There are some limitations to our study. Markers of disease severity were contingent on
patients receiving care in healthcare settings, including a mix of inpatient and outpatient
visits. Our measures thus to some extent entangle healthcare utilization with disease
diagnosis. For instance, if a person was unable to attend outpatient visits due to social
disadvantage and then became extremely ill and was hospitalized, this would be captured
during hospitalization but not during the outpatient visit. This person would thus not be
counted as having severe disease (or any disease at all) for markers that depend on diagnoses
from outpatient claims. In addition, our models were developed using ICD-9 codes to
identify diseases, and for marker #6 to identify severity. While ICD-10 codes offer different
opportunities, the increased granularity of these codes typically reflects finer gradations
between disease types and body parts affected, and not gradations of disease severity per se.
Certain markers of disease severity that we tested were present in only a small proportion

of people with a given condition, thus limiting the precision of estimates. We are unable

to distinguish to what extent our markers measured disease severity vs. disease activity,
although we suspect that these features are strongly (although not inextricably) linked for
many common clinical conditions. Finally, we validated our measures of disease severity by
their ability to predict future outcomes including functional decline and death, and we are
unable to comment on their ability to predict current symptoms, health care costs, or other
potential sequelae of heightened disease severity.

Our results showed that claims-based markers of disease severity did not improve the

ability of multimorbidity indices to predict ADL decline, mortality and hospitalizations.
These findings do not indicate that disease severity is not important — any clinician knows
otherwise. Thus, the task at hand is to develop better ways of accounting for disease severity
using claims data and to apply them wisely, recognizing that disease-specific approaches
may be more likely to bear fruit than broad-based, multi-disease approaches.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Key Points
. We developed 7 markers of disease severity that can be broadly applied to
claims data.
. For selected conditions, these markers improved prediction of outcomes.
. However, when applied broadly to the measurement of multimorbidity,

disease severity markers did not improve prediction of outcomes.
Why Does This Matter?

. Claims-based measures of multimorbidity have many valuable uses; the
failure of disease severity markers to improve multimorbidity assessment
shows that alternate methods will be required to better measure
multimorbidity in older adults.
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Figure 1. Change in c-statistics from incorporating markers of disease severity, for 7 disease
severity markers across 62 candidate conditions — ADL decline outcome

Columns correspond to each of 7 markers of disease severity: (1) Emergency department
visit for condition in the past year (“ED”), (2) Hospitalization for condition in past year
(“Hospital™), (3) = 4 outpatient visits for condition in the past 12 months (“Outpatient 12”),
(4) =1 outpatient visit for condition in past 6 months (“Outpatient 6), (5) Outpatient visit
to a specialist for that condition in past 6 months (“Specialty”), (6) ICD9 code directly
designating disease severity (“ICD,” only available for 4 of 62 conditions), (7) severe
disease on any of the above (“Any”).

The y-axis represents each of the 62 conditions shown in Table 2. Each cell is shaded
proportional to the gain in c-statistic for predicting future ADL decline obtained by using
that marker of disease severity compared to using only the presence or absence of disease;
darker shades correspond to a larger gain in c-statistic. Specifically, data represent the
differences in c-statistics between a model containing age, sex, and the single disease of
interest marked present vs absent, and a model containing age, sex, and the single disease of
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interest represented as separate indicator variables for “disease-mild” and “disease-severe.”
A shade of yellow corresponds to a difference of <=0.000; darker shades correspond to
larger differences, with the largest difference (medium-dark blue) shown on this figure being
0.008. A shade of white corresponds to the severity marker not being applicable to that
condition. See Supplementary Figures 6A and 6B for a more granular representation of these
data.
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Figure 2. Change in c-statistics from incorporating markers of disease severity, for 7 disease
severity markers across 62 candidate conditions - Death outcome

Columns correspond to each of 7 markers of disease severity: (1) Emergency department
visit for condition in the past year (“ED”), (2) Hospitalization for condition in past year
(“Hospital™), (3) = 4 outpatient visits for condition in the past 12 months (“Outpatient 12"),
(4) =1 outpatient visit for condition in past 6 months (“Outpatient 6”), (5) Outpatient visit
to a specialist for that condition in past 6 months (“Specialty”), (6) ICD9 code directly
designating disease severity (“ICD,” only available for 4 of 62 conditions), (7) severe
disease on any of the above (“Any”).

The y-axis represents each of the 62 conditions shown in Table 2. Each cell is shaded
proportional to the gain in c-statistic for predicting death obtained by using that marker of
disease severity compared to using only the presence or absence of disease; darker shades
correspond to a larger gain in c-statistic. Specifically, data represent the differences in
c-statistics between a model containing age, sex, and the single disease of interest marked
present vs absent, and a model containing age, sex, and the single disease of interest
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represented as separate indicator variables for “disease-mild” and “disease-severe.” A shade
of yellow corresponds to a difference of <=0.000; darker shades correspond to larger
differences, with differences >=0.010 shown in the darkest hue of blue. A shade of white
corresponds to the severity marker not being applicable to that condition. See Supplementary
Figures 6A and 6B for a more granular representation of these data.
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Characteristics of study population

Table 1.

Variable

%, adjusted for survey weights *

Subject Characteristics at Study Baseline

Age (years, median) 76
Female 58.7%
Race/ Ethnicity
White 86.9%
African American 6.6%
Hispanic and/or Latinx 4.7%
Other 1.8%
Highest level of Education
Less than high school diploma 19.5%
High school diploma or GED 31.3%
Some college 21.1%
College graduate and above 22.0%
Marital status
Single or never married 4.6%
Married or partnered 57.6%
Widowed 32.0%
Divorced or separated 8.8%
Comorbid Conditions (at baseline, from ICD codes)
Heart failure 15.9%
Chronic obstructive pulmonary disease 24.2%
Hypertension 81.5%
Diabetes 39.6%
Stroke 12.3%
Metastatic cancer 2.0%
Cognitive impairment 11.1%
Outpatient encounters in past year
0 2.7%
1 1.8%
22 95.5%
Hospitalizations in past year
0 80.7%
1 13.0%
22 6.3%
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Variable %, adjusted for survey weights *

Emergency department visits in past year

0 71.1%
1 18.2%
22 10.8%

Activities of daily living (ADLs) requiring dependence on another person

0 88.7%
1 4.9%
>=2 6.3%

Instrumental activities of daily living (IADLs) requiring dependence on another person

0 82.5%

1 9.2%

>2 8.3%
Outcomes

Hospitalization between baseline and 2 year follow-up *

Alive and never hospitalized 65.7%
Alive and hospitalized at least once 25.5%
Dead 8.9%

ADL decline between baseline and 2 year follow-up *

Alive without ADL decline 82.4%
Alive with ADL decline 8.7%
Dead 8.9%

IADL decline between baseline and 2 year follow-up *

Alive without ADL decline 80.2%
Alive with IADL decline 10.9%
Dead 8.9%

Death by 2 years follow-up
Alive 91.1%
Dead 8.9%

Results shown for cohort used to assess hospitalization and death (N=5102). The cohorts used to assess ADL and IADL decline were similar

but excluded people who did not complete the follow-up survey, or participated in that survey but did not fully complete questions on ADL and
IADL status. Results are adjusted for complex survey design including sampling weights. Outcome results were defined such that death superseded
hospitalization, i.e., someone who was hospitalized and then died before 2-year follow-up was classified as dead. Hispanic and/or Latinx ethnicity
were coded as a non-overlapping category with other racial groups listed.
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Conditions tested

Table 2.

Page 20

Condition number (as indicated

on graphs) Condition
1 Visual impairment & associated conditions
2 Auditory impairment & associated conditions
3 Ischemic heart disease (all)
4 Heart failure
5 Atrial fibrillation or flutter
6 Arrhythmias other than atrial fibrillation
7 Peripheral vascular disease
8 All chronic skin ulcers
9 Abnormal gait, difficulty walking
10 Falls
11 Weakness, muscle weakness
12 Hypertension
13 Delirium
14 Syncope
15 Chronic malaise or fatigue
16 Chronic pain including fibromyalgia
17 Obesity
18 Weight loss / malnutrition / cachexia; adult failure to thrive; or debility
19 Chronic obstructive pulmonary disease (COPD)
20 Respiratory disorders other than asthma/COPD
21 Lung disease due to external agents, fibrotic lung disease, or related
22 Upper gastrointestinal disease (ulcer, gastritis, duodenitis, dyspepsia, reflux)
23 Crohn’s disease & ulcerative colitis
24 Diverticulosis & diverticulitis
25 Esophageal diseases (specified)
26 Esophageal disorders (not otherwise specified)
27 Dysphagia
28 Gallbladder disease
29 Constipation
30 Fecal incontinence
31 Liver disease (not otherwise specified)
32 Benign prostatic hypertrophy / lower urinary tract symptoms (BPH/LUTS)
33 Chronic renal insufficiency
34 Female pelvic organ prolapse
35 Other and unspecified female genital disorders
36 Female genital and reproductive tract disorders
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Condition number (as indicated

on graphs) Condition
37 Diabetes
38 Hyperlipidemia
39 Fluid and electrolyte disorders
40 Metastatic cancer (solid tumors)
41 Non-metastatic cancer (solid tumors)
42 Hematologic malignancy (acute or intermediate)
43 Anemia, iron deficiency
44 Anemia, other or unspecified
45 Venous thromboembolic disease
46 HIV infection
47 Hepatitis
48 Cognitive impairment
49 Cerebrovascular disease or paralysis
50 Epilepsy
51 Parkinson’s disease
52 Hereditary and degenerative nervous system conditions other than Parkinson’s disease
53 Neuropathies (peripheral neuropathy)
54 Tobacco use
55 Alcohol abuse
56 Depression
57 Anxiety disorder
58 Psychoses
59 Insomnia and sleep disorders other than apnea
60 Hip, long bone, or pathological fracture
61 Back pain and related disorders
62 Osteoarthritis and other non-traumatic joint disorders, not including rheumatoid arthritis and related

diseases (any location)
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Difference in c statistics between multimorbidity models that do vs. do not account for disease severity.

Outcome
ADL decline IADL decline Hospitalization Death
Model c- Gainin c- Model c- Gainin c- Model Gaininc- Model Gaininc-
statistic statistic statistic statistic c- statistic c- statistic
compared compared statistic compared statistic compared
with with with with
original original original original
model model model model
Model
without -
disease ggg;‘m 0.790 - 0.755 - 0711 - 0.813 -
severity
markers
Re-derived 0.787 -0.003 0.757 0.002 0.711 <0.001 0.815 0.002
Model 1
Models Re-derived 0.789 -0.001 0.756 0.001 0.710 -0.001 0.818 0.005
with Model 2
disease
severity Appended 0.794 0.004 0.761 0.006 0.713 0.002 0.817 0.004
markers Model 1
Appended 0.790 <0.001 0.755 <0.001 0.711 <0.001 0.813 <0.001
Model 2

Original model:

conditions (without accounting for disease severity). Separate models were available for each outcome.

Full multimorbidity index model that includes age, sex, and indicators corresponding to the presence vs absence of 17-26 chronic

Re-derived model 1: The full multimorbidity index model was re-derived using indicators of disease severity applied to the 62 conditions of
interest. Separate models were derived for each outcome.

Re-derived model 2: The full multimorbidity index was re-derived using a mix of disease present vs absent indicators and indicators for disease
severity applied to the 62 conditions of interest. Separate models were derived for each outcome.

Appended model 1: Disease severity markers that added gain in c-statistic of >0.002 in single-disease models were appended to the variable list in
the original model.

Appended model 2: A summary variable representing the number of conditions considered “severe” for that subject, among the 62 candidate

conditions, was appended to the completed original model.

For all analyses shown in this table, severe disease was defined as a condition being coded as the primary reason for visit in >=4 outpatient
encounters in the previous 12 months.

In some cases, rounding of results had made figures in the “gain in c-statistic” column not exactly equal to the difference between the
corresponding original and revised model.
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