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Chronic condition clusters and associated
disability over time

Tara C Klinedinst1,2,*, Lauren Terhorst3,4,5 and Juleen Rodakowski3,5

Abstract

Objectives: Recent evidence shows that more complex clusters of chronic conditions are associated with poorer health
outcomes. Less clear is the extent to which these clusters are associated with different types of disability (activities of daily
living (ADL) and functional mobility (FM)) over time; the aim of this study was to investigate this relationship.

Methods: This was a longitudinal analysis using the National Health and Aging Trends Study (NHATS) (n = 6179). Using
latent class analysis (LCA), we determined the optimal clusters of chronic conditions, then assigned each person to a best-fit
class. Next, we used mixed-effects models with repeated measures to examine the effects of group (best-fit class), time
(years from baseline), and the group by time interaction on each of the outcomes in separate models over 4 years.

Results: We identified six chronic condition clusters: Minimal Disease, Cognitive/Affective, Multiple Morbidity, Oste-
oporosis, Vascular, and Cancer. Chronic condition cluster was related to ADL and FM outcomes, indicating that groups
experienced differential disability over time. At time point 4, all chronic condition groups had worse FM than Minimal
Disease.

Discussion: The clusters of conditions identified here are plausible when considered clinically and in the context of
previous research. All groups with chronic conditions carry risk for disability in FM and ADL; increased screening for
disability in primary care could identify early disability and prevent decline.
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An estimated 81% of adults aged 65 years and older in the
United States have multiple chronic conditions (MCC),
characterized by the presence of two or more chronic
conditions in the same person.1 Managing MCC is bur-
densome, both for the healthcare system and the individual;
consequently, having MCC is associated with poor quality
of life,2 disability,3 high health care utilization,4 and high
mortality.5 Recent research suggests that certain chronic
conditions may predictably co-occur, potentially due to
common genetic, lifestyle and environmental propensities.6

Researchers have identified clusters of co-occurring chronic
conditions and linked these clusters to relevant health re-
lated outcomes, like health care utilization, quality of life,
and independent living.7–11 Though no definitive clusters of
conditions have arisen from this research, there is support
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for the idea that the impact of having MCC is greater than
the cumulative effects of single diseases alone, and this
research may indicate common pathways to disability.6

Identifying clusters of chronic conditions may help iden-
tify groups with similar clinical trajectories and assist cli-
nicians and health care systems to identify older adults who
are in need of rehabilitation services in order to safely and
independently age in community.

Carrying out activities of daily living (ADL; e.g., eating,
dressing, bathing) and functional mobility (FM; getting
around the house and community) are critical to aging in
community, but require different mental and physical
ability. For example, mental functions, like planning and
sequencing, and fine motor skills are required to complete
ADL independently, but balance and physical capacity are
necessary for independent FM. Because of this difference,
we hypothesize that certain clusters of chronic conditions
may differentially impact ADL versus FM.

Similar research has been previously carried out in
Spanish adults (aged 50 years and older). For these adults,
multimorbidity clusters were associated with higher level of
disability in ADL compared to the reference group
(“healthy” adults) at baseline and at 3-years follow-up.8

Though innovative in its science, this study was limited by a
relatively young and healthy sample (63.8% of the sample
was classified as healthy). Given these limitations, we need
to understand how chronic conditions cluster together in a
wide variety of older adults, and the influence of these
clusters on longitudinal disability and FM outcomes. To
understand the impact of MCC on disability and determine
if common pathways to disability exist, we tested the extent
to which chronic condition clusters are associated with
different types of disability over time in older adults.

Therefore, the aim of this research is to first identify
clusters of chronic conditions that tend to co-occur, then link
these groups to ADL and FM disability trajectories. Un-
derstanding the extent to which specific clusters of chronic
conditions are associated with types of disability over time
will provide evidence for directing intervention efforts to-
ward sub-populations who are at risk for disability and do
not currently receive supports. This information is critical to
clinicians who work with older adults with chronic con-
ditions as well as policy makers who influence how reha-
bilitation services are administered.

Methods

Participants

This study uses data from the National Health and Aging
Trends Study (NHATS). Started in 2011, the NHATS is an
annual in-person survey of a nationally representative
sample of older adults aged 65 years and older in the United
States. The participants were 6179 older adults who were

community-dwelling at baseline (round 5). We used the
round five cohort (2015) as baseline because the NHATS
sample was refreshed in round five and using this cohort
promised the largest and most recent data set, then followed
participants for three additional years to plot disability and
FM data.

Chronic conditions variables and covariates

Presence of 11 individual chronic conditions. Yes/no to ‘has a
doctor ever told you that you have the following diseases’:
heart disease, high blood pressure, arthritis, osteoporosis,
diabetes, lung disease, stroke, dementia, cancer, heart attack,
and depression. These variables were obtained from the 2015
(round 5) cohort of NHATS and are the only chronic con-
ditions collected by the survey. These dichotomous variables
were entered into the latent class analysis (LCA) to identify
clusters of chronic conditions that tend to co-occur.

Covariates. Gender (man vs woman), minority status (all
races/ethnicities vs white), age in years at time of interview,
and education level (at least some college vs. HS or less)
were included as covariates in the LCA to aid in
classification.12

Disability and FM variables

The outcome variables were obtained from the 2015 to 2018
(rounds 5–8) cohorts of NHATS.

Activities of daily living variable. The basic ADL variable was
constructed from the Self-Care Activities scale of the
NHATS. Participants reported any level of difficulty eating,
showering, using the toilet, or dressing (1 = none, 4 = a lot)
and those who do not complete self-care activities by
themselves were assigned a 5. Possible range is 4–20, where
higher scores indicate more difficulty with ADL.

Functional mobility variable. The FM variable was con-
structed from the mobility scale of NHATS. The variable
was constructed using questions about difficulty accessing
spaces inside and outside of the house by themselves. How
much difficulty leaving the house to go outside, getting
around inside the home, and getting out of bed (1 = none, 4
= a lot, those who reported they do not do these activities
were assigned a 5). The possible range of this variable is 3–
15, where higher scores mean worse FM.

Statistical analyses

Descriptive statistics. We performed descriptive statistics on
this sample to determine baseline characteristics in age,
number of comorbidities, gender, minority status, and ed-
ucation level stratified by class.
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Latent class analysis. Latent class analysis is a statistical
method used to determine if an unobserved (latent) variable
exists within a set of variables by modeling probabilities of
class (i.e., best-fit group) membership.13 We first tested
increasingly complex models, beginning with three groups
and ending with six groups. We determined the optimal
number of groups using the Bayesian Information Criterion
(BIC), Akaike Information Criterion (AIC), entropy, and
clinical interpretability.7 The BIC reflects how well the
model fits the data, and models with smaller BIC values are
preferred. For clinical interpretability, we discussed whether
each model had clinical significance (i.e., do these clusters
make sense?). We included the covariates in the LCA to aid
in classification, which provided us with odds ratios, a way
to describe the likelihood of class membership of each
covariate, using the minimal disease group as the reference.
We used SAS PROC LCA, an add-in SAS procedure, to
conduct the LCA.12

Growth curve modeling. We used repeated measures models
with fixed and random effects to examine the impacts of
group (chronic condition cluster), time (years from
baseline), and the group x time interaction on each of the
outcomes. We also included the random effect of indi-
vidual variance in the model. Model parameters were
estimated using full maximum likelihood technique. We
tested the following distributions: negative binomial,
gamma, and Poisson, and chose the best fit based on the
model with the lowest BIC, and transformed least square
estimates back to the original scale for interpretation. The
outcomes for the growth curve models were our daily
activity variables: FM and ADL. We also used post-hoc
t-tests with adjustment for multiple comparisons to probe
simple differences of least squares means to compare
each group at each time point for each outcome. We
excluded all participants in the growth curve trajectory
who had less than two follow-up data points for the
disability variables.14 After excluding those individuals,
we had less than 3% missing for chronic conditions and
covariates, so we used pairwise exclusion. Sampling
weights and covariates (gender, age, minority status, and
education) were incorporated into the final models. We
used SAS PROC GLIMMIX to model the group
trajectories.

Results

Participants

Our final sample was 6171 older adults. The mean age
was 77.9 years (SD = 7.6) and mean overall number of
chronic conditions was 2.5 (SD = 1.5). Approximately
57% of the sample was female, and 31% was a racial or
ethnic minority. Roughly half of the sample (51.4%) had

at least some college education. For a complete break-
down of participant demographics by condition cluster,
see Table 1.

Latent class analysis

Modeling the optimal number of groups. Clusters of chronic
conditions were best modeled with six groups. The 6-group
model was chosen by comparing AIC, BIC, entropy, and
clinical meaningfulness among models with three through
six groups without covariates. When our model included six
groups versus five groups, a group with highest prevalence
of depression and dementia emerged (our Cognitive/
Affective group). Given previous research that demon-
strates associations among individuals with cognitive/
affective conditions and disability,9 we concluded that
this would be an important group to include in the model.
Groups were named based on excess prevalence of disease
compared to prevalence in the total sample. Bayesian In-
formation Criterion for 3–6 group models without co-
variates are in Supplemental Table 1.

Characteristics of chronic condition groups. Our Minimal
Disease group, named for having no excess prevalence of
disease, made up nearly 34% of our sample (see Table 1 for
sample characteristics and probabilities of class member-
ship, and Table 2 for odds ratios for sociodemographic
characteristics). These individuals were the youngest group
(mean age = 75.2 years) and had an average of 1.5 chronic
conditions. The Cognitive/Affective group had excess
prevalence of every chronic condition, except diabetes and
cancer, with the highest prevalence of depression and de-
mentia across groups (4.8% of the sample). This group was
the oldest (mean age = 86.8 years) and had the highest
average number of chronic conditions (mean = 4.1). This
group was disproportionately female with lower levels of
education. We named the Multiple Morbidity group due
to excess prevalence of heart disease, high BP, osteo-
porosis, diabetes, and depression, and highest probability
of arthritis and lung disease (26.6% of the sample). In-
terestingly, our Multiple Morbidity group was almost
exclusively comprised of women (97%) and was one of
our older groups (mean age = 79.7 years). Our Osteo-
porosis group was disproportionately comprised of white
women with at least some college education and had
excess prevalence of cancer and the highest probability of
osteoporosis (13.5% of the sample). On the other hand,
our Vascular group, roughly 11% of the sample, was
majority male (67%) and non-white (62%). We named
this group Vascular due to excess prevalence of arthritis,
lung disease, dementia, cancer, and depression, but
highest prevalence of conditions that damage or result
from damage to blood vessels: heart disease, high blood
pressure, diabetes, stroke, and heart attack (10.9% of the
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sample). Our Cancer group was relatively older (mean
age = 81.7 years) with relatively fewer chronic conditions
(mean = 2.1). This group was majority male (16.1%
female) and white (97.8%). The Cancer group had excess
prevalence of heart disease and heart attack, but highest
probability of cancer (10.5% of the sample).

Median class membership probability for the sample was
0.72 (range = 0.29–1.00); this is the probability that indi-
viduals were assigned to the correct group. Therefore, at
least 50% of the sample had 0.72 or greater probability of
actual membership in the group to which they were
assigned.

Table 1. Characteristics of study sample by best-fit class and probabilities of class membership based on excess prevalence of disease.

Demographic variable Total sample
Minimal
diseasea

Cognitive/
Affectiveb

Multiple
morbidityc Osteoporosisd Vasculare Cancerf

N (%) 6171 2080 (33.7) 296 (4.8) 1640 (26.6) 835 (13.5) 671 (10.9) 649 (10.5)
Age, mean (sd) 77.9 (7.6) 75.2 (6.6) 86.8 (6.7) 79.7 (7.2) 75.7 (7.0) 76.6 (6.5) 81.7 (7.8)
Number chronic
conditions, mean (sd)

2.5 (1.5) 1.5 (1.0) 4.1 (1.4) 3.4 (1.0) 1.7 (1.0) 4.0 (1.3) 2.1 (1.1)

Female, n (%) 3520 (57.0) 605 (29) 217 (73.3) 1590 (97.0) 835 (100) 168 (33.4) 105 (16.1)
Minority, n (%) 1937 (31.4) 753 (36.2) 142 (48.0) 585 (35.7) 30 (3.6) 413 (61.5) 14 (2.2)
At least some college,
n (%)

3171 (51.4) 1121 (53.9) 82 (27.7) 683 (41.6) 637 (76.3) 175 (26.1) 473 (72.9)

Chronic condition Prevalence in
total sample

Prevalence of chronic condition by best-fit class

Heart disease 20.4 0.0 28.1* 24.6* 4.4 45.3** 36.7*
High BP 70.8 57.7 81.2* 92.3* 38.5 93.3** 62.0
Arthritis 61.2 36.5 75.4* 88.4** 59.3 68.0* 47.4
Osteoporosis 24.1 1.6 44.2* 46.9* 50.1** 12.4 5.7
Diabetes 28.3 22.3 26.0 35.2* 1.5 62.1** 15.1
Lung disease 18.2 8.3 20.8* 28.1** 13.6 27.2* 16.0
Stroke 5.9 3.4 15.9* 5.6 1.2 19.4** 4.0
Dementia 6.1 1.3 69.1** 0.0 0.0 7.4* 1.0
Cancer 15.6 14.8 10.7 13.7 17.2* 23.5* 30.8**
Heart attack 8.2 2.2 9.8* 5.6 1.0 32.8** 19.7*
Depression 13.4 8.5 33.9** 17.0* 3.6 33.6* 1.3

Note. BP = blood pressure.
* excess prevalence of condition compared to overall sample.
** highest prevalence of condition.
Key for group naming.
a no excess prevalence of any disease
b highest prevalence of dementia and depression
c excess prevalence of gradual-onset chronic conditions
d highest prevalence of osteoporosis
e highest prevalence of conditions that damage or result from damage to blood vessels
f highest prevalence of cancer.

Table 2. Odds ratio estimates by group (95% confidence intervals).

Covariate Cognitive/affective Multiple morbidity Osteoporosis Vascular Cancer

Age 1.24 (1.13, 1.36) 1.07 (1.03, 1.12) 1.02 (0.97, 1.08) 1.03 (0.99, 1.07) 1.11 (1.03, 1.19)
Minority status 1.67 (0.83, 3.36) 0.81 (0.39, 1.70) 0.14 (0.06, 0.32) 1.91 (1.02, 3.57) 0.12 (0.02, 0.57)
Sex, female 4.00 (0.75, 21.77) 22.94 (5.74, 94.36) 257.50 (0.19, 3577.85) 0.87 (0.47, 1.60) 0.69 (0.28, 1.68)
At least some college 0.51 (0.27, 0.95) 0.90 (0.52, 1.57) 1.93 (1.13, 3.29) 0.41 (0.24, 0.72) 1.78 (1.00, 3.19)

Note. With Minimal Disease group as reference category.
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Growth curve models

We modeled each group’s disability trajectory for ADL and
FM. When comparing the BIC of different distributions, we
found that our outcomes were best modeled using a gamma
distribution for ADL and negative binomial for FM
(Supplemental Table 1). The final follow-up assessment was
conducted about 3 years following baseline. Table 3 and
Table 4 report the betas with standard errors, least square
means with standard errors and 95% confidence intervals
for groups over time for both FM and ADL. Group by
time interactions were significant for both FM and ADL
(See Tables 3 and 4, respectively). When we probed
simple differences between best-fit groups at each time
point, we found at FM time point 4, all groups had
differentiated from minimal disease. Cognitive/Affective
(β = 0.41, SE = 0.06, t = 7.15, p < .001), Multiple
Morbidity (β = 0.26, SE = 0.03, t = 9.24, p < .001),
Osteoporosis (β = 0.29, SE = 0.04, t = 7.89, p < .001),

Vascular (β = 0.33, SE = 0.04, t = 9.33, p < .001), and
Cancer (β = 0.0.27, SE = 0.04, t = 7.69, p < .001) all had
significantly worse FM than the Minimal Disease group.
For ADL, we did not find significant differences between
groups at time point 4.

Discussion

We used a data-driven clustering approach (LCA) to
determine which chronic conditions tend to co-occur and
then mapped out a 4-year disability trajectory for our
outcomes: ADL and FM. We identified six different groups
of chronic conditions; all groups carried risk for disability in
ADL and FM that increased with time. At 4 years, all groups
with MCC had worse FM than the minimal disease group.
Having MCC has consistently been associated with worse
health outcomes and increased health care utilization; our
findings have important implications for how we distribute
healthcare services and suggest a way to bolster disability

Table 3. Results from group x time interactions for FM.

Group Time β SE LSM SE 95% CI

Cognitive/Affective 1 1.47 0.05 4.35 0.20 3.99 4.74
2 1.60 0.05 4.95 0.24 4.50 5.44
3 1.66 0.06 5.24 0.28 4.72 5.82
4 1.80 0.07 6.03 0.38 5.34 6.81

Multiple morbidity 1 1.43 0.03 4.18 0.11 3.98 4.40
2 1.56 0.03 4.75 0.13 4.50 5.01
3 1.59 0.03 4.89 0.15 4.62 5.19
4 1.65 0.04 5.19 0.18 4.87 5.54

Osteoporosis 1 1.45 0.04 4.24 0.14 3.99 4.51
2 1.59 0.04 4.89 0.17 4.58 5.22
3 1.60 0.04 4.93 0.19 4.57 5.30
4 1.68 0.05 5.34 0.23 4.92 5.80

Vascular 1 1.43 0.04 4.18 0.14 3.93 4.44
2 1.61 0.04 4.98 0.18 4.65 5.33
3 1.58 0.04 4.85 0.19 4.49 5.23
4 1.73 0.05 5.60 0.24 5.15 6.09

Cancer 1 1.40 0.04 4.04 0.13 3.81 4.30
2 1.55 0.04 4.68 0.16 4.39 4.98
3 1.62 0.04 5.05 0.20 4.69 5.44
4 1.66 0.05 5.25 0.22 4.84 5.68

Minimal disease 1 1.41 0.02 4.08 0.08 3.93 4.24
2 1.55 0.03 4.69 0.10 4.50 4.89
3 1.57 0.03 4.79 0.12 4.57 5.02
4 1.39 0.03 4.00 0.10 3.81 4.19

Results for type III test of fixed effects

Group Time Group x time
interaction

F = 6.82, p < .001* F = 156.86, p < .001* F = 16.89, p <
.001*

Note. FM = functional mobility, LSM = least squares mean.

Table 4. Results from group x time interactions for ADL.

Group Time β SE LSM SE 95% CI

Cognitive/Affective 1 1.65 0.04 5.20 0.21 4.79 5.63
2 1.80 0.05 6.03 0.28 5.51 6.59
3 1.84 0.05 6.29 0.32 5.69 6.95
4 1.85 0.05 6.34 0.35 5.70 7.06

Multiple morbidity 1 1.60 0.03 4.96 0.15 4.66 5.27
2 1.74 0.03 5.71 0.18 5.38 6.07
3 1.78 0.03 5.94 0.20 5.56 6.35
4 1.81 0.04 6.11 0.22 5.70 6.56

Osteoporosis 1 1.61 0.03 4.98 0.16 4.67 5.31
2 1.78 0.03 5.90 0.20 5.53 6.31
3 1.78 0.04 5.92 0.22 5.51 6.36
4 1.79 0.04 5.98 0.24 5.53 6.46

Vascular 1 1.60 0.03 4.98 0.15 4.68 5.29
2 1.80 0.03 6.05 0.21 5.66 6.47
3 1.76 0.04 5.83 0.22 5.42 6.28
4 1.82 0.04 6.20 0.25 5.73 6.70

Cancer 1 1.57 0.03 4.81 0.14 4.54 5.10
2 1.73 0.03 5.64 0.18 5.30 6.00
3 1.83 0.04 6.25 0.23 5.83 6.71
4 1.76 0.04 5.80 0.22 5.39 6.25

Minimal disease 1 1.59 0.03 4.89 0.14 4.63 5.17
2 1.73 0.03 5.64 0.16 5.35 5.96
3 1.76 0.03 5.84 0.18 5.50 6.20
4 1.77 0.03 5.89 0.19 5.53 6.28

Results for type III test of fixed effects

Group Time Group x time
interaction

F = 1.33, p = .25 F = 331.36, p < .001* F = 2.46, p =
.001*

Note. ADL = activities of daily living, LSM = least squares mean.
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prevention and aging in community in older adults with
MCC.

Our chronic condition groups roughly agree with previous
work using LCA to identify clusters of disease.7 For example,
the minimal disease group was the largest group in this re-
search, a result that replicates previous findings.7,8,11,15

Additionally, a systematic review of multimorbidity clus-
tering studies has identified two reliably-produced clusters:
mental health disorders and cardio-metabolic.16 These
roughly relate to our Cognitive/Affective and Multiple
Morbidity groups. These findings, alongside others, provide
plausible evidence for the existence of groups of disease that
tend to co-occur.6,17 However, as a whole, studies using LCA
to identify clusters of co-occurring conditions have yielded
mixed results.6 We hypothesize that differences in findings
are due to differences in the sample (size and demographics)
and variety of diseases counted. For example, variety of
chronic conditions collected is highly dependent on the re-
search study. Obesity, autoimmune disorders, and back/neck
pain, which are common and potentially debilitating chronic
conditions, have been collected by other researchers,6 but not
by NHATS. However, our disease groups are plausible when
examined related to age and number of chronic conditions,
and this alignment provides confidence that these clusters
could reasonably predict longitudinal disability. These
findings, considered in the context of previous work, are
necessary to begin drawing connections among studies to
identify clinical pathways to disability.

In the Vascular group, there was a high prevalence of
older adults with diabetes. There is an established link
between diabetes and vascular diseases, where oxidative
stress and inflammation triggered by insulin resistance is
thought to be a contributing factor.18 In the Osteoporosis
group, there is a high prevalence of both osteoporosis and
cancer. Though it is impossible to say that one is a precursor
to the other, the bone loss associated with cancer and cancer
treatment could be one causal explanation for this link.19

Alternatively, in the Cancer group, the highest prevalence of
related chronic conditions were heart disease followed by
heart attack. Interestingly, researchers have found elevated
baseline levels of a biomarker (BNP; released when there is
damage to the heart) in patients who later develop cancer
when compared to those who have not developed cancer.20

There was robust representation of cardiovascular diseases
in the Cognitive/Affective group. Cardiovascular diseases
are strongly implicated in development of dementia.
However, research has suggested that lifestyle risk factors
for cardiovascular disease may be more to blame than the
disease itself.21 Despite the linkages with biomarkers and
inflammatory pathways, lifestyle factors may play as im-
portant of a role as physiology in development of chronic
conditions. Smoking, poor nutrition, sedentary behavior,
and excessive drinking are modifiable risk factors that
contribute to nearly every chronic condition diagnosis

studied here, and are likely actors in this research.22 Despite
the complexity of influences on disability, we demonstrated
a longitudinal difference in FM using chronic conditions
and sociodemographic factors to form our groups.

The results of our trajectory for FM indicated that some
groups of individuals have disease and disabilities with
gradual onset. These individuals may not present for hos-
pital services and therefore are at risk of not being directed
to appropriate rehabilitation services. Our Multiple Mor-
bidity group, for example, was comprised of mostly women
with excess prevalence of conditions with gradual-onset
symptoms and disability (i.e., no excess prevalence of
stroke, heart attack, or cancer). This group had roughly the
same number of chronic conditions as our Vascular group
(mean = 3.4 vs. 4.0) but was older (79.7 vs 76.6 years old).
This finding suggests the presence of a group of older adults
that have gradual-onset conditions that may be accompa-
nied by gradual-onset disability. In our current hospital-
based model of rehabilitation referral, this gradual-onset
disability may progress undetected and untreated if no
serious life-threatening medical intervention is required.
Additionally, this group was heavily comprised of women;
and there is a well-established phenomenon that women live
longer than men, but with poorer health and more
disability.23,24 The needs of older adults with chronic health
conditions are not likely to be effectively addressed without
rehabilitation, raising the risk of increased disability,
mortality, and institutionalization.25 Increased screening for
deficits in daily activity and FM in primary care could help
identify early deficits and direct individuals to needed re-
habilitation services.26,27 Primary care, where the diagnosis
and management of most health conditions takes place,
remains a critical platform for identification of problems
with function. To implement this change in rehabilitation
services, clinicians should take advantage of existing but
underused pathways for referral and reimbursement. For
example, only 3–16% of eligible patients with chronic
obstructive pulmonary disease are referred to pulmonary
rehabilitation despite the overwhelming evidence of ben-
efits to health and functional status.28 Research indicates
that lack of knowledge of available services is a primary
reason for underutilization of these services.29 Another
reason may be limited access to rehabilitation resources,
particularly in rural areas.30 Equipping primary health care
personnel to provide assessment of disability and functional
capacity and increasing the workforce of rehabilitation
professionals are two necessary actions to increase the
capacity to provide adequate rehabilitative care.25

Interestingly, our Osteoporosis group had similar dis-
ability in FM to older groups with more mean chronic
conditions. Though osteoporosis may not be disabling per se,
it is a primary contributor to hip fracture, a highly debilitating
acute injury. Hip fracture was not considered in this analysis
because it is not a chronic condition, even though functional
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deficits resulting from hip fracture can persist at least
2 years.31 Women experience ¾ of all hip fractures, and a
large proportion of those are attributed to osteoporosis.32

Given this evidence, there is the possibility that osteoporosis
progressed to hip fracture for many of the women in this
group, which could have accounted for the similar disability
in FM seen in this group and others with MCC.

In previous research, chronic condition groupings in-
cluding cognitive and affective disorders have had lower
ADL performance than other groups.9 Given that our
sample included only community-dwelling older adults, our
Cognitive/Affective group was small (n = 296, 4.8% of the
total sample). The small size of the group could mean there
was insufficient data to detect a difference between this
group and others. That said, when we examined graphs of
the group trajectories, the Cognitive/Affective group con-
sistently trended toward worse disability in FM and ADL
than other groups.

We did not see significant differences between groups at
time point 4 for ADL. We hypothesize that since these older
adults were community-dwelling at baseline, disability in
ADL was relatively low; after all, dependency in ADL is a
primary predictor of nursing home admission.33 The groups
had significant increase over time in ADL disability and a
significant difference between groups over time; however,
at time point 4, these groups were not different. This may
indicate short-term disability in ADL due to acute illness or
surgery that was resolved over time.

Strengths, limitations, and future research

One strength of this research is the use of a large, nationally
representative dataset. A few key limitations should be con-
sideredwhen interpreting these findings. First, it is important to
note that while these clusters of conditions emerged based on
presence of chronic conditions at baseline, movement among
the groups that was not detected over the remaining three time
points may have occurred. Despite this limitation, a clear
separation in FM between groups with MCC and the minimal
disease group was detected. Future researchers could use
similar methods (e.g., latent transition analysis, clustering
methods) to understand movement between groups over time.
As noted previously, this study was limited to only 11 chronic
conditions collected in this dataset. The possibility exists that
individuals in our study have chronic conditions that are
impacting daily functioning that are not represented here. For
example, the Centers for Medicare and Medicaid Services
recognizes 21 chronic conditions, including several mental
health conditions. Further, chronic condition diagnosis is
collected by self-report, as opposed to medical records or
clinical examinations, which may have provided more accu-
rate diagnoses. There are also some limitations related to the
misclassification error. As indicated, the median class mem-
bership probability was .72, which means that the median

probability of misclassification was .28. This error probability
is similar to previous work,7 where the authors indicated di-
minished enthusiasm for LCA based on this result. However,
we believe that the value of this research lies in the ability of
the chronic condition clusters to predict FM over 4 years, for
which we found support. Other researchers have overcome
highmisclassificationwith fewer clusters, but these clusters are
very broad, which may limit practical application.8

Conclusion

The pathways to disability are complex and intertwined;
factors such as physiology, psychosocial, and sociodemo-
graphic status, and lifestyle factors are at the heart of the
interaction between multimorbidity and functional im-
pairment.34 While we expected differences among groups
based on number of chronic conditions and cognitive/
affective impairment, we found was that all groups with
MCC had worse FM than the minimal disease group at
4 years. This finding suggests that all clusters of multi-
morbidity carry risk for disability in FM. Some of these
groups, for example, multimorbidity and osteoporosis, may
not progress to life-threatening, acute events. However,
these groups still carry risk for disability that may not be
addressed in traditional, hospital-based rehabilitation re-
ferral systems. Integrating screening and rehabilitation
services into primary care is one way to meet the needs of
older adults who overwhelmingly prefer to age in
community.35
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