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Abstract

Objectives: This study identified different multimorbidity patterns among adults with subjective cognitive decline (SCD) and
examined their association with SCD-related functional difficulties. Methods: Data were obtained from the 2019 Behavioral
Risk Factor Surveillance System. Latent class analysis was applied to identify different patterns of chronic conditions. Logistic
regression was implemented to examine relationships between multimorbidity patterns and risk of SCD-related functional
difficulties. Results: Five multimorbidity patterns were identified: severely impaired (14.6%), respiratory/depression (18.2%),
obesity/diabetes (18.6%), age-associated (22.3%), and minimal chronic conditions group (26.3%). Compared with minimal
chronic conditions group, severely impaired group was most likely to report SCD-related functional difficulties, followed by
respiratory/depression and obesity/diabetes group. Discussions: Individuals in the three multimorbidity groups had elevated
risk of SCD-related functional difficulties compared with minimal chronic conditions group. Characteristics of the high-risk
groups identified in this study may help in development and implementation of interventions to prevent serious consequences of

having multiple chronic conditions.
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Background

The percentage of US residents living with at least one
chronic disease increased from 40% to 60% in 2009 and the
percentage of those with two or more chronic diseases (i.e.,
multimorbidity) increased from one third to 40% in 2021
(CDC, 2009, 2021). Individuals with chronic diseases have
an increased risk of death (Nunesa et al., 2016), disability
(Anesetti-Rothermel & Sambamoorthi, 2011), adverse
events (Barile et al., 2015; Laires et al., 2021; Salive, 2013),
and impaired functional status (Caracciolo et al., 2013), as
well as lower health-related quality of life (Barile et al.,
2015). Beyond these individual consequences, multi-
morbidity can lead to increased medical service utility via
more emergency department visits, hospitalizations, etc.,
(Zheng et al., 2020a).

Previous studies examining the impact of multimorbidity
on health outcomes considered chronic diseases as multiple
covariates, measured multimorbidity as a cumulative count of
diseases or treated multimorbidity as a binary indicator
(Barile etal., 2015; Caracciolo et al., 2013; Laires et al., 2021;
Nunesa et al., 2016; Salive, 2013). However, more recently
there has been a call for studies examining the synergistic
effects of multimorbidity (Barile et al., 2015). One such study

classified the US general population into five subgroups
according to their distinct combination of chronic diseases:
healthy, hypertensive, respiratory conditions, heart disease,
and severely impaired group (Zheng et al., 2020a). The
authors found that heart condition group had no difference in
the risk of visual impairment compared to the hypertension
group despite the heart condition group having a larger mean
number of chronic diseases. Another study also classified the
US general population into five subgroups (i.e., healthy,
vascular risk, anxiety, heart disease, and severely impaired
group) and found the health-related quality of life was sig-
nificantly higher in the vascular risk group compared to the
anxiety group, even though the average number of chronic
diseases was larger in the former group (Zheng et al., 2020b).
These studies demonstrate the importance of studying
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multimorbidity as unique subgroups rather than using a bi-
nary or cumulative approach.

Patterns of multimorbidity vary by subpopulations and
disease groups. Among US residents aged 65 years and older,
Zheng et al. (2021) identified five patterns of multimorbidity
(healthy, age-associated chronic conditions, respiratory
conditions, cognitively impaired, and complex car-
diometabolic group) and found the cognitive impaired group
had significantly higher mortality than the respiratory group,
despite the number of reported chronic disease/conditions
being similar between the two groups. Among patients di-
agnosed with multiple myeloma, Fillmore et al. (2021)
identified five multimorbidity groups (minimal comorbidity,
cardiovascular and metabolic, psychiatric and substance use,
chronic lung disease and multisystem impairment group), and
found that chronic lung disease group had higher risk of
mortality than the cardiovascular and metabolic group, though
the median number of chronic conditions were the same.
Among acutely hospitalized patients, eight multimorbidity
patterns were found (Juul-Larsen et al., 2020), and the pattern
with the highest number of chronic conditions did not show the
highest healthcare utilization.

Subjective cognitive decline (SCD) is a self-reported ex-
perience of confusion or memory loss that is happening more
often or getting worse (CDC, 2019b). It is one form of cog-
nitive impairment and can be considered one of the earliest
noticeable symptoms of Alzheimer’s disease (AD) (Neto &
Nitrini, 2016) (Murphy et al., 2013). Individuals with SCD
may unconsciously give up daily activities such as cooking and
cleaning, or be unable to manage medical appointments or
medication regimens, resulting in poor health outcomes
(Taylor et al., 2018). In the US, one in nine adults aged 45 years
and older reported having SCD, with half (50.6%) of whom
reporting SCD-related functional difficulties (Taylor et al.,
2018). Among those with SCD, 66.2% had two or more
chronic diseases (CDC, 2019b). To date, only one study has
examined multimorbidity patterns within a population with
subjective memory complaints (i.e., a measure similar to SCD)
(Yap et al., 2020). However, this study was not nationwide,
with only 6179 participants and eight chronic diseases con-
sidered. Other studies examining the relationship between
multimorbidity and cognitive function found that adults with
multimorbidity had a higher risk of SCD-related, or more
broadly, cognitive-related functional impairment (Caracciolo
et al., 2013; Jindai et al., 2016; Melis et al., 2013; Taylor et al.,
2020), but, the synergistic effect of chronic diseases was not
considered. In addition to chronic diseases/conditions, health-
related risk behaviors including sedentary life style, exces-
sive alcohol consumption, smoking, and unhealthy diet are
associated with cognitive-related functional impairment
(Alzheimer’s Association International Conference, 2019;
National Institute on Aging, 2020). Therefore, the purpose of
this study was to identify different multimorbidity patterns
among adults with SCD and examine their association with
SCD-related functional difficulties.

Methods
Study Data and Study Population

Data from the Behavioral Risk Factor Surveillance System
(BRFSS) 2019 survey were used for this study. The
BRFSS—a national premier system of health-related tele-
phone surveys—is administered and supported by the Centers
for Disease Control and Prevention (CDC) (CDC., 2014).
BRFSS collects data about noninstitutionalized US adults
(>18) regarding their health-related risk behaviors, chronic
diseases and health conditions, access to health care, and use
of preventive services (CDC, 2019a). Data were obtained
from the Core Component and the Cognitive Decline Op-
tional Module. The core component contains a standard set of
questions that all states use, inquiring about demographic
information, health-related perceptions, conditions and
health-related behaviors. The cognitive decline module tar-
gets residents aged 45 years and older and was developed in
2011 to understand the effect and burden of SCD in the
population (CDC, 2018).

Participants who responded to the BRFSS 2019 survey
were eligible to be included in this study. The inclusion
criteria were (a) those 32 states implemented the cognitive
decline model in 2019, (b) residents aged 45 years and older,
and (c) reported “yes” to the question of SCD. After using the
inclusion criteria, 15,621 observations were retained for this
study.

Study Variables

SCD was obtained from the cognitive decline optional
module and is assessed using the question “During the past
12 months, have you experienced confusion or memory loss
that is happening more often or is getting worse?” If par-
ticipants answered “yes,” further questions regarding SCD-
related functional difficulties were asked, including “During
the past 12 months, as a result of confusion or memory loss,
how often have you given up day-to-day household activities
or chores you used to do, such as cooking, cleaning, taking
medications, driving or paying bills?” and “During the past
12 months, how often has confusion or memory loss in-
terfered with your ability to work, volunteer, or engage in
social activities outside the home?“ An individual was
considered as experiencing SCD-related functional difficul-
ties if at least one answer to the two questions is “always,”
“usually,” “sometime,” or “rarely,” or as not experiencing
SCD-related functional difficulties with the answer of
“never” to the two questions. Chronic diseases/conditions
were obtained from the core component of the BRFSS survey.
17 chronic diseases/conditions were used to identify different
patterns of multimorbidity: hypertension, diabetes, high
cholesterol, myocardial infarction/coronary heart diseases
(MI/CHD), stroke, asthmas, arthritis, chronic obstructive
pulmonary disease (COPD)/emphysema/chronic bronchitis,
depression, kidney disease, hepatitis B, hepatitis C, deaf/
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serious difficulty hearing, blind/serious difficulty seeing,
obesity, skin cancer, and other cancer. All conditions except
obesity were determined via the questions: “Have you ever
been told you have ... by a doctor, nurse, or other health
professionals?“ Obesity was defined as body mass index
(BMI) equal or larger than 30 (WHO, 2021), where BMI was
calculated by dividing body weight in kilograms by the
square of height in meters.

12 variables were used to examine the relationships of
different patterns of multimorbidity and SCD-related func-
tional difficulties, including seven demographic variables
(age group, sex, urban/rural, educational level, marital status,
employment, and household income) and, five health-related
risk behaviors (heavy drinker, physical exercise except job,
fruit consumption at least one time per day, vegetable con-
sumption at least one time per day, smoking status). Ob-
servations that coded as “refused,” “not sure,” “not asked,” or
“don’t know” were recoded as missing.

Statistical Analyses

All the statistical analyses were conducted using R with main
packages poLCA for latent class analysis (LCA), mice for
multiple imputation, twang for propensity score weighting,
survey for logistic regression with weights.

LCA was applied to classify individuals to homogeneous
subgroups of multimorbidity patterns, with the reported
chronic diseases or conditions as indicators (Lazarsfeld,
1950). The large number of variables in the LCA resulted
in about 97% of cells being small (i.e., containing less than
five observations) in the joint tabulation of the 17 chronic
diseases, which leads to low power of chi-square goodness-
of-fit tests and numerical problems in estimating parameters
and the asymptotic variance-covariance matrix (Galindo
Garre & Vermunt, 2006; Langeheine et al., 1996; Wurpts
& Geiser, 2014). Therefore, composite variables including
cancer (35%), hepatitis (5.5%), blind/deaf (35.8%), and
asthma/COPD (33.5%) were created based on variables with
similar traits including skin/other cancer (17.2%/18.7%),
hepatitis B/C (2.2%/4.1%), blind or serious difficulty
seeing/deaf or serious difficulty hearing (17.2%/25%), and
asthma/COPD or emphysema or chronic bronchitis (19.2%/
23.4%). Hepatitis was removed because of large percent of
missing (85.3%) (see Supplementary Material Appendix 1).
Finally, 12 chronic conditions were included in the LCA with
the percent of small cells decreased to 73%. The missing
percentages for the 12 variables ranged from 0.3% to 8.9%.
Further details of the frequency table and missing percentage
for all the variables in this study can be found in
Supplementary Material Appendix 1. The correlation matrix
for variables in LCA was examined using the tetrachoric
method (Pearson, 1900); no extremely high correlations were
observed (see Supplementary Material Appendix 2). A series
of LCA models with one to eight subgroups were fit to the
data and the optimal number of subgroups was determined

based on Bayesian information criteria (BIC), consistent
Akaike information Criteria (CAIC), adjusted BIC (ABIC)
and clinical significance. Smaller BIC, CAIC and ABIC
indicate a better goodness-of-fit. Average posterior class
probabilities (AvePP) and odds of correct classification ratio
(OCC) were calculated to assess the degree of subgroup
separation of the selected LCA model. AvePPs values lager
than 0.7 and OCCs 5 or larger were used to define an ac-
ceptable degree of subgroup separation (Nagin, 2005).
Meaningful labels were given according to the characteristics
of the combination of chronic diseases and existing literature
on clustering of multimorbidity using population-based data.
The predicted subgroup membership for each individual was
estimated based on the probability of having chronic con-
ditions; it was then treated as a predictor in the subsequent
logistics regression analyses.

Descriptive statistics including the percentage of ob-
servations for multimorbidity subgroup by demographic
factors and percentage of observations for SCD-related
functional status by multimorbidity groups and health-
related risk factors were generated taking the sample
weights into account. Chi-square tests adjusting for sample
weights were used to compare the distributions of de-
mographic factors across multimorbidity groups and compare
the distributions of multimorbidity groups and the five health-
related risk factors across SCD-related functional status
(Kariya, 1984; Lumley, 2020).

After classifying participants into subgroups, multiple
imputation (MI) was implemented for missing data, including
age, race, educational level, household income, employment
status, and the five health-related risk factors (Sterne et al.,
2009). 20 imputations were generated to ensure accurate
standard errors (Von Hippel, 2020). Logistic regression was
then used to examine the association of the defined multi-
morbidity subgroups with SCD-related functional difficulties.
For each imputed data set, inverse probability of treatment
weighting (IPTW) with propensity score (PS) method was
used to control confounding effects of age, sex, race, urban/
rural, education, income, and employment status (Chen &
Moskowitz, 2016; GW, 2000; Leite, 2019b). Generalized
boosted modeling (GBM), which is a data mining method that
does not require a specification of statistical model and is able
to automatically take interactions and nonlinear effects into
account, was applied to estimate the IPTWs (Leite, 2020;
Strobl et al., 2009). Distribution of propensity scores and
overlap between groups (i.e., common support) were eval-
uated using the Box-and-Whiskers plots (Leite, 2019a).
Covariate balance was evaluated by comparing the absolute
standardized difference between unweighted and weighted
means or proportions across groups (Leite, 2019b); a value
below 0.1 indicates an adequate covariate balance (Austin,
2011). Summary statistics (means, standard deviation, and
range of the estimated PSs) were generated to assess the
existence of extreme values. Final weights were derived by
multiplying the IPTWs with the CDC sample weights, which
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Figure 1. BIC, CAIC, and ABIC of the Eight Latent Class Analysis Models.

Table |I. Probabilities of Having Chronic Conditions and Mean Number of Chronic Diseases for Each Multimorbidity Pattern Group.

Age-associated Severely Minimal chronic Obesity/ Respiratory/

(22.3%) impaired(14.6%) conditions (26.3%) diabetes(18.6%) depression(18.2%)
Hypertension 0.80 0.93 0.25 0.86 0.44
Diabetes 0.25 0.59 0.07 0.54 0.09
Cholesterol 0.71 0.86 0.28 0.71 0.48
MI/CHD 0.29 0.68 0.03 0.13 0.14
stroke 0.17 0.38 0.03 0.08 0.12
Asthma/COPD 0.17 0.66 0.12 0.34 0.59
Arthritis 0.52 0.85 0.38 0.74 0.85
Blind/deaf 0.36 0.60 0.22 0.30 0.42
Depression 0.20 0.64 0.26 0.55 0.70
Kidney disease 0.09 0.26 0.01 0.11 0.06
Obesity 0.20 0.54 0.21 0.79 0.32
Cancer 0.39 0.39 0.24 0.22 0.34
Mean number of 4.1 7.7 1.8 53 4.6

chronic diseases

Note. CHD—coronary heart disease; Ml—myocardial infarction; COPD—chronic obstructive pulmonary disease. The number in bold indicates higher
probability of having that chronic disease/condition in that multimorbidity subgroup.

incorporate the complex survey design and adjusted of
characteristics of the population to make the collected data
more representative of the population (CDC, 2020). Logistic
regression results were then combined across all 20
imputations.

Results

Patterns of Multimorbidity Among People with SCD

The LCA model with five subgroups was selected, as min-
imum model improvements (i.e., lower BIC, CAIC, and

ABIC values) were observed beyond this model (Figure 1). In
addition, results from this model were the most interpretable
and clinically meaningful according to relevant literature
(Collerton et al., 2016; Marengoni et al., 2020; Zheng et al.,
2021).

The five subgroups were labeled according to their
specific multimorbidity patterns (Table 1). Classification of
the SCD population is shown in Table 1 and Figure 2.
Twenty-six percent of the study population were classified
into the minimal chronic conditions group with low
probabilities of having any of the chronic diseases; 22.3%
were classified into age-associated group with high
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Figure 2. Probabilities of Having Chronic Conditions for Each Latent Class.
Table 2. Distribution of Demographic Factors by Multimorbidity Patterns.
Age Severely Minimal chronic Obesity/ Respiratory/
associated impaired conditions diabetes depression p
n 3365 2231 4222 2987 2816
Age group <0.001
45-49 4.3% 8.1% 14.3% 12.2% 13.2%
50-54 12.4% 11.4% 17.4% 16.4% 20.2%
55-59 11.3% 12.6% 13.0% 16.5% 19.4%
60-64 11.2% 21.2% 14.3% 18.7% 16.3%
65-69 10.5% 14.1% 9.1% 12.2% 9.9%
70-74 12.7% 12.8% 8.4% 11.7% 8.1%
75-79 14.7% 11.2% 8.6% 6.4% 5.9%
80+ 22.9% 8.7% 14.9% 5.9% 7.0%
Sex male 52.3% 46.2% 45.7% 43.3% 35.1% <0.001
Race Not-white 69.1% 68.2% 74.4% 67.7% 76.3% 0.002
Urban status—rural 7.7% 11.0% 6.8% 9.7% 10.0% <0.001
Education <0.001
< high school 21.3% 30.7% 15.1% 21.7% 23.0%
= high school 31.6% 31.1% 28.1% 31.2% 34.5%
< college/technical school 26.0% 28.2% 30.8% 30.0% 28.2%
>= college/technical 21.1% 10.0% 26.0% 17.1% 14.3%
school
Income <0.001
<$15,000 14.6% 31.8% 13.9% 20.0% 27.8%
$15,000-$25,000 26.4% 33.0% 18.5% 25.6% 26.2%
$25,000-$35,000 14.2% 11.6% 10.7% 13.6% 10.0%
$35,000-$50,000 13.5% 8.3% 13.2% 12.2% 13.1%
$50,000 + 31.3% 15.3% 43.7% 28.6% 22.9%
Employment <0.001
Not work 31.8% 56.8% 25.5% 44.5% 54.6%
Retired 49.1% 36.2% 34.7% 32.8% 26.8%
Working 19.1% 7.0% 39.8% 22.7% 18.6%
Married/couple 51.1% 43.2% 56.4% 50.1% 42.2% <0.001

Note. The percentages were calculated with sample weights. For binary variables, only one category is shown, where the percentage for the other category can
be derived by using one substitute the value in the table. p-values is for the chi-square tests with sample weights.

probability of having hypertension, high cholesterol level,
and arthritis; 18.6% were classified into obesity or diabetes
group with high probabilities of having obesity, diabetes,
age-associated chronic conditions; 18.2% were classified
into respiratory or depression group with high probabilities
of having asthma or COPD, depression and arthritis; and
14.6% were classified into the severely impaired group

with high probability of having the majority of the chronic
diseases.

Factors Associated with Multimorbidity Patterns

Demographic factors across groups are shown in Table 2.
The eight demographic factors were distributed differently



934

Journal of Aging and Health 34(6-8)

across the five groups. Age-associated group had the
lowest percentage of participants in the age range of 45—49;
more than 60% of this group was aged 65 years and older
and mostly retired. Minimal chronic condition group was

Table 3. Distribution of Multimorbidity Patterns and Health-
related Risk Behaviors by SCD-related Functional Difficulties.

SCD-related
functional
difficulties
p
Yes, % No, %
Multimorbidity patterns <0.001
Age associated 16.71 23.20
Severely impaired 9.74 19.59
Minimal chronic conditions 18.92 33.51
Obesity/diabetes 21.88 18.37
Respiratory/depression 2291 15.18
Heavy drinker (Yes) 5.40 5.97 0.45
Physical exercise (Yes) 47.93 61.48 <0.001
Fruits 2| time per day (Yes) 55.44 58.06 0.11
Vegetables >| time per day (Yes) 67.39 76.20 <0.001
Smoke status <0.001
Never smoked 36.92 44.23
Former smoker 28.33 38.21
Current smoker 34.75 17.56

Note. The percentages were calculated with sample weights. For binary
variables, only one category is shown, where the percentage for the other
category can be derived by using one substitute the value in the table. p-values
is for the chi-square tests with sample weights.

Table 4. Odds Ratios of SCD-related Functional Difficulties.

mostly not-white, living in urban counties, better-
educated, having higher income, mostly working, mar-
ried or a member of unmarried couple comparing with
other groups.

Association Between Multimorbidity Patterns and
Functional Difficulties

Physical exercise, vegetable consumption, smoking status,
and multimorbidity patterns were distributed differently when
comparing those with and without SCD-related functional
difficulties groups (Table 3). All larger proportion of par-
ticipants in the minimal chronic conditions group reported no
SCD-related functional difficulties compared to other groups.
A larger proportion of people without SCD-related functional
difficulties reported doing physical exercise, consuming fruit
or vegetables at least one time per day, and having never
smoked or formerly smoked comparing with people with
SCD-related functional difficulties.

After implementing the IPTW propensity score method,
the absolute standardized difference of unweighted and
weighted means and proportions for each pair of the groups
on all imputed data sets are below 0.1 (Supplementary
Material Appendix 3 Figure 1-20). This indicates that
the covariate balance was achieved for all measured co-
variates. Extreme propensity scores were not observed
(Supplementary Material Appendix 3 Table 1).

Results from logistic regression models found that the
multimorbidity pattern groups had higher odds of reporting
SCD-related functional difficulties when compared to the

Variable Odds ratio (95%Cl) p-value
Intercept 0.33 (0.28,0.40) <.001
Multimorbidity pattern (ref = Minimal chronic conditions)

Age-associated 1.17 (0.92, 1.49) 0.2

Severely impaired 2.43 (1.92, 3.08) <.001

Obesity/diabetes 1.57 (1.29, 1.92) <.001

Respiratory/depression 1.72 (1.39, 2.12) <.001
Severely impaired versus age-associated 2.08 (1.60, 2.69) <.001
Obesity/diabetes versus age-associated 1.34 (1.07, 1.68) 0.0l
Respiratory/depression versus age-associated 1.47 (1.17, 1.84) <.001
Severely impaired versus obesity/diabetes 1.55 (1.24, 1.93) <.001
Respiratory/depression versus obesity/diabetes 1.09 (0.90, 1.32) 0.37
Severely impaired versus respiratory/depression 1.42 (1.13, 1.78) 0.003
Heavy drinker (ref = Yes) 0.86 (0.64, 1.16) 0.33
Physical exercise (ref = Yes) 1.47 (1.27, 1.69) <.001
Fruit consumption (ref = Yes) 0.93 (0.80, 1.08) 0.34
Vegetable consumption (ref = Yes) 1.32 (1.10, 1.57) 0.002
Smoking status (ref = never smoked)

Former smoker 0.86 (0.73, 1.01) 0.07

Current smoker 2.11 (1.75, 2.54) <.001

Note. ref—reference group; Odds ratio indicate the odds ratio of having SCD-related functional difficulties in that group and the reference group.
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minimal chronic conditions group, except the age-associated
group (Table 4). Compared with minimal chronic conditions
group, the severely impaired group was most likely to report
SCD-related functional difficulties (OR = 2.43, 95% CI:
1.92-3.08), followed by respiratory/depression group (OR =
1.72, 95% CI: 1.39-2.12), and obesity/diabetes group (OR =
1.57, 95% CI. 1.29-1.92), controlling for other factors.
Further, paired comparisons found that the odds of reporting
SCD-related functional difficulties were the highest in the
severely impaired group compared with the age-associated
(OR = 2.08, 95% CI: 1.60-2.69), obesity/diabetes (OR =
1.55, 95% CI: 1.24-1.93) and respiratory/depression group
(OR =1.42,95% CI: 1.13-1.78). The odds of reporting SCD-
related functional difficulties in obesity/diabetes and
respiratory/depression groups did not significantly differ
(OR =1.09, 95% CI: 0.90-1.32), but both were significantly
higher than age-associated group with OR equals 1.34 (95%
CI: 1.07-1.68) and 1.47 (95% CI: 1.17-1.84), respectively.

The odds of reporting SCD-related functional difficulties
in people reported not having physical exercise was 47%
(95% CI: 27%—69%) higher than those who did have.
Vegetable intake at least one time per day was significantly
related to a 32% (95% CI: 10%—57%) increase of the odds of
reporting SCD-related functional difficulties. Compared to
participants who never smoked, current smoker had 111%
(95% CI: 75%—-154%) increased odds of reporting SCD-
related functional difficulties. Heavy drinker and fruit con-
sumption were not significantly related to the odds of re-
porting SCD-related functional difficulties. The difference of
odds between former smokers and never smokers was also
not significant.

Conclusions and Discussions

This research is the first nationwide study to investigate
multimorbidity patterns among the US noninstitutionalized
residents aged 45 years and older who reported experiencing
SCD. Five multimorbidity patterns were revealed by latent
class analysis—age-associated (22.3%), severely impaired
(14.6%), minimal chronic conditions (26.3%), obesity or
diabetes (18.6%) and respiratory or depression (18.2%).
Previous research identified five groups among the non-
institutionalized general population aged 50 years and older
in the US (Zheng et al., 2021). There are several differences in
the multimorbidity patterns observed in the SCD population
within this study and general population in previous litera-
ture. First, the five groups in our study had more chronic
conditions on average compared with the groups with
a similar rank of mean number of chronic conditions in their
study. For example, both studies found a group with the
smallest probability of having almost all the chronic diseases,
but the group in this study (minimal chronic condition group)
had an average number of chronic conditions of 1.8, whereas
the group in the other study (healthy group) has an average
number of 0.6. Both studies found a group with the highest

probability of having almost all the chronic diseases. How-
ever, in this study, that group (severely impaired group) had
an average number of chronic conditions of 7.7 compared to
(complex cardiometabolic group) an average number of 1.2 in
the other study. Second, 85.1% of the general population were
classified into the two groups with the smallest and second
smallest mean number of chronic conditions (healthy and
age-associated), while only 40.8% of people with SCD were
classified into the minimal chronic conditions and age-
associated groups. Third, 14.6% of people with SCD were
in the most severe group (severely impaired group), while
only 3.2% of the general population were classified into the
most severe group (cardiometabolic group). Moreover, the
most severe group among the SCD population was more
acute than it in the general population.

Comparing with the minimal chronic conditions group, the
severely impaired group has the greatest increased risk of
reporting SCD-related functional difficulties, followed by
respiratory/depression group and obesity/diabetes group.
Previous studies examining the association of chronic dis-
eases and SCD-related functional difficulties found that
a greater number of chronic disease was related to more
severe SCD-related functional difficulties (Dunlop et al.,
2002; Jindai et al., 2016; Taylor et al., 2020; Yap et al,,
2020; Yokota et al., 2017); however, these studies treated
chronic diseases as a cumulative count, categorical indicator
or multiple covariates. Results here found the age-associated
and respiratory/depression groups reported similar mean
number of chronic diseases but the odds of having SCD-
related functional difficulties in the respiratory/depression
group was 1.47 (95% CI: 1.17, 1.84) times the odds in the
age-associated group. Moreover, the mean number of re-
ported chronic diseases in age-associated group (4.1) was
much higher than in the minimal chronic condition group
(1.8) but the odds of reporting SCD-related functional dif-
ficulties in these two groups was not significantly different
(OR =1.17, 95% CI: 0.92, 1.49).

Our findings support that people can benefit from doing
physical exercise and eating vegetables at least one time per
day, as this was associated with decreased odds of reporting
SCD-related functional difficulties regardless of multi-
morbidity group. Current smokers had a higher risk SCD-
related functional difficulties compared to never smoker.

This study has several limitations. First, only non-
institutionalized adults and individuals from the 32 states that
included the cognitive decline optional module were in-
cluded. Therefore, caution is needed when attempting to
generalize findings to the whole population with SCD in the
US. Measurements of cognitive decline and SCD-related
functional difficulties in this study are self-reported at only
one time point of a year and rely on only one or two questions.
As such, recall bias and misclassification may be present.
However, it has been shown that SCD occurs at the preclinical
state of AD which cannot be detected by objective tests
(Jessen et al., 2014, 2020). Future studies could consider
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other validated multiple-item questionnaires to measure
SCD-related functional difficulties such as those in Diaz-
Galvan et al., (2021) and Rabin et al., (2020). Third, the
sample weighting used to reflect the complex survey design
were not considered in the LCA models. It is recommended to
use sample weights when the sampling weights are related to
the class membership (Vermunt, 2002). Demographic factors
such as age has been shown to be associated with chronic
disease status (Anesetti-Rothermel & Sambamoorthi, 2011;
Barile et al., 2015) and thus could affect the class participants
belong to; however, the “poLCA” package used in this study
does not allow the use of weights (Linzer & Lewis, 2013).
Incorporating sample weights in the LCA should be con-
sidered for future research. Fourth, measurement invariance
for age group, and sex was not tested which could affect the
estimated item response probabilities (Vermunt, 2002).
However, 73% of small cells were still present after com-
bining conditions with low prevalence and the chi-square test
for measurement invariance is not advised when having more
than 20% small cells (Linzer & Lewis, 2013). Fifth, the
conclusions based on the two discrimination ability indices of
the selected LCA model are not consistent. Only two out of
five AvePPs are above 0.7 indicating that the subgroups were
not well separated (Supplementary Material Appendix 4
Table 1). In contrast, all the OCCs for the five subgroups
were above 5 indicating good latent class separation and high
assignment accuracy. This may indicate the existence of
overlap among the five latent subgroups, potentially, due to
the high heterogeneity among older adults within groups
(Zheng et al., 2020a). Nevertheless, there were enough dif-
ferences among the five multimorbidity groups to distinguish
them. For example, the probability of having obesity is the
highest in obesity/diabetes group while low in other groups,
and the probability of having depression is the highest in the
respiratory/depression group while low in the minimal
chronic condition and age-associated groups. Six, the esti-
mated PSs may not have adequate common support across the
five multimorbidity classes as the boxplots not well over-
lapped (Supplementary Material Appendix 4 Figure 1).
However, the lack of common support may or may not result
in covariates balance in propensity score weighting analysis
(Leite, 2019a). Moreover, the absolute standardized differ-
ence in the means and proportions for each pair of the
subgroups were below 0.1, indicating the covariates balance
was achieved. Lastly, the predicted classes in the LCA are
used as a predictor in the subsequent analysis; mis-
classification may introduce bias in the estimation of fol-
lowing analysis (Croon, 2002). Advanced methods such as
bias-adjusted three-step methods (Asparouhov & Muthén,
2014; Z. Bakk et al., 2013) and two-step method (Bakk &
Kuha, 2018) were proposed in recent years and can be ex-
plored in the future.

Missing observations were assumed to be missing at
random, which is likely a reasonable assumption according to
Supplementary Material Appendix 5. Multiple imputation

was not applied on the variables in the LCA because the
Expectation—Maximization algorithm used in the “poLCA”
package allowed missing data in the observed variables
(Linzer & Lewis, 2013). Only 8.9% of observations were
missing of data used in the LCA.

This study may provide valuable information to help
understand multimorbidity patterns among the SCD pop-
ulation and contributes to the evidence of vulnerable
populations of SCD-related functional difficulties. The
results may provide insights for clinicians and others to
improve health resources allocation and managing patient
complexity. The characteristics of high-risk groups iden-
tified by this study may help the relevant organizations to
develop and implement interventions to prevent more
serious consequences of multimorbidity. The relevant
organizations and media could promote healthy lifestyle
especially doing physical exercise, eating vegetables and
stopping smoking by educating the public of the decreased
risk of SCD-related functional difficulties benefitted from
these behaviors.
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