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Trajectories of Functional Decline in
Older Adults: A Latent Class Growth
Curve Analysis

Thomas Dombrowsky'

Abstract

There have been few studies examining trajectories of functional decline among older adults in the United States using
large representative databases. The purpose of this study was to describe the mean trajectory of functional decline for a
representative sample of US older adults, to determine the optimal number of latent classes within that sample, and to
identify key differences between the classes on select variables. Through the use of link functions, non-linear trajectories can
be modeled. Three classes were identified and were named Rapid Decline, Late Decline, and High Baseline. The Late Decline
Group was the most numerous and was characterized by low initial functional disability with a steep rise starting around age
85. The Rapid Decline Group also had low initial functional disability, but decline started around age 80. The High Baseline
Group had high initial functional disability and less steep trajectory. Age and comorbidity were the most influential factors
in functional decline. Race was statistically significant but the difference disappeared when controlling for other covariates.
Sex did not significantly influence the trajectory. There were significant differences among the classes for mortality during
study, initial age, initial functional status, and for several specific comorbidities: arthritis, diabetes, lung disease, and stroke.
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Functional independence with regard to activities of daily liv-
ing (ADL) is an important component of quality of life for
older adults and for their families.! Functional status is more
predictive of health-related quality of life than multimorbidity
among community-dwelling middle-aged and older adults.!
The prevalence of disability in middle-aged adults has been
increasing in the United States in recent years.? This is concern-
ing. No studies could be found investigating whether the preva-
lence of disability is increasing for older adults, but if this trend
continues it could extend to older adults. Because functional
status declines with age,’ it is necessary to study trajectories of
functional status in order to better understand the development
of functional disability. A brief discussion of some of the ante-
cedents and consequences of functional disability follows.

Functional disability is the result of a disablement process
that progresses from pathology to functional consequences
and is influenced by internal and external modifying factors.?
It is accompanied by a shrinking of social activity.* Among
older adults with disability, both the size of the social net-
work and the frequency of social activity decrease. Disability
onset is particularly significant for decreases in social net-
work size. Functional disability also reduces the size of
friendship groups, likelihood of social connection, and over-
all social connectedness.

One factor that affects the disablement process is race.
Dong and colleagues found that Black non-Hispanic and
Hispanic Americans experienced a more rapid transition to
lower levels of functional ability than their White non-His-
panic counterparts.’ This tendency was somewhat lessened
when socioeconomic status and health-related variables were
taken into account, but was still statistically significant.
Black non-Hispanic and Hispanic Americans were also less
likely to successfully accommodate decreased functional sta-
tus. The relationship of race to functional status is complex.
Although health-related discrepancies between Black non-
Hispanic and White non-Hispanic Americans are wide dur-
ing middle age, they tend to narrow in old age.® Functional
trajectories for Black non-Hispanic and White non-Hispanic
older adults are very similar until around the last year before
death when they diverge, with Black non-Hispanic older
adults experiencing a sharper trajectory of functional decline.
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The relationship between sex and functional trajectory is
also complex. One study reported that the trajectory of ADL
and instrumental activities of daily living (IADL) status
with age is nonlinear and differs by sex, with women having
more disability at age 70 but experiencing a slower decline
than men.? A different study found that the ADL trajectory is
linear and that sex is not a significant factor, but race is.”
One possible reason for the discrepancy is that the second
study had older participants (mean age = 78.2, minimum
age = 70 in one study’ vs. mean age = 63.6, minimum = 50
in the other).? In the first study, when adjusted for survival
time and initial upper and lower body strength, women’s
disability was moderately lower than that for men, and the
women’s decline trajectory was steeper.> However, the
women’s decline in upper and lower body strength was less
pronounced, suggesting that these covariates acted differ-
ently in the case of men and women. The supplementary
material for the Botoseneanu et al. article includes a chart
which compares both male and female participants with
starting ages of 70 and those with starting ages of 80. Both
male and female participants with an initial age of 80 had
much steeper declining trajectories for ADL status.?
Trajectory shapes as well as covariates that affect trajecto-
ries are not necessarily uniform and may depend on the ages
of the participants and other factors. Studies that center on
one age range may not identify covariates that are signifi-
cant at other ages.

Comorbidity is another factor that affects the disablement
process. Da Silva and colleagues found that abdominal obe-
sity combined with poor grip strength doubled the annual
incidence of functional disability in a cohort of older adults
who were functionally independent at baseline.® The number
of comorbidities is a significant predictor of both baseline
functional disability as well as rate of decline.’

The World Health Organization issued a comprehensive
report on world-wide aging and health highlighting the
importance of studying trajectories of functional decline
among older adults.'® Although functional trajectories vary
widely from one individual to another, even among individu-
als with similar medical diagnoses, the trajectories vary in
predictable ways. Models of functional decline trajectories
focus on the specific individual consequences of disease and
are better predictors of survival and of quality of life than
number of comorbidities. Knowledge of functional trajecto-
ries is useful for better understanding of individual and group
outcomes.

There have been several previous studies estimating
functional disability trajectories using nationally represen-
tative US datasets. Methods used include parallel process
latent growth curve modeling,!" group based trajectory
modeling,'>"'* general estimating equations,'® and Markov
modeling.’ Four of these studies used the Health and
Retirement Study dataset,'"!*"!5 but two of them used
National Health and Aging Trends Survey (NHATS)
data.>'? Four of the studies used ADL disability as the main

outcome variable.>'?"'* The other two used physical func-
tion!® or physical function and memory as the outcomes.'!

There were two studies similar to the present study: one
by Martin and colleagues'® and another by MacNeil Vroomen
and colleagues.'? Unlike Martin and colleagues’ study,'? the
present study uses count data for ADLs and focuses on a
range of ADL disability from no disability to disability on all
ADLs. Rather than estimating class trajectories from covari-
ates, as in the Martin et al. study, the classes are estimated
from the trajectory patterns themselves and the classes are
later examined for significant differences. Like the Martin
study, but unlike MacNeil Vroomen and colleagues’ study,'?
the present study estimates trajectories for the entire age
range of the participants.

Purpose

Few studies have described trajectories of functional decline
using population-based large datasets of US older adults. The
purpose of the present study is to describe typical trajectories
of functional decline in the US population aged 65 years and
older. Specific aims are to identify the average trajectory of
functional decline in a representative sample of US older
adults, to identify the optimal number of latent classes in that
sample, and to identify specific differences among those
classes.

Methods

Growth curve models evaluate changes in an outcome vari-
able over time, combining individual and group trajecto-
ries, as well as capturing factors that influence those
trajectories.'®!” By combining cohorts at different stages of
development, longitudinal studies can be extended to model
time frames longer than the actual duration of the study.
The techniques of structural equation modeling are used.
Unconditioned models simply estimate the average trajec-
tory of the whole sample. Covariates thought to be related
to the trajectory can be added to the unconditioned model
and their effect can then be measured. If the sample is not
homogeneous for trajectory, latent class models can be used
to identify the different trajectories in the sample. The pres-
ent study includes an unconditioned model, a covariate
model, and a latent class model.

Latent class analysis extends the growth curve method
and incorporates the techniques of factor analysis to identify
different trajectories existing within a group.!” This is done
by postulating the existence of two or more mutually exclu-
sive classes. Each sample member is then assigned a class
using maximum likelihood methods. Trajectories for each of
the resulting classes can then be examined, and the members
of the classes can be examined for commonalities. Latent
class analysis makes the assumption that some of the hetero-
geneity in a sample can be explained by dividing the sample
into latent classes.'® The analysis does not return the classes



Dombrowsky

themselves, but rather probabilities of being in a specific
class. Each participant has some probability of being in each
of the classes identified but is assigned to the class for which
they have the highest probability. The quality of the total
model can be evaluated by determining how distinctly the
classes are separated.

Sample

The NHATS is an ongoing survey using a nationally repre-
sentative stratified random sample of Medicare recipients.'”
The survey began in 2011. Currently 11 annual rounds of
data are available, but only rounds one through 10 were used
in the present study. Data collection for these rounds occurred
between 2011 and 2020. There was one replenishment in
2015, so all NHATS participants had their initial year either
in 2011 or 2015. Total numbers were 8,245 in the initial
cohort and 4,182 in the 2015 replenishment, for a total of
12,427.%° Since non-Hispanic African Americans and the
oldest old were over-represented in the original sample, the
sample for the present study was obtained by randomly
selecting 3,000 participants from the original 2011 cohort
taking account their NHATS sample weights. Of these 3,000
participants, 110 had to be excluded for lack of data regard-
ing their functional status. The only data available on the
excluded participants were race, gender, age, and residential
status. The 110 excluded participants were older (mean 83.7
years vs. 76.4 years, p < 0.001). Proportion z testing showed
that differences in race and gender between the excluded par-
ticipants and the rest of the sample were not statistically sig-
nificant. The vast majority of the excluded participants
(92.7%) lived in nursing homes. There were 2,890 partici-
pants in the final sample. All 2,890 participants were used in
the unconditioned model and the class model, but only 2,856
participants were used in the covariate model due to 34 par-
ticipants with missing data concerning primary race. Since
the data used for this study was already deidentified, the
University of Texas at Arlington Institutional Review Board
waived approval for this study.

Measurements

In the NHATS survey, participants were asked about whether
or not they needed assistance with eating, bathing, dressing,
and going to the toilet.! For the present study a dichotomous
variable was constructed for each of these activities.
Participants who used assistive devices were scored as zero,
as long as they reported always doing the activity without
assistance. These scores were then summed to create a modi-
fied Katz score ranging from zero (no assistance with any
activity) to four (assistance with all activities).

The following demographic data were extracted and used in
this study: birth year and month, year of death, sex, race, Hispanic
ethnicity, and marital status.!® The following diagnoses were also
extracted: heart attack, heart disease, hypertension, arthritis,

osteoporosis, diabetes, lung disease, stroke, dementia, and can-
cer. Participants were asked whether they had ever been diag-
nosed with these conditions by a physician. The demographic
data and diagnoses were taken from the first round in which a
participant was enrolled. There was also a variable for death dur-
ing the course of the study.

Age was modified by subtracting 65 from the chronologi-
cal age, so that the youngest participants had an adjusted age
of zero. This was done to facilitate data analysis. Race and
ethnicity were categorized as either White, Black, other, or
Hispanic, and was taken from the primary race listed in the
NHATS data. Sex was either male or female. Comorbidities
were added to produce a numerical score ranging 1-10 which
was used in the growth curve models, but only individual
comorbidities were used in the multinomial logistic regres-
sion model. Comorbidities and modified Katz levels were
calculated for all rounds. The smoking variable was compiled
from two questions in the first round asking about whether the
person ever smoked and whether they smoke now.

For the social network variable, participants were asked
to name up to five people that they regularly speak to about
things that are important to them.'” The number of people
named was summed. In addition, three first-round questions
about the community were used asking whether people in the
community know each other well, whether they are willing
to help each other, and whether they can be trusted. Possible
answers were agree a lot, agree a little, and do not agree.
Participation variables were generated from responses to
questions about whether they had participated in the follow-
ing activities over the last month: visiting family and friends;
attending religious services; attending clubs, classes, or other
activities; going out for enjoyment; and engaging in vigorous
activity. The participation variables were all dichotomous
with yes and no being the only responses. '

Data Analysis

Data analysis was done using the R Language and Environment
for Statistical Computing?' and the lcmm package.?? Because
growth models contain repeated measures of the same indi-
viduals, mixed modeling techniques are incorporated into the
analysis. Most growth curve modeling software focuses on fit-
ting linear models, but Proust-Lima and colleagues have
developed software that can fit binomial, ordinal, or Poisson
models. In order to estimate nonlinear models the software
makes use of link functions. The link functions connect the
actual measurements in the data with a hypothesized latent
variable that is continuous and normally distributed. Available
link functions include binomial, splines, and threshold func-
tions. The splines link function (which was used in the present
study) produces a normalized transformation of the dependent
variable. With splines, trajectories do not need to be linear or
even curvilinear. An intercept is estimated, representing the
initial value of the trajectory, and subsequent nodes for each
measurement point are also estimated.
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Models can be evaluated by starting with a one-class
model and successively adding classes so long as the added
class improves model fit as evidenced by lower Bayesian
Information Criterion score.'® Other considerations include
model interpretability and entropy scores. Entropy levels
indicate how well classes are assigned in the model, and
should be between 0.8 and 1.0. Another criterion is poste-
rior probability of class assignment. Each individual in the
model has a specific probability of being assigned to each of
the classes. Individuals are finally assigned to the class for
which they have the highest probability. Posterior probabili-
ties are calculated by averaging the probabilities of each
individual who is finally assigned to the class. Ideally, poste-
rior probabilities should be 0.90 or higher, but posterior
probabilities greater than 0.80 are acceptable.

Exploratory models were fit using linear, binomial,
threshold, and splines link functions. The following models
were fit: an unconditioned model, representing a mean tra-
jectory using only age and age squared; a covariate model
using age, age squared, race/ethnicity, gender, and comor-
bidity as covariates; and class models based on the uncon-
ditioned model to identify heterogeneous trajectories. Once
classes were identified, a multinomial logistic regression
analysis was performed comparing each of the classes with
the rest of the sample for demographic, disease, commu-
nity, and activity variables using the nnet package in R.%
This was done to identify significant predictors of class
membership from the variables available and thus highlight
differences between the classes while controlling for
covariates. Since the regression could only be done using
complete data, the regression was done on existing data and
was repeated using an imputed dataset. Missing data points
were imputed using the mice package in R with predictive
mean matching.?* This method replaces missing values
with values randomly chosen from the complete observa-
tions in the dataset that most closely match the observation
with the missing data point. There was little difference
between the imputed model and the model with missing
data, so only the model with actual observed data is reported
here.

Results

Of the 2,890 participants in the final sample, 56.9% were
women and 43.1% were men. The mean age for all partici-
pants in 2011 (the beginning of the study) was 75.9 years.
The distribution of the sample by race and ethnicity was
78.8% White non-Hispanic, 10.8% Black non-Hispanic, and
6.9% Hispanic. The mean Katz scores by race/ethnicity in
the first year were 0.41 for White non-Hispanics, 0.53 for
Black non-Hispanics, and 0.70 for Hispanics. Pairwise
Kruskal tests showed that mean initial Katz score was lower
for White non-Hispanics than for Hispanics (p = .003). For
men of all races the initial mean Katz was 0.39 and for
women it was 0.48 (p = .004).

Models

Competing models were selected based on decreased
Bayesian Information Coefficient score. The unconditioned
model with the lowest Bayesian Information Coefficient
used a five-node equidistant splines link function and had
age and age squared both for fixed effects and random effects
and the modified Katz score as the outcome variable. This
unconditioned model served as the basis for the covariate
model and the class models. The best fitting class model was
the three-class model. Fitness measures for the models are
given in Table 1, and coefficients in Table 2. The trajectory
for the unconditioned model is shown in Figures 1 and 2 as
the “Mean of All Participants™ trajectory.

The covariate model adjusted for gender, race, and comor-
bidity. In this model, age, Black non-Hispanic race, Hispanic
ethnicity, and comorbidity were significant predictors of
functional status, but sex and other race were not. Most likely
this is due to the small numbers and heterogeneity of the
other race group. This model was used to create the trajecto-
ries pictured in Figure 2.

The latent class model yielded three classes. The classes
were named Rapid Decline Group, Late Decline Group, and
High Baseline Group. A four-class model was also fit, but it
had a higher BIC score than the three-class model as well as
a worse entropy score than the three-class model (0.470 vs.
0.806). Entropy levels less than 0.8 suggest that the classes
may be poorly differentiated.'® See Table 1 for comparisons
of models.

In the three-class model for the present study, the posterior
probabilities were: Rapid Decline = 0.786, Late Decline =
0.940, and High Baseline = 0.863. The three-class model only
had one class with a posterior probability score less than 0.8
(the Rapid Decline Group), but the four-class model had two
such classes. Coefficients of the three-class model are given in
Table 2, and trajectories for each class are given in Figure 1.

Comparison of Classes

The three-class splines model divided the sample into three
latent classes. Sample characteristics as well as characteris-
tics of the differences among the classes are summarized in
Table 3. The Rapid Decline Group contains about 10.52% of
the participants and is characterized by low functional dis-
ability at age 65. However, members of this group began to
decline almost immediately and their curve became steeper
beginning around age 80. The High Baseline Group contains
about 10.83% of the participants. Members of this class had
higher functional disability at age 65 than those of the other
classes and had a slow steady increase in functional disabil-
ity until around age 85, at which point it plateaued. The Late
Decline Group comprised about 78.65% of the participants.
Participants in this class had low levels of functional disabil-
ity at age 65. They began their disability trajectory around
age 85 and had a fairly steep increase thereafter.
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Table I. Fit Measures for Models.

Mean Posterior Probabilities for Class

Membership
Log
Model Likelihood AIC BIC Entropy Class | Class 2 Class 3 Class 4
Unconditioned beta n = 2,890 —6,815.322  13,654.644  13,726.272 |
Unconditioned linear n = 2,890 —17,704.730 35,429.459 35,489.150 |
Covariate splines n = 2,856 -2,229.074  4,498.147  4,617.291 |
Unconditioned splines n = 2,890  -2,693.917 5,417.835 5,507.370 |
2 group splines n = 2,890 —2,093.235  4,224469  4,337.880 0.875 0.975 0.903
3 group splines n = 2,890 —1,835.646 3,717.292 3,854.579 0.806 0.786 0.940 0.863
4 group splines n = 2,890 —1,835.646 3,725.293 3,886.456 0.470 NaN 0.559 0.856 0.725
AIC = Aikake Information Criterion, BIC = Bayesian Information Criterion, NaN = not a number.
Note: The four class model converged with a class that had no members (class ).
Table 2. Model Covariates.
Unconditioned Model (N = 2,890)
Intercept  Adjusted Age  Adjusted Age? Spline | Spline 2 Spline 3 Spline 4 Spline 5 Spline 6
0.000 -0.053 0.004 -0.670 1.627 0.003 1.027 —0.129 0.871
(0.009) (0.0003) (0.052) (0.006) (0.001) (0.012) (0.187) (0.025)
< 0.00 | < 0.001FF < 0.001F* < 0.000F* 0999 < 0.00I**  0.490 < 0.00 |#¥*
Covariate Model (N = 2,856)
Intercept  Adjusted Age Adjusted Age? Spline | Spline 2 Spline 3 Spline 4 Spline 5 Spline 6
0.000 -0.074 0.004 -0.127 1.635 0.0003 1.032 0.160 0.877
(0.004) (.0003) (0.058) (0.006) (0.003) 0.012) 0.132) (0.023)
< 0.00#** < 0.001 0.029* < 0.001*% 0926 < 0.001*%*  0.225 < 0.00 |#¥+*
Female Black  Other Race  Hispanic
—0.008 0.197 —0.120 0412
(0.039) (0.069) 0.117) (0.086)
0.843 0.004** 0.308 < 0.00 |#¥*
Class Model (N = 2,890)
Class Intercept  Adjusted Age Adjusted Age? Spline | Spline 2 Spline 3 Spline 4 Spline 5 Spline 6
RD 0.000 0.084 0.003 -0.282 1.631 0.000 1.034 -0.219 0.854
(0.028) (0.001) 0.161) (0.006) (0.009) (0.012) (0.098) (0.023)
0.003** 0.005%* 0.079 < 0.00[*** 1.000 < 0.001*  0.025% < 0.00 |#¥*
LD 0.172 —-0.085 0.005 Same for all classes
(0.178) (0.008) (0.0003)
0.335 < 0.00 |+ < 0.00 |#¥+*
HB 2.325 0.106 -0.002
(0.196) (0.024) (0.001)
< 0.00 |#¥* < 0.00|#*+* 0.046*

RD = Rapid Decline Group, LD = Late Decline Group, HB = High Baseline Group,

*p < .05. % p < Ol, ¥ p < .00l.

Note: Coefficients followed by standard deviations (in parentheses) and probabilities. Intercepts were fixed at zero for the one class models and for the

first class of the class model.

The Late Decline Group, the most numerous class, was
characterized by a lower prevalence of diabetes (21.6% vs.
33.9%, p = .017; 21.6% vs. 40.7%, p = .035) and of death
during the course of the study (21.4% vs. 35.5%, p < .001;
21.4% vs. 41.5%, p < .001). The Late Decline Group had
lower prevalence of arthritis (51.3% vs. 67.7%, p = .006)
and lung disease (13.0% vs. 24.1%, p = .008) than the Early
Decline Group, and had lower prevalence of stroke than the

High Baseline Group (7.5% vs. 23.7%, p = .006). Initial age
was higher for the Late Decline Group than for the High
Baseline Group (76.08 vs. 73.93, p < .001), and initial Katz
Score was lower than the other two groups (0.17 vs. 0.85, p
< .001; 0.17 vs. 2.06, p < .001). There were no significant
differences among the groups for the demographic, commu-
nity, or activity variables. There were no significant differ-
ences for heart attack, heart disease, hypertension, osteoporosis,
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Figure |. Functional Trajectories by Class.

dementia, cancer, smoking, or size of social network. Although
there were no significant differences for race among the groups
in the multinomial logistic regression model, when race was
considered alone there were significant differences. A chi-
square test for race by class resulted in a chi-square value of
31.58 with 6 degrees of freedom (p < .001). A similar test for
sex was not significant, with a chi-square value of 3.01 with
2 degrees of freedom (p = .222).

Trajectories

In the covariate model, comorbidities and age had the larg-
est influence, overriding effects of gender and age. This can
be clearly seen in Figure 2. The greatest difference for race
is between White non-Hispanic and Hispanic participants,
yet on the graph the lines for these two demographic groups
can barely be distinguished. In contrast, the lines between

the varying levels of initial comorbidity can easily be distin-
guished. In contrast to Figure 1, confidence intervals were
not given in Figure 2 because there would have been too
much overlap. Trajectories for White non-Hispanic, Black
non-Hispanic, and Hispanic ethnicity were calculated based
on a male with no comorbidity at Round 1. Zero comorbid-
ity is unusual, as can be seen by the fact that all three ethnic-
ity curves are lower than the mean curve for all participants.
The comorbidity trajectories were calculated for a White
non-Hispanic male. Female trajectories for each ethnicity
were so close to the male trajectories as to be practically
indistinguishable.

Discussion

There were no significant differences by sex among groups.
This is a divergence between the present study and other
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studies which did find sex to be significant in their growth
models.>® Chen and colleagues found that being female was
associated with faster growth in disability but not with higher
disability at outset.’ The dependent variable for the Chen and
colleagues study was general functional disability, a latent
variable with ADLs, IADLs, and functional limitations as
indicators. .

While not statistically significant in the multinomial
logistic regression model, non-Hispanic African American
participants were over-represented in the Rapid Decline
Group and the High Baseline Group. Taylor and colleagues
specifically studied trajectories of ADL limitations in the
years prior to death and found that while racial disparities
in functional status generally diminish in late old age,
the trajectories diverge in the last two years before death
with the curve becoming steeper for non-Hispanic African
Americans.® This is also consistent with the study by Kail
and colleagues who found that while the risk of functional
limitation was similar among White non-Hispanic, African
American non-Hispanic, and Hispanic older adults when
they had no comorbidities, the curves for both African
Americans non-Hispanics and Hispanics became steeper
when comorbidities were present.?’

One possible reason for racial disparities in functional sta-
tus is neighborhood segregation. Frailty in older adults is
positively associated with living in neighborhoods with a
higher proportion of African Americans.?® However, living
in areas with high proportion of African Americans could be

a proxy for many other cultural, economic, and environmen-
tal factors. This area of research remains underexplored.

Zamudio-Rodrigues and colleagues compare and contrast
frailty and disability.?” Frailty represents a state of increased
vulnerability to stressors. It involves weakness, exhaustion,
weight loss, slowness, and low physical activity, and is often
operationally defined as the presence of at least three of those
characteristics.?® Disability is difficulty performing ADLs or
IADLs or difficulty with mobility.?”?® The researchers pro-
posed a four-stage model of functional disablement where
there is a progression from frailty to IADL disability and finally
ADL disability.?” They tested this model using Cox regression
and obtained results that supported the proposed model.

The Caldwell et al. study used similar neighborhood ques-
tions to the ones used in the present study and grouped them
into a variable that they called social cohesion.?® Neighborhoods
that are socially cohesive may provide health benefits for their
residents by promoting healthy behavior, encouraging mutual
trust, and building stronger social networks. The researchers
found a significant negative relationship between social cohe-
sion and frailty. They also found positive relationships between
frailty and physical disorder (as rated by the interviewer),
neighborhood instability, and higher proportions of African
American residents. In the present study none of the neighbor-
hood variables are statistically significant when adjusted for
covariates. One explanation for the discrepancy is that the
Caldwell and colleagues study used frailty as the dependent
variable. The present study focuses on ADL dependency. If the
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Dombrowsky

Zamudio-Rodrigues model mentioned above is true, ADL
dependency is a later stage of the disablement process than
frailty.”’

Comorbidity was the covariate that had the most influ-
ence on functional status in the covariate one-class model of
the present study. Chen and colleagues used a population
based Taiwanese cohort of older adults to study functional
decline in a one-class growth model.? They found that num-
ber of comorbidities significantly increased baseline func-
tional disability and also resulted in a steeper growth
trajectory. Total comorbidity could not be included in the
regression model for the present study due to issues of mul-
ticollinearity, but there were also significant class differences
in incidence of specific comorbidities, with three of the 10
comorbidities being statistically predictive of less likelihood
of membership in the Late Decline Group. While the present
study did find differences in baseline functional status on the
basis of initial comorbidity (see Figure 2), it did not find
notable differences in steepness of growth. This could be to
differences in the specific measurements included in the
present study and that of Chen and colleagues.

Fingerman et al. suggest that limitations in functional sta-
tus themselves may involve a positive feedback loop whereby
limited activity leads to greater engagement with unhealthy
activity with a final result of even greater functional disabil-
ity.?” The older adults with functional disability had greater
sedentary behavior, less physical activity, and less activity
outside the home. In the current study the differences in par-
ticipation in discretionary activities all followed expected
patterns for classes (highest participation in Late Decline,
moderate in Rapid Decline, and lowest in High Baseline),
but these differences were not statistically significant in the
regression model.

Limitations

One limitation of this study is attrition of the sample. Attrition
occurred either due to deaths in the cohort or due to failure to
respond to subsequent rounds of the survey. It cannot be
assumed that non-respondents in either of these situations
are similar to respondents. The Rapid Decline class had less
than optimal differentiation in the class model as evidenced
by a post probability score of 0.786.

The present study uses adjusted age as the time variable
rather than year of data collection. Participants enrolled in
the study in either year one or year five and were followed
until they died or were lost to follow-up. By using age as the
time variable rather than year of the round of data collection,
the trajectory for the model can be extended beyond the
number of years of actual data collection. However, this
extension does not come without cost. Finkel and Ernsth
Bravell point out that there may be generational differences
between cohorts which can affect the dependent variable.*

Only a subset of the covariates that could potentially
impact functional status were used. For example, this study
lacks variables related to educational level, profession, and

socioeconomic status. There are variables related to educa-
tional level and socioeconomic status in the NHATS dataset,
but they were not in a form amenable to use in this study.
This limitation is important in that access to healthcare is
closely related to socioeconomic conditions. Another limita-
tion is that most of the data used in this study is self-report
data. Older adults in nursing homes consistently overesti-
mate their functional abilities compared to proxy ratings and
ratings by researchers, especially when they have impaired
cognitive function.?! A study of community-dwelling older
adults found that self-estimates of ADL ability were gener-
ally better than self-estimates of abilities such as walking six
blocks, and that the estimates were more accurate regarding
functional abilities as opposed to disabilities.>? High levels
of depression are associated with underestimation of func-
tional abilities.>* Both overestimation and underestimation
are thus potential problems with self-report data.

Conclusion

The present study has several implications for clinical prac-
tice and for future research. Estimates of mean trajectory
can give patients, their families, and healthcare providers an
idea of what to expect when they encounter older adults who
have entered a pattern of functional decline. As seen in
Figure 2, the classes in the present model were most clearly
distinguished between the ages of around 75-80. Models
can also identify factors that enhance or diminish functional
decline. The models presented here, together with other sim-
ilar models, can be used to further a better understanding of
the disablement process. Future studies should focus on
expanding the context of disablement trajectories by using
longer time spans. No doubt there are important precursors
in middle age that could be predictive of later functional
decline. This is especially important with regard to the High
Baseline class, because the trajectory of functional decline
for that group actually begins before age 65, and so the
beginning phase of that trajectory was not captured in the
present study. Future work should focus on ways of identi-
fying which trajectory a given individual is on as well as
refining the predictive capabilities of the trajectories. This
research can also be expanded by incorporating other indi-
cators of functional decline such as IADL and performance-
based indicators of functional status.

Trajectories of functional status of older adults are not lin-
ear but are curvilinear and are better represented using splines.
Three distinct trajectories were identified in this study; rapid
decline, high baseline, and late decline. Significant differences
in the characteristics of each of these groups were identified.
Comorbidities are the most important factor in the disable-
ment process, but race is also important. There is still work to
be done in explaining the racial influence on disablement.

Declaration of Conflicting Interests

The author declared no potential conflicts of interest with respect to
the research, authorship, and/or publication of this article.



10 Western Journal of Nursing Research 00(0)
Funding 12. MacNeil Vroomen JL, Han L, Monin JK, Lipska KJ, Allore
The author received no financial support for the research, author- HG. Dlgbetes, .hear.t .dlseas.e, an(.i dementia: Natlo.nal estimates
ship, and/or publication of this article. of functional fhsap%hty trajectorlés—Dementla, diabetes, heart
disease and disability. J Am Geriatr Soc. 2018;66(4):766-772.
. doi:10.1111/gs.15284
Ethical Approval 13. Martin LG, Zimmer Z, Lee J. Foundations of activity of daily
University of Texas at Arlington Institutional Review Board waived living trajectories of older Americans. J Gerontol B Psychol
approval for this study. Sci Soc Sci. 2017;72(1):129-139. doi:10.1093/geronb/gbv074
14. Wolf DA, Freedman VA, Ondrich JI, Seplaki CL, Spillman
ORCID iD BC. Disability trajectories at the end of life: A “countdown”
Thomas Dombrowsky 2/ https://orcid.org/0000-0001-7314-3529 g;(;file é li)ggfgogfé]ﬁgﬁf:zo I Sci Soc Sci. 2015;70(5):745-752.
15. Stenholm S, Westerlund H, Head J, et al. Comorbidity
References and functional trajectories from midlife to old age: The
1. Auriemma CL, Harhay MO, Haines KJ, Barg FK, Halpern SD, health and retirement study. J Gerontol A Biol Sci Med Sci.
Lyon SM. What matters to patients and their families during 2015;70(3):332-338. doi:10.1093/gerona/glul13
and after critical illness: A qualitative study. Am J Crit Care. 16. Ram N, Grimm KJ. Methods and measures: Growth mixture
2021;30(1):11-20. doi:10.4037/ajcc2021398 modeling—A method for identifying differences in longi-
2. Zajacova A, Montez JK. Explaining the increasing disability tudinal change among unobserved groups. Int J Behav Dey.
prevalence among mid-life US adults, 2002 to 2016. Soc Sci 2009;33(6):565-576. doi:10.1177/0165025409343765
Med. 2018;211:1-8. doi:10.1016/j.socscimed.2018.05.041 17. Duncan TE, Duncan SC, Strycker LA. An Introduction to
3. Botoseneanu A, Allore HG, Mendes de Leon CF, Gahbauer Latent Variable Growth Curve Modeling: Concepts, Issues,
EA, Gill TM. Sex differences in concomitant trajectories of and Applications. 2nd ed. Lawrence Erlbaum Associates;
self-reported disability and measured physical capacity in older 2006.
adults. J Gerontol A Biol Sci Med Sci. 2016;71(8):1056-1062. 18. Weller BE, Bowen NK, Faubert SJ. Latent class analysis: A
doi:10.1093/gerona/glw038 guide to best practice. J Black Psychol. 2020;46(4):287-311.
4. Schafer MH. (Where) is functional decline isolating? disor- doi:10.1177/0095798420930932
dered environments and the onset of disability. J Health Soc 19. Kasper JD, Freedman VA. National health and aging
Behav. 2018;59(1):38-55. doi:10.1177/0022146517748411 trends study user guide: Rounds 1-10 beta release. 2021.
5. Dong L, Freedman VA, Sanchez BN, Mendes de Leon Accessed May 22, 2021. https://www.nhats.org/sites/default/
CF. Racial and ethnic differences in disability transitions files/2021-04/NHATS_User_Guide_R10_Beta_Release%20
among older adults in the United States. J Gerontol Ser A. 04 30 2021 0.pdf
2019;74(3):406-411. doi:10.1093/gerona/gly(052 20. Freedman VA, Hu M, DeMatteis J, Kasper J. Accounting for
6. Taylor MG, Min SN, Reid KM. Cumulative inequality at the Sample Design in NHATS and NSOC Analyses: Frequently
end of life? Racial disparities in impairment in the time before Asked Questions. 2020;20.
death. J Gerontol Ser B. 2020;75(6):1292-1301. doi:10.1093/ 21. R Core Team. R: A Language and Environment for Statistical
geronb/gby129 Computing. Published online 2021. https://www.R-project.org/
7. Choi E, Tang F, Kim SG, Turk P. Longitudinal relation- 22. Proust-Lima C, Philipps V, Liquet B. Estimation of extended
ships between productive activities and functional health mixed models using latent classes and latent processes: The R
in later years: A multivariate latent growth curve model- package lemm. J Stat Softw. 2017;78(2). doi:10.18637/jss.v078.102
ing approach. Int J Aging Hum Dev. 2016;83(4):418-440. 23. Venables WN, Ripley BD. Modern Applied Statistics with S,
doi:10.1177/0091415016657557 4th Ed. Springer;2002. Accessed February 11, 2023. https:/
8. Da Silva Alexandre T, Scholes S, Ferreira Santos JL, De www.stats.ox.ac.uk/pub/MASS4/
Oliveira Duarte YA, De Oliveira C. Dynapenic abdominal obe- 24. Van Buuren S, Groothuis-Oudshoorn K. Mice: Multivariate
sity increases mortality risk among English and Brazilian older imputation by chained equations in R. J Stat Softw.
adults: A 10-year follow-up of the ELSA and SABE studies. J 2011;45(3):1-67. doi:10.18637/js5.v045.103
Nutr Health Aging. 2018;22(1):138-144. doi:10.1007/s12603- 25. Kail BL, Taylor MG, Rogers N. Double disadvantage in the
017-0966-4 process of disablement: Race as a moderator in the associa-
9. Chen YM, Chen DR, Chiang TL, Tu YK, Yu HW. Determinants tion between chronic conditions and functional limitations. J
of rate of change in functional disability: An application Gerontol Ser B. Published online April 16, 2018. doi:10.1093/
of latent growth curve modeling. Arch Gerontol Geriatr. geronb/gby027
2016;64:21-28. doi:10.1016/j.archger.2015.11.012 26. Caldwell JT, Lee H, Cagney KA. Disablement in context:
10. World Health Organization. World report on ageing and Neighborhood characteristics and their association with frailty
health. 2015. Accessed February 11, 2023. https://www.who. onset among older adults. J Gerontol Ser B. 2019;74(7):¢40-
int/publications-detail-redirect/9789241565042 ¢49. doi:10.1093/geronb/gbx123
11. Bishop NJ, Eggum-Wilkens ND, Haas SA, Kronenfeld JJ. 27. Zamudio-Rodriguez A, Letenneur L, Féart C, Avila-Funes JA,

Estimating the co-development of cognitive decline and physi-
cal mobility limitations in older U.S. adults. Demography.
2016;53(2):337-364. doi:10.1007/s13524-016-0458-x

Amieva H, Péres K. The disability process: Is there a place for
frailty? Age Ageing. 2020;49(5):764-770. doi:10.1093/ageing/
afaa031


https://orcid.org/0000-0001-7314-3529
https://www.who.int/publications-detail-redirect/9789241565042
https://www.who.int/publications-detail-redirect/9789241565042
https://www.nhats.org/sites/default/files/2021-04/NHATS_User_Guide_R10_Beta_Release%2004_30_2021_0.pdf
https://www.nhats.org/sites/default/files/2021-04/NHATS_User_Guide_R10_Beta_Release%2004_30_2021_0.pdf
https://www.nhats.org/sites/default/files/2021-04/NHATS_User_Guide_R10_Beta_Release%2004_30_2021_0.pdf
https://www.R-project.org/
https://www.stats.ox.ac.uk/pub/MASS4/
https://www.stats.ox.ac.uk/pub/MASS4/

Dombrowsky

28.

29.

30.

31.

Fried LP, Ferrucci L, Darer J, Williamson JD, Anderson G.
Untangling the concepts of disability, frailty, and comorbidity:
Implications for improved targeting and care. J Gerontol A Biol
Sci Med Sci. 2004;59(3):255-263. doi:10.1093/gerona/59.3.m255
Fingerman KL, Ng YT, Huo M, Birditt KS, Charles ST, Zarit
S. Functional limitations, social integration, and daily activi-
ties in late life. J Gerontol Ser B. 2021;76(10):1937-1947.
doi:10.1093/geronb/gbab014

Finkel D, Ernsth Bravell M. Cohort by education interactions
in longitudinal changes in functional abilities. J Aging Health.
2020;32(3-4):208-215. doi:10.1177/0898264318814108
Machéaova K, Vaikova H, Holmerova I, Céabelkova I,
Volicer L. Ratings of activities of daily living in nursing home

32.

33.

residents: comparison of self- and proxy ratings with actual
performance and the impact of cognitive status. Eur J Ageing.
2018;15(4):349-358. doi:10.1007/s10433-018-0456-5
Rebougas M, Coelho-Filho JM, Veras RP, Lima-Costa MF,
Ramos LR. Validity of questions about activities of daily
living to screen for dependency in older adults. Rev Saude
Publica. 2017;51:84. doi:10.11606/S1518-8787.20170510
06959

Henstra M, Rhebergen D, van der Velde N, et al. Patterns of
discordance of physical functioning in older persons; differ-
ent associations for apathy and depression? Results from the
NESDO-study. Aging Ment Health. 2022;26(8):1580-1588.
doi:10.1080/13607863.2021.1932738



