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Abstract

Objectives: The aim of this study was to identify natural subgroups of older adults based on
cognitive performance, and to establish each subgroup’s characteristics based on demographic
factors, physical function, psychosocial well-being, and comorbidity.

Methods: We applied latent class (LC) modeling to identify subgroups in baseline assessments of
1345 Einstein Aging Study (EAS) participants free of dementia. The EAS is a community-
dwelling cohort study of 70 + years-old adults living in the Bronx, NY. We used 10 neurocognitive
tests and 3 covariates (age, sex, education) to identify latent subgroups. We used goodness-of-fit
statistics to identify the optimal class solution and assess model adequacy. We also validated our
model using two-fold split-half cross-validation.

Results: The sample had a mean age of 78.0 (5D=5.4) and a mean of 13.6 years of education
(8D=3.5). A 9-class solution based on cognitive performance at baseline was the best-fitting
model. We characterized the 9 identified classes as (i) disadvantaged, (ii) poor language, (iii) poor
episodic memory and fluency, (iv) poor processing speed and executive function, (v) low average,
(vi) high average, (vii) average, (viii) poor executive and poor working memory, (ix) elite. The
cross validation indicated stable class assignment with the exception of the average and high
average classes.

Conclusions: LC modeling in a community sample of older adults revealed 9 cognitive
subgroups. Assignment of subgroups was reliable and associated with external validators. Future
work will test the predictive validity of these groups for outcomes such as Alzheimer’s disease,
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vascular dementia and death, as well as markers of biological pathways that contribute to cognitive
decline.
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INTRODUCTION

Cognitive impairment is a central characteristic of Alzheimer’s disease (AD) and other
forms of dementia. Cognitive impairment in individuals who go on to develop AD takes
place long before dementia diagnosis (Elias et al., 2000; Hall, Lipton, Sliwinski, & Stewart,
2000; La Rue & Jarvik, 1987; Masur, Sliwinski, Lipton, Blau, & Crystal, 1994; Snowdon et
al., 1996; Whalley et al., 2000). Identifying and characterizing cognitive subgroups in the
pre-dementia phase is essential to the development of prevention and treatment strategies.
Multiple factors contribute to a high level of between-person variation in cognitive
subgroups contributing to the difficulties in characterizing subgroups of individuals at risk
for future cognitive decline.

The parsing of cognitive heterogeneity in aging populations is a fundamental step in the
identification of subgroups at risk for AD, vascular dementia (VaD), and other forms of
dementia. Statistical methods can be used to identify distinct subgroups of cognitively more
homogeneous older adults. Although several studies have applied statistical clustering
methods based on neuropsychological data, most have been limited by the range of cognitive
variability: studies have focused on mild cognitive impairment (Delano-Wood et al., 2009;
Hanfelt et al., 2011; Libon et al., 2010), individuals with dementia (Davidson et al., 2010;
Peter et al., 2014), or unimpaired individuals (Costa, Santos, Cunha, Palha, & Sousa, 2013;
Zammit, Starr, Johnson, & Deary, 2014). In other studies, the neuropsychological tests are
limited, the sample sizes are modest (< 120) (Libon et al., 2010; Ylikoski et al., 1999), or
the statistical methods are suboptimal (Libon et al., 2010; Ylikoski et al., 1999).

Latent class analysis (LCA) is a group-based approach that uses general mixture modeling
techniques to provide an empirical means of summarizing large amounts of data to study
individual differences using a taxonomic dimension (McLachlan & Peel, 2000). This
individualized multilevel approach allows each individual to be placed on a scale of
prognostic probability (Nagin & Odgers, 2010). This approach may allow us to identify
groups of participants at increased risk of different types of dementia. Furthermore, by
defining cognitive subgroups and their phenotypic risk profile (e.g., comorbidity, depressive
symptomatology, etc.), we may eventually be in a better position to tailor specific
interventions. This approach will allow us to define the level of risk individuals are in by
placing them on a spectrum from negligible to high risk.

The aims of this study were (i) to establish naturally occurring classes of cognitive function
in community-dwelling older adults at cross-section; and (ii) characterize these classes using
demographic features, physical function, psychosocial well-being, and comorbidity.

J Int Neuropsychol Soc. Author manuscript; available in PMC 2019 April 26.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Zammit et al.

METHODS

Page 3

Several studies have provided useful information on the various profiles that exist in
different populations in old age in an attempt to find out how the latent structure of cognition
unfolds across domains and across individuals (Costa et al., 2013; Maxson, Berg, &
McClearn, 1997; Ko, Berg, Butner, Uchino, & Smith, 2007; Morack, Ram, Fauth, &
Gerstorf, 2013; Smith & Baltes, 1997; Zammit et al., 2014); however, they are purely
descriptive, and their taxonomies capture just one model of reality. As suggested (Nagin &
Odgers, 2010) we adopted a bottom-up approach within an exploratory and confirmatory
framework and imposed no constraints on the number or make-up of the classes being
generated.

Our methodological approach can be described in four steps.

1. Selecting the Study Population

We used the Einstein Aging Study (EAS) cohort for our analyses; a detailed description of
the study design has been previously reported (Katz et al., 2012). Participants are 70 years
and older, community-dwelling, English-speaking and reside in the Bronx, New York.
Participants were systematically recruited from the Health Care Financing Administration/
Centers for Medicaid and Medicare Services rosters for Medicare-eligible between 1993 and
2004, and from New York City Board of Elections voter registration lists from 2004 onward.
Written informed consent was obtained on their first clinical visit. The study protocol was
approved by the local institutional review board.

Between 1993 and 2015, a total of 2262 participants had baseline evaluations, of those, 1395
had follow-up data. There were 50 participants with prevalent dementia who were excluded
from the study. Participants were assigned a diagnosis of dementia at consensus case
conferences, which included comprehensive review of cognitive test results, relevant
neurological signs and symptoms, and functional status based on standardized clinical
criteria from the Diagnostic and Statistical Manual, Fourth Edition (Diagnostic and
Statistical Manual of Mental Disorders, DSM-1V, 1994); this required impairment in
memory and at least one additional cognitive domain, as well as evidence of functional
decline. We proceeded our analyses on the remaining 1345 participants.

Core Variables Applied to the Latent Class Analysis

Neur ocognitive measures.. All EAS participants were administered the Free and Cued
Selective Reminding Test (FCSRT) free recall test (Buschke, 1973, 1984; Grober et al.,
1999); Logical Memory (LM) (Wechsler, 1987), Categories (CAT) (Benton & Hamsher,
1989), the Controlled Oral Word Fluency Test (FAS) (Monsch et al., 1992), Trail Making
Tests A (TMTA) and B (TMTB) (Army Individual Test Battery, 1944), Digit Symbol
Coding (Wechsler, 1997), Digit Span (Wechsler, 1997), Block Design (Wechsler, 1997), and
the Boston Naming Test (BNT) (Kaplan, Goodglass, & Weintraub, 1983) during the in-
person evaluation on the participant’s clinic visit day. Baseline scores from these
neuropsychological instruments were used to identify cognitive subgroups.

J Int Neuropsychol Soc. Author manuscript; available in PMC 2019 April 26.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Zammit et al.

Page 4

Demographic measures.: We included self-reported age, gender, and number of years of
formal education as covariate predictors of class membership in the latent class model. The
inclusion of at least one strong covariate positively affects model estimation and improves
the fit of the class solution (Wurpts & Geiser, 2014).

2. Fitting the LCA model and Selecting the Optimal Class

We fitted models with an increasing number of classes from 2 to 10. We then applied
recommended procedures to identify the most suitable model; these included comparison of
fit indices, evaluation of class separation, and class interpretation. We specified 2-, 3-, 4-, 5-,
6-, 7-, 8-, 9-, and 10-class solutions. To assess fit between models with k versus k+1 classes,
we used the Bayesian information criterion (BIC) (Raftery, 1995); we also used entropy
(Celeux & Soromenho, 1996) to identify the solution that seemed to have the best precision
in distinguishing amongst classes. To obtain appropriate model convergence and a robust
solution we applied 500 random starts in the initial stage and 10 optimizations in the final
stage.

Further recommendations in assessing model adequacy (Nagin & Odgers, 2010) included,
obtaining a close correspondence between the estimated probability of group membership
and the proportion assigned to that group based on the posterior probability of group
membership for each class, and ensuring that the average of the posterior probabilities of
group membership for individuals assigned to each group exceeded a minimum threshold of
0.7.

3. Cross-Replication Procedures

For replication and validation purposes, we applied two-fold cross-validation split-half
procedures as described in Collins et al.( Collins, Graham, Long, & Hansen, 1994), Collins
and Lanza (Collins & Lanza, 2010), and Grimm et al. (Grimm, Mazza, & Davoudzadeh,
2017). Specifically, we tested our model by applying two-fold cross-validation techniques by
defining two random independent sub-samples, fitting models in each sample and then
applying them to the other sample. In other words, each sample was in turn both used as a
calibration (known class) sample and a cross-validation (training) sample. We first
developed models ranging between 2-and 10-class solutions in our sample of 1345
individuals. For the cross-validation we randomly split the sample into two subsamples
(/=672 and 673) and we applied these models onto each half. We then used each subsample
to predict membership on the other half, hence calibrating the model on one subsample and
cross-validating it on the other using training procedures in MPIlus.

We then examined the cross-tabulated classes to determine the Kappa, and examine how
closely the inter-class probabilities matched between participants who were subjected to the
LCA under trained and untrained conditions. Thus, based on subsample 2’s performance and
subsample 1’s class formation, we tested whether the model correctly assigned the
participants from subsample 2 to similar classes of the known participants from subsample
1, and vice-versa. \We ran the models for training using neuropsychological tests, age,
gender, and education as predictor variables.
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4. Characterization and Validation Procedures

To characterize and validate our model, we analyzed preexisting characteristics to determine
if variables unrelated to the class-formation of the participants are distinguishable amongst
the classes. We applied two sets of validators; those that were used to form the groups, that
is, the core neurocognitive measures, and those that were only introduced to the classes after
the model solution was finalized, that is, the external non-cognitive validators.

Core neurocognitive characteristics—A good first indication of whether the classes
are substantially different from each other are differences among classes on the variables
that were used to define the classes (Vermunt & Magidson, 2002). In our study, we had 10
neurocognitive variables and 3 covariates (described above).

External non-cognitive validators—External validators are variables that have not been
used in the class formation to determine if the classes are distinguishable on pre-existing
characteristics and help in interpreting the results (Nagin & Tremblay, 2005; Nylund,
Asparouhov, & Muthen, 2007). Table 1 lists in detail a comprehensive account of the
external variables that were used to validate the final model. We grouped these variables in
four categories of (i) demographics (ethnicity and the Wide Range Achievement Test), (ii)
physical function (gait speed, grip strength, peak flow), (iii) psychological wellbeing
(depression, stress, neuroticism), and (iv) health and disease (smoking, hypertension,
diabetes, history of stroke).

We used multivariate analyses of variance for continuous variables, and Chi-square tests for
categorical variables with group membership as the independent variables to learn how the
classes differed from each other.

Statistical Software—For LCA modeling, we used MPlus version 7 (Muthen & Muthen,
1998-2016). Figures were generated in RStudio for Mac version 1.0.136 (Integrated
Development for R. RStudio, Inc., Boston, MA, http://www.rstudio.com); the “ggplot2”
package was used to generate the boxplots. All other analyses were done in SPSS version 24
(SPSS Inc., Released 2016).

RESULTS

Characteristics of the Study Population

Table 2 shows the characteristics of the whole sample, including subsamples 1 (7=672) and
2 (n=673). The average age of the cohort was 78.0 years (SD = 5.4) and 61.6% (/7= 828)
were female. Average years of education were 13.6 (SD = 3.5) and 68% (/7=914) were non-
Hispanic White. As can be seen in Table 2, the characteristics of both subsamples are similar
to each other and the whole cohort.

Formation and Selection of the Optimal Class Solution

Model fit statistics for 2-10 class models are presented in Supplementary Table 1. Although
the 3-class solution had the highest entropy (0.847), the fit kept improving markedly with
every added class, up until the 9-class solution (BIC=90957.213),with an entropy estimating
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that over 82% of research participants had a distinctive class assigned to them. With the 10-
class solution, the fit did not improve much further, and the entropy started to decline
(0.799), so we stopped fitting classes at that point. Models with 3, 4, and 5 solutions showed
quantitative differences amongst the groups, and it was only when we started adding 6 +
classes that qualitative differences started to emerge. When using continuous data, there is
usually a trade-off between parsimony and fit, and typically at least two models will emerge
as close approximation to the #ruze model with some ambiguity as to which is the best model.
It is up to the researcher to select the best model, that is, the closest approximation to the
unknown frue model (Collins et al., 1994).

Reliability and Adequacy of the Class Solution

We compared classes between the new-formed solutions in subsamples 1 and 2 and the
cross-validated models on each split-half. Both demographic characteristics and cognitive
subgroups were similar between the classes of subsamples 1 and 2 (results available on
request). The cross-validated models showed that the model fit improved with the 5-class
solution, and then deteriorated before improving again with the 9-class solution, after which
it started declining again with the 10-class solution. The model that yielded the most
favorable fit statistics depended upon whether subsample 1 or subsample 2 served as the
cross-validation sample. Had there been no cross-validation, or had single cross-validation
been used, the conclusions drawn from these results might have been inconclusive.

For example, without cross-validation, the BIC kept improving with every added class,
leaving no clear identification of a solution (Supplementary Table 1); however, as can be
seen in Supplementary Table 2, the BIC improved for the 5-class solution in both cross-
validated subsamples 1 (BIC=91409.145) and 2 (BIC=91221.606), and then deteriorated up
until it reached a better fit for the 9-class solution in both cross-validated subsamples 1 (BIC
=91229.389) and 2 (BIC = 9122.651). Entropy was = .9 for the cross-validated 9-class
solutions and > .8 and .9 for the 5-class solutions. When mapped onto the trained solutions,
participants generally fell into similar classes (Supplementary Table 3). The major
misclassifications across classes were between classes 6 and 7 in both subsamples, which
were assignments to similar classes (average and high average cognition). Cohen’s kappa
coefficient for the inter-class agreement was moderate to good at 0.640 and 0.724, for
subsamples 1 and 2.

We, therefore, investigated model adequacy on the 9-class solution on the whole sample,
which showed that the posterior probabilities of group membership exceeded the minimum
threshold of 0.7, ranging from a minimum of 75.8% in class 7 to 99.1% in Class 8 Each
class also obtained a close correspondence (probability > 0.70) between the estimated
probability of group membership and the proportion assigned to that group, with
probabilities ranging between 0.70 for Class 7 to 0.90 for Class 6 We further investigated the
effect sizes of each of the cognitive measures on the latent classes by using the following

formula, Byayx = P*SDX)/SD(Y) to calculate the standardized covariates These ranged from

1 4 for Block Design in Latent Class 8 to 9.3 for Trail Making Test A in Latent Class 8
Further details can be found in Supplementary Table 4.
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These results provided evidence that our model was robust, and we proceeded to investigate
further the 9-class solution.

Characteristics and Validity of the 9-Class Solution

Table 3 shows the demographic characteristics of each of the nine classes. In this table, we
also included external demographic variables, such as ethnicity and the WRAT (as a proxy
for premorbid 1Q).

In Table 4, test performance on the neurocognitive battery that was used to form the classes
is presented according to class membership.

External validators of the class-solution including indicators of physical fitness,
psychological wellbeing, and health and other medical co-morbidities can be found in Table
5. As the Tables show, classes differed significantly amongst each other on all variables
except for grip strength, current smokers, and hypertension (Distress in the PSS-14 almost
reached significance) indicating distinguishable pre-existing characteristics that the model
correctly identified.

Summary of the Classes

Figures 1 and 2 illustrate in box plots how each of the classes performed in relation to each

other according to working (Digit Span) and episodic memory (FCSRT, LM) and language

(BNT) and fluency (word fluency, Categories), and processing speed (TMTA, Digit Symbol
Coding) and executive function (TMTB, Block Design).

Class 1 consisted of 77 (5.70%) participants. It had the highest percentage of females (7=
58; 75.3%). Class 1 seemed to be the overall disadvantaged class— participants had the
poorest levels of education (mean = 8.4 years; SD = 2.8), scored lowest on premorbid 1Q
(mean=49.1; SD = 15), and lowest on Boston Naming, Digit Span, Block Design, and word
fluency. It also scored second to lowest on Digit Symbol Coding and Logical Memory. In
terms of physical fitness, Class 1 had the poorest peak flow and the slowest gait speed.
Individuals in this class also scored highest on the GDS and, along with Class 3, on
Neuroticism.

Class 2 consisted of 90 (6.7%) participants with an average age of 81.3 (SD = 6.3); this was
one of the oldest classes. Strikingly, although scores on its cognitive measures were not as
severe as Classes 1, 3, 4 and 8, compared to the well-performing classes (Classes 5, 6, 7, and
9), and even to Class 4, this class performed relatively worse on language and fluency
measures. The two main elements that distinguished this class from the rest is that, despite
the average scores on cognitive measures, it had poorer levels of education and worse
WRAT scores than most classes, even those with poor cognition (except for Classes 1 and 8,
which showed patterns of cognitive impairment), indicating possibly a low cognitive reserve
threshold. To keep the classes strictly related to cognition, we termed this class the poor
language class due to the low premorbid ability on the reading test. This class had the
highest proportion of current smokers (11.5%), possibly reflecting the low education levels
of its participants. Interestingly, this class had the lowest scores on Neuroticism (mean=
17.5; SD=4.6).
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Class 3 consisted of 81 (6.0%) participants with an average age of 79.0 (SD=5.0). This class
scored poorly on fluency measures; however, it performed the poorest on Free Recall
(means= 23.4; SD=5.8) and second to poorest on Logical Memory (Class 1 performed the
worst). We termed Class 3 as the poor episodic memory and fluency class. Relatedly, this
class also had relatively high scores on the GDS (mean= 3.2; SD= 2.7) compared to the rest
of the classes; and scored the highest on Neuroticism (mean= 28.0; SD = 8.7).

Class 4 (n=51; 6.1%) was one of the smallest classes, displaying a very specific impairment
in timed tasks of processing speed and executive function, namely, Digit Symbol Coding,
Block Design, and Trail Making Tests A and B, but did better on tests of memory (FCSRT
and LM) and premorbid 1Q (NART and education were relatively high). The majority was
African American (n7=19; 51.4%), and 56.8% were female. Due to this domain-specific
impairment, especially in light of the relatively good scores in other domains, we
hypothesize that perhaps an underlying mechanism affecting speeded tasks and executive
functions may be at play, and we thus termed this the poor processing speed and executive
function class.

Classes 5 and 6 were the largest classes (17=346 and /7=440) making up 25.7% and 32.7%
of the population. These classes performed at low average and high average compared to the
rest of the sample on the neurocognitive battery. Class 7 was also a relatively large class at
136 (10.1%) participants. This class had a high proportion of non-Hispanic White (/7= 110;
80.9%) and one of the lowest of females (7=39; 28.7%). Classes 5, 6, and 7 all had
relatively high levels of education ranging from 12.2 years (SD = 2.6) in Class 5 to 15.3
years (SD=3.2) in Class 7. Overall, Classes 5, 6, and 7, outperformed each other across
measures, with Class 6 doing better than Classes 5 and 7 overall, and Class 6 faring better
than Class 5 on measures of peak flow, grip strength, and gait speed, while Class 7 showed
highest peak flow and grip strength average across all classes. This pattern reflected their
score on the neurocognitive measures. We labeled these classes as low average cognition
(Class 5), average cognition (Class 7), and high average cognition (Class 6).

Class 8 was the smallest (7= 34; 2.5%) and oldest class (age = 81.4 years; SD=15.9). It had
the highest proportion of African Americans (/7=19; 55.9%), along with Class 4 (poor
processing speed and executive function class). This class also scored the poorest on TMTA
and TMTB; along with Class 1, this class also had the lowest scores on Digit Symbol
Coding, and Digit Span. We termed Class 8 as the poor executive and poor working memory
class due to the noticeable co-impairment in measures reflecting these domains. This class,
along with Class 1 had the slowest gait speed; it also had the highest proportion of
individuals with a history of stroke (23.5%).

Class 9 (= 104; 7.7%) was the youngest class (mean age=75.1; SD=3.9) and its participants
had the highest number of years in education (mean=16.8; SD=2.7). This class consisted of
67.3% females and the majority (88.5%) was non-Hispanic White. This was the best
performing class on all tests of the neurocognitive battery. In terms of physical fitness, Class
9 outperformed all other classes on gait speed, but not on peak flow and grip strength (Class
7 did better). Participants in class 9 were also generally more emotionally stable than the rest
of the sample displaying lowest scores on the GDS, the PSS-14, and Neuroticism. Class 9,
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along with Class 6 (high average) had the highest percentage of past smokers (57.7% and
59.7%). We termed this class as the elite class.

DISCUSSION

Cognitive performance in older adults is determined by a multiplicity of factors including
age and illness-related cognitive decline, including Alzheimer’s pathology, vascular disease
and Lewy body disease, among others. As these factors have sites of predilection, patterns of
cognitive performance may be linked to various patterns of disease-related decline (Gelber,
Launer, & White, 2012; Ritchie et al., 2016; White et al., 2016). In this study, we aimed to
identify groups of older adults differing in their patterns of cognitive performance, and to
link these groups to profiles of physical function, psychological well-being, and comorbidity
before the development of dementia.

We fit latent class models to two groups of older adults and applied models developed in one
group to the other. Our results showed that the older population is highly diverse with some
classes of individuals showing dimensional patterns of cognitive function (e.g., the high
average, average, and low average cognition classes), while others cluster at the high end of
the spectrum (e.g., the elite class) or at the lower end (e.g., the disadvantaged class), and yet
others display discontinuous patterns of scores across measures of cognition (e.g., the poor
language, the poor episodic memory and fluency, the poor processing speed and executive
function, and the poor executive and poor working memory class).

The reliability of classification in the cross-validation subsamples illustrated that most
participants were grouped into similar classes. We were thus interested in determining why
some cases had low posterior-probabilities compared to others whose class assignment was
more clear-cut. Upon investigating the posterior probabilities of the high-risk classes (i.e.,
the disadvantaged, the poor language, the poor episodic memory and fluency, the poor
processing speed and executive function, and the poor executive and poor working memory
classes), we found that the individuals whose posterior probabilities were < .70 were also
assigned probabilities that belonged to equally at-risk groups.

For example, participants from the disadvantaged class were more likely to be assigned to
the poor processing speed and executive function and the poor executive and poor memory
classes if they had not been assigned primarily to their class. One participant, for instance
was assigned a posterior probability of .42 for his final assignment in the disadvantaged
class, and .34 for the poor processing speed and executive function class, while another was
given a posterior probability of .41 to his final class assignment in the disadvantaged class,
and .37 for the poor executive and poor working memory class, indicating that possibly these
three classes share an underlying pattern, that could indicate low cognitive reserve (all three
classes had low education and poor WRAT scores).

Similarly, most individuals who received a posterior probability <.70 for the poor episodic
memory and fluency class, were more likely to be assigned to the low average class than any
other class, indicating that poor cognition overall may also be a risk factor for AD,
especially if this class was not reflective of a life-time trait of poor cognition but a slow
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general decline across all measures of cognition. Literature does, in fact, point out that with
AD pathology, it is possible that one faulty network is likely to affect the breakdown of other
networks responsible for various different cognitive functions (Mortamais et al., 2017), and
that a dedifferentiation of the structure of individuals’ cognitive abilities occurs as one
slowly moves toward a clinical diagnosis (Sliwinski, Hofer, & Hall, 2003) and terminal
decline (Hulur, Ram, Willis, Schaie, & Gerstorf, 2015).

Similar trends were found for the poor processing speed and executive function, the poor
executive and poor working memory, and the poor language classes. Participants who were
assigned posterior probabilities of < .70 for their eventual class assignment to the poor
executive and poor working memory class (7= 3), were assigned moderately high (ranging
from 0.27 to 0.35) posterior probabilities to the poor episodic memory class and one high
probability (0.50) to the disadvantaged class. This result is interesting because these
participants were more likely to be classed with poor episodic memory and fluency, or with
the overall disadvantaged participants, than in the poor processing speed and executive
function class.

Furthermore, the pattern of scores of these participants is more severe and reflective of
imminent pathology than of simply scoring low on the same tests. Research shows that tests
of attention/working memory and executive function have the highest discriminatory power
between individuals who convert to AD than those who do not (Rajan, Wilson, Weuve,
Barnes, & Evans, 2015; Rapp & Reischies, 2005).

This pattern of tentative assignment is insightful; these posterior probabilities may in fact be
telling us something more than what the final class solution presents. Learning that
individuals who made the cut for one class but posteriorly finding out about the ambiguities
the model had in assigning them, reminds us that LCA is not so much about pigeonholing
but more about illustrating the heterogeneity of individuals pertaining, in this case, not only
to episodic memory, but also to executive function, language, fluency, processing speed, and
working memory. Our results suggest that these domains seem to start showing patterns of
impairment even before dementia has been diagnosed, which further adds evidence to
existing research trying to move away from the heavy focus usually given solely to episodic
memory, while neglecting other domains that seem to be equally predictive of AD
(Backman, Jones, Berger, Laukka, & Small, 2005; Mortamais et al., 2017; Ritchie et al.,
2017).

Our results also provide information on the latent structure of cognition; research shows that
underlying cognitive measures are correlated (Salthouse, 2013), and it is thus sometimes
assumed that classifications of cognitive measures will only result in quantitative patterns.
Although to an extent this is true, especially in healthy populations, results from this study
have also shown that this may not always be the case, and that, latent composites such as
executive function and working memory, within the cognitive ability structure, may reveal
specific information about particular groups of individuals. Lastly, although our study’s
objective was not about classifying individuals per se, but about taking a snapshot of the
heterogeneity present in an older population, our results suggest that possibly more than one
or two trajectory classes are present in the onset of AD and related dementias.
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Future Directions

Our results have clinical implications. Fields of cognitive aging and cognitive epidemiology
aim to diminish health inequalities and provide tailored support that come with increased
awareness of individual differences relating to cognitive and personological traits (Deary &
Batty, 2007). We realize that a simpler model may be more attractive for clinical-
applicability; however, in reality, cognitive aging is a complex and diverse phenomenon.
Furthermore, in the 9-class solution we captured more variance than we would have captured
in a simpler solution; for example, the distributions for the 2- to 5-class solutions mainly
illustrated quantitative differences amongst the classes (results available on request), and the
bigger the sample is, the more heterogeneity is likely to be captured, especially when using
continuous variables. Understandably, the identification of a simpler solution with fewer
(clinic-friendly) measures that would still explain the same amount of variance as our 9-class
model would be more practical.

Since in our cross-validation subsamples, a 5-class solution expressed favorable fit criteria,
we plan on evaluating the extent to which this model explains the heterogeneity found in this
sample, and if its classes are predictive of distal outcomes for clinical purposes. A simple
solution would also raise some questions regarding our model. For example, does the model
need two episodic memory tests? And would the addition of, or a different, fluency test be
more helpful in stabilizing the groups? Suppose one group is defined by a particular
measure, for example, BNT, but that measure is excluded from the model? Would the
stability of the groups hold? We plan to address these questions in future work that will be
aimed more at the clinical applicability of these solutions and further look into patterns that
emerge with different measures, different models, and different cohorts.

At this early stage of investigation, our results suggested that the individuals who would
benefit most from disease-modifying interventions are those who fell in the high-risk classes
(i.e., the disadvantaged, poor language, poor episodic memory and fluency, poor processing
speed and executive function, and poor executive and poor working memory classes); in
other words, individuals who displayed a highrisk profile of neurocognitive function,
evidence of specific underlying disease processes, presence of MCI symptomatology, or are
on the brink of expressing clinical symptoms. In our future work, we will expect that the
course of late-life aging can lead to improved parsing of cognitive heterogeneity and early
diagnosis.

Discovering and identifying specific sub-populations that inform dementia-risk may become
phenotypes for further imaging and genetic testing, which we plan to do by mapping our
classes on genetic and imaging data. We also plan to follow up our class solution to find out
how individuals moved across classes from one time point to the next, and determine if, and
which, classes have more mobility than others due to inherent risks and characteristics. It is
only a matter of time when results of complex modeling of presymptomatic AD will be
interpretable with more precision for researchers to assess an individual’s risk of conversion
over a defined period of time, possibly even estimating this before preclinical disease.
Consequently, this will open possibilities that will help place individuals on a risk spectrum
ranging from negligible to imminent risk.
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Strengths—The EAS is a large and rich dataset of a community-based sample consisting
of a population diverse across several dimensions, including, ethnic, educational,
occupational, and socio-economical background, health-status, and cognitive function. By
segmenting a large and diverse dataset into smaller classes, a group-based approach to
studying small subsets of homogeneous groups provides a pragmatic approach to
summarizing large amounts of information to examine long-standing developmental theories
using a taxonomic dimension. LCA modeling for these purposes has several strengths: it
does not conform to model assumptions, such as normal distribution or homogeneity; it
allows mixed scale variables in the same analysis; it allows the relationship between latent
classes and covariates to be assessed simultaneously; and it provides posterior membership
probabilities to classify participants in their appropriate class. Finally, LCA classifies
individuals using a more sophisticated approach using proportion estimates than other
approaches that force equal subgroup sizes or that adopt a quartile approach (Gelman,
Carlin, Stern, & Rubin, 2004; Vermunt & Magidson, 2002).

The EAS also has an extensive battery of neuropsychological tests; in this study we used 10
neurocognitive variables to class our participants; although additional measures have added
benefit to classification since more heterogeneous patterns are likely to emerge, we realize
that other studies may not administer the same measures, may not have the same number or
type of variables; they may not even have any variables relating to a particular cognitive
domain, for example, language, which are challenges for replication purposes. Although the
identification of cognitive composites allows results to be more generalizable (Salthouse,
2010), in future work we plan to harmonize our data with other aging cohorts in an effort to
maximize the potential these results have, and to avoid the many limitations replication
studies have (for a review see Hofer & Piccinin, 2010).

Limitations—This is a cohort of older adults; thus, the information that we have captured
at this time-point may have been influenced by factors leading up to this time; datasets that
enroll participants at a younger age may be able to identify early development of diseases,
before the brain is significantly affected and clinical symptoms become evident. It is
important to note that in this study we did not intend to develop a “one size fits all” model of
cognition in older adults, but rather to demonstrate the complexity and diversity that exists in
a cohort that is still living independently in the community. Latent groups can be thought of
as latent strata in the data that distinguish clusters of individuals displaying distinctive
patterns that help in making sense of a bigger and more complex reality; like all statistical
models, trajectory groups are not literal depictions of reality, are not immutable, and over
time they do not follow the group-level trajectory in lock step, but they are only meant as a
convenient statistical approximation (Nagin & Odgers, 2010; Nagin & Tremblay, 2005). It
was within our judgment that entirely distinct classes of individuals do not exist, and that
these boundaries will likely shift from sample to sample; however, we are confident that our
results are a good illustration that may represent the heterogeneity of the general population.

Although this study was performed at cross-section, the EAS is an ongoing study, with
opportunities for follow-up. In future work, we plan to find out if, and how, the trajectories
of the individuals assigned to these groups progress, and if trends of accelerated cognitive
decline and outcomes of Alzheimer’s disease and dementia are present. We also plan to
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harmonize these results across other cohort studies to establish if the groups are indeed
replicable and if they represent meaningful strata. Possibly, with more participants included
in the model, our classes may become more meaningful, and established patterns in this
cohort become more distinguished. Despite the many challenges, for example, our groups
may be statistical artifacts; they may be sample-specific; and they may not be replicable,
these results are still useful in providing descriptive information on the cognitive profiles
that exist in an older diverse cohort.

CONCLUSION

n this study, we sought a group-based model to capture the heterogeneity in cognitive
function in 70 + year-old community-dwelling older adults with the overarching aim to
identify specific groups with risks that are more homogeneous. In brief, our results showed
that the EAS, which is reflective of an urban community, is made up of a highly diverse
cohort of individuals reflected in the number of classes generated by our LCA. Our
descriptive analyses further showed that some of these classes may be at risk of clinical
outcomes, such as AD, VaD, and early mortality. In our future work, we plan to follow these
individuals/classes to determine if their class-assignments are predictive of these outcomes.
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Table 2.
Characteristics of whole and subsamples 1 and 2
Whole sample Sample 1 Sample 2
N =1,345 N =672 N =673

Females (%) 828 (61.6) 442 (51.0) 406 (49.0)
Age, years (SD) 78.0 (5.4) 779 (5.2) 78.1 (5.5)
Education, years (SD) 13.6 (3.5) 13.5(3.5) 13.7 (3.6)
Non-Hispanic white (%) 914 (68) 458 (68.2) 456 (67.8)
BIMC (5D) 2.4 (2.3) 2.4(2.3) 2.4 (2.3)
WRAT (SD) 67.5 (15.2) 67.0 (16.2) 67.9 (14.3)

Note. BIMC=Blessed Information Memory Concentration Test; WRAT=Wide Range Achievement Test.
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