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Abstract
Objectives: Longitudinal surveys of older adults increasingly incorporate assessments of cognitive performance. However, 
very few studies have used mixture modeling techniques to describe cognitive aging, identifying subgroups of people who 
display similar patterns of performance across discrete cognitive functions. We employ this approach to advance empirical 
evidence concerning interindividual variability and intraindividual change in patterns of cognitive aging.
Method: We drew upon data from 3,713 participants in the Wisconsin Longitudinal Study (WLS). We used latent class 
analysis to generate subgroups of cognitive aging based on assessments of verbal fluency and episodic memory at ages 65 
and 72. We also employed latent transition analysis to identify how individual participants moved between subgroups over 
the 7-year period.
Results: There were 4 subgroups at each point in time. Approximately 3 quarters of the sample demonstrated continuity 
in the qualitative type of profile between ages 65 and 72, with 17.9% of the sample in a profile with sustained overall low 
performance at both ages 65 and 72. An additional 18.7% of participants made subgroup transitions indicating marked 
decline in episodic memory.
Discussion: Results demonstrate the utility of using mixture modeling to identify qualitatively and quantitatively distinct 
subgroups of cognitive aging among older adults. We discuss the implications of these results for the continued use of pop-
ulation health data to advance research on cognitive aging.
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On average, individuals experience declines in cognition as 
they advance through adulthood (Salthouse, 2010). Studies 
based on large population samples have found small, yet 
robust, age-associated losses in particular domains of cog-
nition even as early as one’s 30s (Hughes et al., 2018). Thus, 
one approach has been to focus on mean differences across 
age groups, to uncover theoretically universal processes of 
senescence (Hertzog, 2008). From this perspective, within-
cohort variation in cognition is due primarily to differences 
in overall intellectual ability (Lindenberger, 2014).

In contrast, an individual differences approach to the 
field holds that differences in cognitive performance—both 

in terms of differences between persons in performance 
at a single point in time, as well as differences in conti-
nuity and change within individuals’ performance as they 
age—reflect “meaningful variation” involving complex bi-
ological, psychological, and social processes (Salthouse, 
2017, p.  7). As Hertzog (2008) stated: “Although there 
are normative changes across the adult life span at biolog-
ical, psychological, and social levels, there is also diversity 
in the expression of age-related changes in structures and 
mechanisms on cognition” (p. 34). In short, cognitive aging 
might not be a singular entity, but instead, be character-
ized by qualitatively distinct trajectories of performance 

http://orcid.org/0000-0002-7555-1769
http://orcid.org/0000-0001-5743-457X
http://orcid.org/0000-0002-7517-1918
mailto:moormans@bc.edu?subject=


across multiple domains of cognition (Casaletto et  al., 
2019).

Our study contributes to calls to account for individual 
differences in patterns of cognitive aging (Hertzog, 2008) 
by examining the utility of mixture modeling to distinguish 
subgroups of cognitive aging. We apply mixture modeling 
to data from cognitive assessments with participants in the 
Wisconsin Longitudinal Study (WLS), which is among the 
longest-running prospective cohort studies in the United 
States. We first use latent class analysis (LCA) to identify 
discrete subgroups of cognitive aging when participants 
are age 65 and 72, and then we employ latent transition 
analysis (LTA) to examine interindividual differences in 
intraindividual change between ages 65 and 72.

Conceptual Approaches to Heterogeneity in 
Later-Life Cognition
The extent of individual differences in cognition in-
creases across the life course, such that the cognition of 
two randomly selected 5-year-olds will be more similar 
than the cognition of two randomly selected 75-year-olds 
(Lindenberger, 2014). Thus, experimental psychologists 
have advanced theoretical concepts to delineate categories 
of variability in human cognition (MacDonald et  al., 
2009). “Diversity” refers to varied performance levels be-
tween persons (Gorus et  al., 2006). There are multiple 
terms for discussing within-person differences, and this 
study concerns two: “dispersion” and “intraindividual 
change.” Dispersion refers to an individual’s differential 
performance levels across neurocognitive domains or tasks 
(Costa et  al., 2019). Intraindividual change, then, refers 
to variability within persons across occasions that is both 
long term and enduring (Nesselroade, 1991). In the present 
study, we document individual differences, or diversity, in 
dispersion and in intraindividual change.

Dispersion appears to be an indicator of cognitive ro-
bustness or reliability, where fluctuating performance 
across domains can be maladaptive (Costa et  al., 2019). 
Most studies of dispersion calculate an index value for each 
participant, and do not investigate the specific domains in 
which participants score well or poorly. The curve of the 
dispersion index across the life course is U-shaped, with 
both children and older adults showing the highest levels 
(Mella et al., 2016). Dispersion is also higher on tasks of 
greater number and complexity (Gorus et al., 2006), as well 
as among people in the early stages of Alzheimer’s disease 
and related dementias (ADRD) (Costa et al., 2019; Roalf 
et al., 2016).

Intraindividual change in cognitive function can be 
an indicator of either normative development or disease-
related processes. Being unmarried, being a member of a 
marginalized racial/ethnic group, and being of low socio-
economic status are factors that are associated with lower 
peak performance in adulthood as well as more precipitous 
decline with age (Karlamangla et al., 2009). These factors 

likely mark more proximal causes, such as neighborhood 
disorder, environmental toxins, and psychological distress 
(Sharifian et al., 2020). The most common statistical tool 
to study intraindividual change in cognitive aging is la-
tent growth curve models; however, recent methodolog-
ical research suggests that these models are prone to being 
misspecified and misinterpreted within studies of cognitive 
aging (Ghisletta et al., 2020). These developments accen-
tuate the need for a range of methodological approaches 
to studying both dispersion and intraindividual change in 
later-life cognition.

Mixture Models and Subgroups of 
Cognitive Aging
Scholars approaching the study of cognitive aging from 
a life span developmental approach have called for the 
greater use of person-centered methodologies to model 
interindividual differences in intraindividual variability, 
thereby “linking within-person changes to more traditional 
dimensions of individual differences” (Hertzog, 2008, 
p. 38). Mixture modeling is one such idiographic approach, 
as it is a statistical method designed to compare and con-
trast groups of individuals across a set of variables rather 
than to assess relationships among variables (B. Muthén 
& L. K. Muthén, 2000). Mixture modeling takes a prob-
abilistic approach to describe population subgroups that 
are qualitatively different from each other across a variety 
of types and degrees of characteristics (Collins & Lanza, 
2010). Although mixture modeling has been widely used 
in the field of adolescent development, its use in the field of 
cognitive aging has been more limited. We review the lim-
ited number of studies in this area below.

Costa and colleagues (2013) first used mixture modeling 
with data from 506 community-dwelling Portuguese older 
adults, although their results showed quantitative groups 
of low, medium, and high scorers across domains, rather 
than qualitative groups with domain-specific performance 
levels. Their results thus echoed those of other studies that 
have used more traditional statistical methods to demon-
strate significant diversity in quantitative levels of cognitive 
performance (e.g., Goh et al., 2012).

However, other studies employing mixture models have 
yielded evidence for qualitatively distinct subgroups of 
cognitive aging. Zammit and colleagues have used the ap-
proach most extensively with data from the Rush Memory 
and Aging Project (Zammit et  al., 2020; Zammit, Hall, 
et  al., 2019; Zammit, Muniz-Terrera, et  al., 2019). The 
Rush study measured multiple domains of cognition among 
1,662 Chicago-area older adults. LCAs revealed five cogni-
tive subgroups cross-sectionally: groups that scored poorly, 
average, and highly across tests, as well as a subgroup of 
people showing memory impairment and a subgroup of 
people showing perceptual impairment. Over 3  years, 
surviving participants who transitioned away from their 
baseline subgroup were at the greatest risk of receiving a 
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diagnosis of dementia. Among participants who died, the 
members of the low scoring and memory impairment sub-
groups showed the most Alzheimer’s disease pathology on 
autopsy.

Zammit and colleagues also have applied mixture models 
to data from the Einstein Aging Study (Zammit, Hall, Katz, 
et al., 2018; Zammit, Hall, Lipton, et al., 2018). They iden-
tified cognitive subgroups among 1,345 older adults in 
New York City. Individuals with overall low scores and 
those with memory impairments were most likely to re-
ceive a dementia diagnosis within 4 years. Finally, other re-
searchers’ analysis of 6 years of data from participants aged 
78 and older in the Health and Retirement Study (HRS) 
identified three subgroups of cognition: normal cognitive 
function, fluid intelligence impairment, and cognitive im-
pairment (Huang et al., 2019). They found that once clas-
sified as cognitively impaired, no participants transitioned 
over the 6  years to normal function or fluid intelligence 
impairment only.

Focus of the Current Study
In the present study, we use mixture models to advance 
empirical evidence for subgroups of cognitive aging, as 
well as how individuals transition across subgroups over a 
7-year period. We use data from the WLS, which is one of 
the longest-running and largest cohort studies in the United 
States. The WLS allows for a multidimensional analysis of 
later-life cognition at ages 65 and 72 given its inclusion of 
assessments of multiple cognitive functions. Specifically, we 
aim to describe subgroups of cognitive aging at ages 65 and 
72—orienting to whether the subgroups within the pop-
ulation at large remain stable or change. We also aim to 
describe the extent to which WLS participants make tran-
sitions between particular subgroups between the ages of 
65 and 72.

Method

Data

The WLS is a random sample of one-third of the men and 
women who graduated from Wisconsin high schools, both 
public and private, in 1957 (N  =  10,317). Respondents 
were first surveyed during their senior year of high school 
in 1957 and then contacted again in 1975 (36  years 
old), 1993 (54 years old), 2004 (65 years old), and 2011 
(72 years old). For the purposes of this study, we focus on 
the waves from 2004 and 2011 when individuals were 65 
and 72  years old, respectively, and when comprehensive 
cognitive batteries appeared in the WLS.

In 1960, 97% of Wisconsin residents were white 
(Wisconsin Legislative Reference Bureau, 2017). Thus in 
the WLS, no variable indicates participants of color for 
reasons of privacy and confidentiality, and there are too 
few in number for statistical analysis (Herd et al., 2014). 

Thus, because of racial/ethnic and educational homoge-
neity, as well as the study’s regional focus, the results of 
analyses of WLS data cannot and should not be generalized 
to the general population of U.S. older adults.

Our analytic sample excluded several groups from the 
original sample of 10,317 participants. Supplementary 
Table 1A shows the process of selection of the analytic 
sample. First, 3,052 participants left the study before age 
65 because of death (n = 1,287), loss to follow-up, or re-
fusal. Second, cognitive measures fell into two categories—
fluency and recall—and we excluded 2,294 participants 
who were missing all fluency information or all recall in-
formation at age 65. (Two-thirds of these were randomly 
selected, as part of the study protocol, to receive none of 
the neurocognitive testing.) Third, we excluded 1,258 par-
ticipants who had valid scores for cognition at age 65, but 
had either left the study by age 72, or were missing all flu-
ency or all recall information at age 72. Therefore, our an-
alytic sample included 3,713 participants who had valid 
data on key variables at age 65 and age 72.

The analytic sample was more select than the original 
cohort. Participants in the analytic subsample were more 
likely to be women, had higher average standardized test 
scores in high school, and attained higher levels of educa-
tion in adulthood than participants who were not in the 
analytic sample. There is less information about how cog-
nitive performances in adulthood compared, because often 
excluded participants had not completed cognitive testing. 
However, where (incomplete) cognitive data did exist on 
participants who were not in the analytic sample, their 
scores were consistently and statistically significantly lower 
on all tests at both age 65 and 72.

Cognitive Functioning

Participants were asked to complete four cognitive tests at 
age 65 and 72: phonemic verbal fluency, semantic verbal 
fluency, and two tests of episodic memory. These tests 
were asked over the phone at age 65 and in-person at age 
72. The phonemic verbal fluency, or letter fluency, test in-
structed respondents to think of as many words as they 
could starting with either “L” or “F” in 60 s; respondents 
did not receive credit for proper names, repeat words, or 
an already used word with a different ending (e.g., farmers, 
farming). The semantic verbal fluency, or category fluency, 
test also allotted each participant 60 s, requesting that they 
list as many words as fit into the category of either “foods” 
or “animals,” depending on which category they were ran-
domly assigned (Tombaugh et al., 1999). These two indi-
cators of cognitive function are measured continuously, 
as number of words. A latent profile analysis (LPA) is the 
type of mixture model appropriate for such data (Collins 
& Lanza, 2010, table 1.1); however, LPA fails to detect the 
correct number of subgroups unless the indicator variables 
very clearly differentiate among the subgroups (Tein et al., 
2013), which was not the case in our data (results available 
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upon request). Therefore, for both measures, we aggre-
gated the continuous scores into quartiles of performance 
in order to be able to estimate the more computationally-
friendly LTA. We retained the 2004 thresholds between 
quartiles in the 2011 data, so as to scale all measures on 
the same metric despite longitudinal changes in the average 
performance of the sample (Moeller, 2015).

Participants were then asked to complete the immediate 
and delayed recall tasks as measures of episodic memory. 
The interviewer first read the respondent a list of 10 words 
and then requested him or her to list those words back. The 
interviewer gave the respondent a point for each word they 
remembered during the immediate recall test. The inter-
viewer then asked the respondent to again list those words, 
approximately 10 min later, to obtain a score for the de-
layed recall test (Brandt et  al., 1988). As with the verbal 
fluency measures, we aggregated the continuous scores into 
quartiles.

Analytic Strategy

We used the program MPlus to estimate a series of mixture 
models using data on verbal fluency and episodic memory 
performance when the participants were age 65 and 72. 
Our analyses accounted for missing data on the cognitive 
measures by using full information maximum likelihood 
(FIML) estimation. The FIML approach generates a likeli-
hood function for each participant and estimates the model 
based on those predictions.

Our analysis followed a three-step method (Asparouhov &  
Muthén, 2014; Collins & Lanza, 2010). First, we estimated 
cross-sectional LCAs at age 65 and 72. LCAs identify sub-
groups, or classes, of cognitive performance. We used the 
sample size-adjusted Bayesian inference criterion (BIC) as a 
fit statistic to determine the number of classes that best rep-
resented the data at each wave (Nylund et al., 2007). The 
original formula for BIC adjusts the model log-likelihood 
for both sample size and number of parameters estimated, 
and sample size-adjusted BIC alters the original sample 
size adjustment in a way that, in simulation studies, has 
been shown to provide superior model fit information for 
mixture models (Nylund et al., 2007). A BIC difference be-
tween two models of 0–2 indicates weak evidence to prefer 
the model with the smaller BIC, 2–6 indicates positive ev-
idence, 6–10 indicates strong evidence, and a difference of 
10 and greater constitutes very strong evidence (Raftery, 
1995).

Once the number of classes was established, each par-
ticipant received a probability of belonging to each class 
based upon their observed scores on the cognitive measures. 
The subsequent presentation of LCA results is based on as-
signing each participant to a single, most likely class, based 
on their highest value among these posterior probabilities.

Second, we tested for measurement invariance between 
2004 and 2011. That is, we assessed whether the classes 
that best fit the 2004 data were quantitatively identical to 

the classes that best fit the 2011 data. Measurement invar-
iance indicates that while individual participants may tran-
sition from class to class over time, the characteristics of 
the classes themselves do not change over time. Conversely, 
measurement variance indicates global developmental pro-
cesses whereby as participants age, the classes that best de-
scribed the population at an earlier measurement occasion 
in the life course differ from the classes that best describe 
a later measurement occasion. Both may be true: Some 
classes may remain stable while others change (Collins & 
Lanza, 2010). To test the measurement structure of the so-
lution, one estimates a series of models successively con-
straining the item-response probabilities of classes in 2004 
to be equal to the item-response probabilities of classes in 
2011. Again, we used sample size-adjusted BIC to select the 
measurement structure that best represented the data.

Third, we estimated a LTA model to examine how indi-
viduals’ probability of class membership changed over the 
7-year period between age 65 and 72. We did not constrain 
transition probabilities, whereby all combinations of the 
age 65 and 72 classes were possible.

Results

Latent Class Analyses

The LCAs for each wave established the groupings of parti-
cipants with similar cognitive performance. As displayed in 
the top panel of Table 1, sample size-adjusted BIC favored a 
five-class model over a four-class model by 2.5 units, corre-
sponding to weak positive evidence. We ultimately selected 
the four-class model, although the five-class model is dis-
played in Supplementary Table 2A for comparison. We 
selected the four-class model because in sensitivity analyses 
(not shown) with different subsamples, BIC consistently in-
dicated a four-class solution. (For example, an arm of the 
WLS collected participants’ genetic data to calculate poly-
genic scores, including a score for cognitive performance, 
based on genome-wide association data. However, genetic 
data were not available for all participants.)

Table  2 displays the class prevalences and the item-
response probabilities, with class assignment based upon 
highest posterior probabilities. (Further information 
about entropy and the distribution of the highest poste-
rior probabilities for this and other models is presented 
in Supplementary Table 3A.) The first class, which we 
labeled Overall Low Performance, comprised 22% of the 
sample. This class contained participants who had less 
than 5% probability of a top-quartile score on any of 
the four tests. Their probability of scoring in the lowest 
quartile was over 50% for every test except letter fluency, 
for which it was 39%. We named the second class, 29% 
of the sample, Overall High Performance. Members of 
this class had over a 50% chance of scoring in the top 
quartile on the fluency tests and over a 75% chance of 
scoring in the top quartile on the episodic memory tests. 
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The third class, High Fluency Performance, comprised 
23% of the sample. This was a group of individuals who 
had an 84% chance of scoring above the 50th percen-
tile on letter fluency and a 75% chance of scoring about 
the 50th percentile on category fluency. Their immediate 

and delayed recall scores were more moderate. Finally, 
we labeled the fourth class, which comprised 26% of the 
sample, High Episodic Memory Performance. These par-
ticipants had low-to-moderate scores on fluency, but a 
57% chance of scoring in the top quartile on immediate 

Table 1. Summary of Fit Statistics for Model Selection (Wisconsin Longitudinal Study, N = 3,713)

Number of latent classes Number of parameters estimated G2 df BIC ℓ

2004, age 65      
 2 25 546.7 230 33964.2 -16919.1
 3 38 345.3 217 33828.3 -16818.4
 4 51 237.1 204 33785.8 -16764.3
 5 64 169.2 191 33783.3 -16730.3
 6 77 147.3 178 33827.0 -16719.4

2011, age 72      
 2 25 578.2 230 34299.0 -17086.5
 3 38 380.6 217 34166.9 -16987.7
 4 51 277.4 204 34129.3 -16936.1
 5 64 235.0 191 34152.4 -16914.9
 6 77 198.6 178 24181.6 -16896.7

Measurement invariance

Number of constrained classes Number of parameters estimated G2 df BIC ℓ

0 111 9806.5 65,169 66410.7 −32925.5
1 99 9924.3 65,185 66407.8 −32954.3
2 87 9987.8 65,197 66418.3 −32989.8
3 75 10348.5 65,212 66696.4 −33159.1
4 63 10674.5 65,209 67061.8 −33372.1

Table 2. Four Latent Class Model of Cognitive Performance at Age 65 (Wisconsin Longitudinal Study, 2004, N = 3,713)

Latent class

Assigned label Overall low Overall high High fluency High episodic memory

Latent class prevalences .22 .29 .23 .26
Item-response probabilities
 Letter fluency     
  Lowest 25% .39 .03 .02 .31
  25%–50% .41 .12 .14 .37
  50%–75% .17 .27 .30 .29
  Highest 25% .03 .58 .54 .03
 Category fluency     
  Lowest 25% .52 .07 .09 .29
  25%–50% .24 .12 .15 .27
  50%–75% .20 .29 .37 .33
  Highest 25% .04 .51 .38 .12
 Immediate recall     
  Lowest 25% .55 .00 .19 .00
  25%–50% .34 .03 .37 .14
  50%–75% .11 .18 .32 .30
  Highest 25% .00 .79 .12 .57
 Delayed recall     
  Lowest 25% .59 .00 .32 .06
  25%–50% .27 .03 .34 .10
  50%–75% .15 .14 .33 .22
  Highest 25% .00 .83 .01 .61
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recall and a 61% chance of scoring in the top quartile on 
delayed recall.

A four-class model was the best fit for the data at age 
72, as displayed in the middle panel of Table 1. Table 3 dis-
plays the class prevalences and item-response probabilities. 
The Overall Low Performance class from age 65 occurred 
again at age 72, comprising 26% of the sample. There 
were three new classes. Older Overall High Performance 
was a class comprised of 22% of the sample, comprising 
people who had a high probability of scoring in the top 
two quartiles on all four tests. Their delayed recall per-
formance was notably strong, with group members having 
an 83% chance of scoring in the top quartile. The Older 
High Fluency Performance class, 30% of the sample, in-
cluded people who had a high probability of scoring in the 
top 50% on fluency, but had more moderate recall scores. 
Finally, the Older High Episodic Memory Performance 
class accounted for 22% of the sample whose scores were 
predominantly in the middle 50% of the distribution. Their 
best performance was delayed recall, with a 46% chance of 
scoring in the top quartile. Their poorest performance was 
in category fluency, with a 36% chance of scoring in the 
lowest quartile.

Measurement Invariance

The second step of the analysis was to test whether the 
four classes identified at age 72 were statistically similar to 

their counterparts at age 65. The bottom panel of Table 1 
shows fit statistics for models that applied different sets 
of equality constraints on the item-response probabilities. 
The best-fitting model constrained one class, Overall Low 
Performance, to be invariant over time. The statistical 
boundaries of the other three classes changed over time, 
reflecting some developmental decline in cognitive perfor-
mance. Figure  1 provides a visual representation of the 
seven unique classes. Relative to their age 65 counterparts, 
the Older classes had generally lower probabilities of top-
quartile scores, with markedly lower probabilities of a top-
quartile score on immediate recall.

Latent Transition Analysis

Next, the latent transition analyses established how indi-
vidual participants transitioned among the classes over the 
7-year period. Table 4 presents the transition probabilities 
conditional on age 65 class assignment. Most participants 
appear along the diagonal of the cross-tabulation of age 
65 classes by age 72 classes, indicating that most partici-
pants remained in their respective subgroup as they aged. 
Members of Overall Low Performance at age 65 had a 
82% chance of remaining in that class at age 72. Members 
of Overall High Performance at age 65 had a 60% chance 
of moving to Older Overall High Performance by age 
72; members of High Fluency Performance at 65, a 77% 
chance of moving to Older High Fluency Performance; and 

Table 3. Four Latent Class Model of Cognitive Performance at Age 72 (Wisconsin Longitudinal Study, 2011, N = 3,713)

Latent class

Assigned label Overall low Older overall high Older high fluency Older high episodic memory

Latent class prevalences .26 .22 .30 .22
Item-response probabilities
 Letter fluency     
  Lowest 25% .39 .03 .03 .29
  25%–50% .41 .20 .27 .56
  50%–75% .17 .24 .33 .15
  Highest 25% .03 .44 .37 .00
 Category fluency     
  Lowest 25% .52 .10 .16 .36
  25%–50% .24 .13 .20 .26
  50%–75% .20 .45 .40 .32
  Highest 25% .04 .32 .23 .04
 Immediate recall     
  Lowest 25% .55 .01 .23 .00
  25%–50% .34 .09 .38 .27
  50%–75% .11 .64 .38 .65
  Highest 25% .00 .27 .01 .08
 Delayed recall     
  Lowest 25% .59 .01 .34 .06
  25%–50% .27 .03 .36 .15
  50%–75% .15 .13 .29 .33
  Highest 25% .00 .83 .01 .46
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members of High Episodic Memory at 65, a 68% chance 
of moving to Older High Episodic Memory.

There were two transitions that had transition probabil-
ities of 30% or higher. These transitions indicated change 
that was more pronounced than that of other members of 
their age 65 class. Those in the Overall High Performance 
class at age 65 had a 39% chance of moving to the Older 
High Fluency Performance class at age 72, indicating par-
ticular losses in episodic memory. Additionally, those in the 
High Episodic Memory Performance class at age 65 had a 
30% chance of moving to the Overall Low Performance 
class at age 72. These participants also experienced losses 
in episodic memory.

Finally, there were two transitions that had probabil-
ities of 18% and 17%, respectively. Both groups gained 
in episodic memory, the first group moving from High 
Fluency Performance at age 65 to Older Overall High 
Performance, and the second group moving from Overall 
Low Performance at 65 to Older High Episodic Memory 
Performance at age 72.

Discussion
This study used mixture modeling techniques to iden-
tify subgroups of cognitive aging among Wisconsin 
Longitudinal Study participants based on their verbal flu-
ency and episodic memory performance at age 65 and age 
72. We found four subgroups at age 65 and four subgroups 

at age 72. However, with the exception of the Overall Low 
Performance subgroup, the item-response probabilities 
changed as the participants aged, indicating an overall de-
cline in performance with advancing aging. Most individ-
uals remained in the same subgroup over the 7-year period, 
which we believe indicates several varieties of normative 
cognitive aging. A subset of individuals changed subgroups 
in ways indicating declining episodic memory, which could 
be suggestive of higher level of risk for future cognitive 
pathology. We discuss the implications of these results for 
the continued use of population health data to advance re-
search on cognitive aging.

The Potential Utility of Mixture Modeling in the 
Field of Cognitive Aging

An interindividual differences approach to cognitive aging 
suggests that normative cognitive aging is diverse, with mul-
tiple distinct trajectories possible (Casaletto et al., 2019). 
A person-centered approach such as mixture modeling is 
an ideal way to explore this possibility (B. Muthén & L. K. 
Muthén, 2000). We found individual differences in both 
dispersion and in intraindividual change in the WLS data. 
The LCAs demonstrated four common patterns of cogni-
tive aging in the domains of verbal fluency and episodic 
memory at age 65. With regard to dispersion, while there 
were participants who scored high on all four tests, as well 
as participants who scored low on all four tests, there were 
also participants who scored high on verbal fluency but not 
episodic memory, and vice versa. Prior research has iden-
tified dispersion as an independent risk factor for ADRD 
(Costa et al., 2019; Roalf et al., 2016). The WLS, however, 
lacks clinical measures of dementia or biomarker measures 
of neuropathology (although clinical measures are forth-
coming [University of Wisconsin Center for Demography 
of Health and Aging, 2018]).

Nevertheless, this study’s findings with respect to disper-
sion may have some implications for the study of ADRD. 
By one estimate, in 2011 when these participants were 
age 72, 3% of Americans in their age group (65–74) had 
Alzheimer’s disease (Hebert et al., 2013). WLS participants 
were very unlikely to have had serious cognitive impair-
ment; all participants were White and had obtained a high 
school degree or more, both of which are associated with 
lower rates of ADRD in the general population (Garcia 

Figure 1. Probability of top-quartile cognitive test scores conditional 
on latent class membership (Wisconsin Longitudinal Study, N = 3,713).

Note: Absent bars indicate a 0% probability of scoring in the top quartile of the 
respective test. 

Table 4. Probability of Transitioning to Age 72 Class Conditional on Age 65 Class

Age 72 class

 Overall low Older overall high Older high fluency Older high episodic memory

Age 65 class     
 Overall low .82 .00 .00 .17
 Overall high .00 .60 .39 .01
 High fluency .03 .18 .77 .02
 High episodic memory .30 .00 .02 .68
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et al., 2020). Moreover, the lengthy interview would pose 
significant problems to a person with cognitive limitations. 
However, as the WLS participants advance into later life, 
their risk for ADRD increases considerably. Demographers 
estimate that among Americans born in 1940 and without 
dementia at age 70, 30.8% of men and 37.4% of women 
will develop it before they die (Fishman, 2017). Scenarios 
in which dementia could be delayed by 5 years in healthy 
70-year-olds reduce those numbers considerably (Fishman, 
2017).

Thus, an important question is whether mixture mod-
eling techniques might help to identify people who are at 
risk of developing ADRD in the future within population 
health and epidemiological research. Declines in cognitive 
performance begin early among persons who later develop 
ADRD; in one study, decline in episodic memory began 
an average of 7  years before dementia diagnosis (Hamel 
et al., 2015). Previous mixture modeling studies have iden-
tified overall poor cognitive performance, as well as specific 
memory impairment, as risk factors for later dementia diag-
nosis and, upon autopsy, evidence of Alzheimer’s pathology 
(Zammit, Hall, et al., 2019; Zammit, Muniz-Terrera, et al., 
2019).

In addition to dispersion, there was diversity in 
intraindividual change. The WLS assessed cognition at age 
65 and again at age 72. Our findings indicated that ap-
proximately three-quarters of people stayed in the same 
qualitative subgroup, but with the exception of the Overall 
Low Performance subgroup, each subgroup demonstrated 
quantitative decline. This result is consistent with the in-
dividual differences approach, which posits multiple tra-
jectories within the “normal” range of cognitive aging 
(Hertzog, 2008). Other mixture modeling work further 
demonstrates that the rate of dementia diagnoses is highest 
among people who transition into a qualitatively distinct 
subgroup (Zammit et al., 2020).

Thus, we posit that our findings might illuminate such 
risk among participants who showed decline that was 
more pronounced than that of other members of their age 
65 class. Specifically, those in the High Episodic Memory 
Performance class at age 65 had a 68% chance of be-
coming Older High Episodic Memory Performance at age 
72, but also a 30% chance of moving to the Overall Low 
Performance class. Additionally, those in the Overall High 
Performance class at age 65 had a 39% chance of moving 
to the Older High Fluency Performance class at age 72. 
These transitions represent marked intraindividual decline 
in episodic memory.

Finally, we comment briefly on the two subgroups 
showing gains in episodic memory, the first group moving 
from High Fluency Performance at age 65 to Older Overall 
High Performance, and the second group moving from 
Overall Low Performance at 65 to Older High Episodic 
Memory Performance at age 72. As true improvement in 
episodic memory is unusual at this stage of life (Salthouse, 
2019), these participants may have had performances on 

the recall trials at age 65 that did not accurately represent 
their ability. Alternatively, improvements may be methodo-
logical artifacts, representing the effects of prior test expe-
rience (Salthouse, 2019).

Age and Cohort Effects on Population Subgroups 
of Cognition

Prior studies of individual differences in cognitive aging 
that have used mixture modeling with large social surveys 
have not focused on participant age, likely because it is un-
usual to have a sample from a single birth cohort. For ex-
ample, the average participant in the Rush Memory and 
Aging Project was born in 1939, but the sample’s standard 
deviation on age was over 7  years (Bennett et  al., 2018; 
Zammit et al., 2020). Participants in the subsample of the 
HRS that Huang and colleagues analyzed were 78 or older 
in 2010, with 17% of the sample aged 89 or older (Huang 
et  al., 2019). Both research groups found statistically in-
variant subgroups over time. In the WLS, which assesses 
developmental change within the birth cohort, the charac-
teristics of subgroups did change over time. This finding 
indicates the importance of future studies seeking to doc-
ument patterns of cognitive aging to attend to the ways 
in which age effects, or developmental changes, affect sub-
groups over time.

Cohort effects are a related issue: The sociohistorical 
contexts in which neurological development occurs may 
influence the subgroups of cognitive ability that emerge 
in adults in the population. In young adulthood and 
midlife, the Baby Boomer cohorts in the United States 
showed markedly stronger fluid intelligence skills than 
their parents had at similar ages, due to increased levels 
of educational attainment made possible by mandatory 
schooling, the G.I Bill, and other U.S. investments in ed-
ucation, alongside increasing work complexity for the 
population at large (Willis & Schaie, 2014). Moreover, 
sociohistorical contexts might also influence individual 
differences in cognitive decline and impairment. The 
Einstein Aging Study indicated a decline in the rate of 
dementia cases among participants in succeeding cohorts 
born before 1920, 1920–1925, 1925–1929, and later 
than 1929 (Derby et al., 2017), and analysis of a larger 
body of data concluded that rates of dementia are de-
clining by birth cohort nationally (Leggett et al., 2019). 
With both age effects and cohort effects at play in cog-
nitive aging, we might expect to identify different sub-
groups in different samples, rather than a universal set 
of subgroups.

Limitations

It is important to note several limitations of this study. 
First, the sample is limited to white older adults, all of 
whom graduated from high school. Given that educational 
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attainment has a strong association with cognitive aging 
(Seblova et al., 2020), this sample is unsuitable to describe 
subgroups that might be characteristic of older adults with 
less than a high school diploma. Moreover, rates of cogni-
tive impairment are much higher in older adults from his-
torically marginalized racial/ethnic groups than they are 
in white older adults, and older adults of color are more 
likely to be exposed to particular risk and protective factors 
throughout their life courses, such as racial discrimination 
(Mayeda et al., 2016). Accordingly, the subgroups identi-
fied in this analysis might not be applicable to samples of 
older adults from non-white racial/ethnic groups.

Second, similar to other methods of assessing 
intraindividual change, LTA models do not include a 
straightforward means of evaluating selective attrition be-
cause they require participation at all waves. The concern 
is that data might be missing not at random (MNAR) be-
cause individuals who dropped from the study and par-
ticipants with missing data had poorer cognition than 
participants whose data are included in our subsample. We 
have descriptive evidence to address this concern. Among 
the 3,052 participants who left the study before age 65, 
we have no information on adult cognition, but their cog-
nitive performance in adolescence was significantly lower 
than the adolescent performance of participants who were 
still involved with the study at age 65. Among participants 
who continued in the study until late midlife, but did not 
have valid cognitive scores at both age 65 and age 72, the 
cognition data that are available demonstrate significantly 
poorer performance than what was documented for the an-
alytic subsample. However, within our work in the WLS 
using other statistical methods with less missing data strin-
gency and more opportunities for assessing selective attri-
tion, we have found little evidence that selective attrition 
biases results (Moorman et  al., 2018, 2019). It remains 
possible, however, that selective attrition has biased esti-
mates of the number of participants who transitioned from 
relatively more favorable subgroups to less favorable sub-
groups between ages 65 and 72.

Third, this study is limited to documenting patterns 
of cognitive aging in episodic memory and in verbal flu-
ency. The Wisconsin Longitudinal Study lacks data on an 
exhaustive set of cognitive domains. Future research with 
data on additional domains, such as spatial ability, may 
yield additional or more complex subgroups of cognitive 
aging that reflect involvement of distinct parts of the brain.

Conclusion
Findings from our study contribute to a growing body of 
empirical evidence that mixture modeling is a feasible ap-
proach to assess later-life cognition, both at a single point 
in later life and throughout later life. The four subgroups 
identified among WLS participants, both at ages 65 and 
72, indicated discrete categories of performance across 
multiple cognitive functions with interpretable quantitative 

and qualitative differences. As large population surveys in-
clude various protocols for assessing cognition and ADRD 
(e.g., Langa et al., 2020), additional analyses that directly 
compare findings from mixture modeling to findings from 
clinical assessments will be possible. These analyses will 
help to further elucidate the utility of mixture modeling to 
advance the rapidly growing and increasingly multidiscipli-
nary field of cognitive aging and ADRD research.
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