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Abstract

Background—Cognitive profiles for pre-clinical Alzheimer's disease (AD) can be used to

identify groups of individuals at risk for disease and better characterize pre-clinical disease.

Profiles or patterns of performance as pre-clinical phenotypes may be more useful than individual

test scores or measures of global decline.

Objective(s)—The aim of this work is to evaluate patterns of cognitive performance in

cognitively normal individuals to derive latent profiles associated with later onset of disease using

a combination of factor analysis and latent profile analysis.

Methods—The National Alzheimer's Coordinating Centers collect data, including a battery of

neuropsychological tests, from participants at 29 NIA funded Alzheimer's Disease Centers across

the United States. Prior factor analyses of this battery demonstrated a four-factor structure

comprising memory, attention, language, and executive function. Factor scores from these

analyses were used in a latent profile approach to characterize cognition among a group of

cognitively normal participants (n=3,911). Associations between latent profiles and disease

outcomes an average of 3 years later were evaluated with multinomial regression models. Similar

analyses were used to determine predictors of profile membership.

Results—Four groups were identified; each with distinct characteristics and significantly

associated with later disease outcomes. Two groups were significantly associated with

development of cognitive impairment. In post-hoc analyses, both the Trail Making Test Part B,

and a contrast score (Delayed Recall - Trails B), significantly predicted group membership and

later cognitive impairment.

Conclusions—Latent profile analysis is a useful method to evaluate patterns of cognition in

large samples for the identification of preclinical AD phenotypes; however comparable results can

be achieved with very sensitive tests and contrast scores.
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1. Objectives

Alzheimer's disease (AD) is neurodegenerative disease that has a gradual onset and

progressive course. Without an effective prevention or cure, the prevalence of AD is

expected to increase dramatically in the coming years(1). The challenge of identifying

individuals who are asymptomatic, yet at increased risk for developing AD has been

identified as a critical, rate-limiting factor that is delaying the development and validation of

preventive therapies for mild cognitive impairment (MCI) and AD(2). Preventive

interventions must take place long before the disease is clinically apparent because the

pathology accumulates over many years. For this reason, the focus of research has now

shifted to very early detection and characterization of pre-clinical disease (in cognitively

normal individuals) in order to facilitate prevention trials. The hope is that new treatments

may be effective if applied early, before the level of pathology is too great to overcome.

AD is fundamentally a disease of clinical presentation; therefore, neurocognitive testing is

an important tool in the early identification of individuals at risk for MCI and AD. In the

absence of an adequate blood test for AD biomarkers, neurocognitive testing with brief,

targeted cognitive batteries may be one of the best ways to identify appropriate subjects for

research studies and clinical trials because it is less invasive and potentially less expensive

to measure than other biomarkers such as amyloid imaging. Furthermore, studies have

shown that neuropsychological testing does a better job of predicting conversion to AD than

other biomarkers (3, 4). Batteries of neurocognitive tests are designed to measure function in

various cognitive domains, nine of which were specifically identified by the original

NINCDS-ADRDA criteria as being important in AD(5). To date, there have been few

studies of the overall latent patterns of cognitive performance in normal individuals across

different cognitive domains (see Mavandadi, et al. for an example in Parkinson's disease)(6).

Patterns of performance have been studied by examining multiple cognitive measures

concurrently and declines on memory measures and executive function are generally

accepted early harbingers of decline to MCI due to AD (7, 8). Contrasts or differences

between tests that measure various cognitive domains have also been found to be predictive

(9). Contrasts can demonstrate asymmetric cognitive function and have been associated with

differences in cortical thickness (10). Given the evidence suggesting that cognitive changes

take place years before diagnosis, we sought to identify subtypes of cognitively normal

individuals with different patterns of cognition, which may suggest later AD or dementia

onset. Using data from the National Alzheimer's Disease Coordinating Center (NACC), we

tested the hypotheses that distinct latent profiles can be identified and distinguished from

each other, and that group membership will predict later onset of mild cognitive impairment

(MCI), AD or dementia.
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2. Methods

2.1 Participants & Setting

The NACC is charged with the aggregation of standardized data collected from 29

Alzheimer's Disease Centers (ADCs) across the United States (11). Recruitment methods

vary from center to center and participants are generally drawn from the surrounding

community. Approximately, 36% of participants were referred by friend or relative, 21% by

clinician or clinic sample, 14% by ADC solicitation, 4% by non-ADC media appeal, and the

remaining 25% from other sources (12). All protocols are approved by local Institutional

Review Boards. Evaluations may take place in a clinical facility or in research participants’

homes.

Basic demographic information, medical history, medication history, and family history of

dementia are collected from participants in addition to behavioral and functional

assessments. The Uniform Data Set (UDS) Neuropsychological battery (12) is administered

at each annual visit by trained psychometricians either in the clinic or in the home.

Clinicians review participant's records and assign a global Clinical Dementia Rating (CDR)

score. CDR scores were assigned and diagnoses were made according to standard criteria

(13-15). See Morris et al., 2006 for a description of clinical and cognitive variables collected

for the NACC (15).

2.2 The UDS Neuropsychological Battery

The neuropsychological battery administered as part of the Uniform Dataset (UDS) has 9

neuropsychological tests that are used to characterize normal aging, mild impairments in

cognition, and dementia. The battery was designed to be brief and is administered in a fixed

fashion (standard administration and order of tests) according to test administration and

scoring procedures developed by NACC (12). The major cognitive domains covered by the

battery are: attention (Digits Forward(16) and Digits Backward(16)); processing speed

(WAIS Digit Symbol(17) and Trail Making Test Part A(18)); executive function (Trail

Making Test Part B(18)); memory(Logical Memory Story A, Immediate and Delayed

recall); and language (Boston Naming Test (30 item))(19, 20) and semantic fluency

(Animals,(21) and Vegetables). Global cognition was measured with the Mini Mental State

Examination (MMSE),(22) and the CDR(23, 24) was used as an indicator of dementia

severity. The factor structure of the battery was evaluated and four cognitive domains were

identified: memory, attention, language, and executive function (25).

2.3 Clinical Dementia Rating and Diagnoses

The CDR (24, 26) was administered to each participant and their collateral informant as part

of the diagnostic process. This rating takes decline from a prior functional level into

consideration and rates participants on six cognitive domains. The domains measured are

memory, orientation, judgment, problem solving, community affairs, home and hobbies, and

personal care. Participants were divided into three groups based on global CDR score for

these analyses. Individuals with CDR=0.0 were considered cognitively normal; those with

CDR=0.5 were defined as having MCI; and those with CDR>0.5 were defined as having

dementia. The CDR was chosen to classify participants because the neuropsychological
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battery results are not specifically used to determine global CDR scores, although clinicians

are not blinded to them.

Diagnoses in NACC are based on the neuropsychological and clinical data collected during

annual evaluations (see Morris 2006 for a detailed description) (15). The NACC protocol

was developed under the guiding principal that dementia and MCI are clinical diagnoses and

therefore, the protocol was designed to include all the pertinent elements needed to make

clinical decisions. Criteria for MCI are based on Petersen 1999 (27) and modified to allow

impairment in other domains (13).

2.4 Statistical methods

There are several steps to these analyses. First, normalizing transformations were applied to

the neuropsychological test data (28). Exploratory factor analysis (EFA) and confirmatory

factor analyses (CFA)(29) were then performed to identify the factor structure. Factor

analysis is a method of data reduction that can be used to evaluate data structure and

construct validity. It explains covariation among a set of observed variables and reduces the

number of variables to their underlying constructs or factors (30). In this study, EFA was

used to empirically define the structure. CFA was used to apply the empirical model, test for

invariance across groups, and derive factor scores. Factor scores from the CFA were then

used in latent profile analysis (LPA). LPA is a technique for studying latent or unobserved

variables that is similar to latent class analysis (31). Latent class analysis is an analytic

method used for examining heterogeneity in a sample by grouping together individuals with

similar response patterns (32). Both are forms of latent mixture models, however, LPA

accounts for the distribution of cases based on observed, continuous variables(33, 34) which

are assumed to be independent and normally distributed. LPA allows for variables measured

on different scales and different levels of model complexity. Another advantage of this

method is that there are a number of rigorous ways to determine the best model fit (35).

Factor analyses and LPA were conducted using Mplus statistical software (36).

To validate our methods, we tested longitudinal associations of the latent profiles with

diagnostic outcomes for each latent group. Multinomial logistic regression was used to

evaluate the association between latent profiles and diagnostic outcomes an average of 3

years later. Multinomial logistic regression was also used to evaluate predictors of group

membership. Regression modeling and demographic characteristics were calculated using

SAS, version 9.3 (SAS Institute, Cary, NC).

2.5 Evaluation of Model Fit

Standard methods for assessing model fit were used. CFA model fit statistics included: the

Comparative Fit Index (CFI)(37); the Tucker-Lewis Index (TLI)(38); the Root Mean Square

Error of Approximation (RMSEA)(39); and the Standardized Root Mean Square Residual

(SRMR),(40) Satorra-Bentler Scaled χ2 test(41) and the Bayesian Information Criterion

(BIC).(42) Latent profile models were evaluated with the following methods: Vuong-Lo-

Mendell-Rubin likelihood ratio test, (43, 44) the −2LL χ2(for nested models), sample size

adjusted BIC (SABIC), examination of the posterior probability classification table, entropy

(45, 46), profile size, and face validity (for review of LPA, see Pastor 2007)(35).
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3. Results

3.1 Participants

Data from a total of 14,428 participants were available as of May 5, 2008. We set aside data

from 517 individuals who were under age 55 at baseline. Participants who reported that

English was not their first language (n=1,080) were excluded because of the potential

influence of language on test performance. Although complete data are not required for

factor analysis using Mplus, we set aside data from 811 individuals who were missing >=10

test scores. The total eligible sample for analysis was n=12,020 (Figure 1). The sample was

divided into three groups according to their baseline visit CDR score to roughly approximate

normal, MCI, and dementia diagnostic categories. There were n=4,780 participants with

CDR scores=0.0; n=4,081 with CDR=0.5; and n=3,159 with CDR>0.5. The group classified

as “cognitively normal,” CDR=0.0 was on average younger and more highly educated. The

dementia group was the oldest on average and had the lowest mean level of education.

3.2 Factor Analysis

Results of the neuropsychological battery factor analyses have been previously reported

(25). Briefly, an EFA analysis was performed on the first half of the sample to empirically

derive a general model. Confirmatory factor analysis (CFA) was performed with the second

half of the sample and the model was tested for invariance. Four factors representing

memory, attention, executive function, and language were identified. Logical Memory

Immediate and Delayed recall was represented by the memory factor. Digits Forward and

Digits Backward were represented by the attention factor. The Trail Making Test parts A &

B and the WAIS Digit Symbol were represented by the executive function factor and the

Boston Naming Test, animal fluency, and vegetable fluency were represented by the

language factor. We then performed a multiple group CFA, accounting for the different

CDR groups as described above. Invariance testing was used to evaluate the stability of the

factors across CDR groups. This was done by systematically adding constraints to the model

to represent levels of invariance (configural, metric, scalar, and strict). Model fit was tested

at each level using standard indices. The final model demonstrated a good fit and was

relatively invariant (strict invariance results: CFI=0.957, TLI=0.958, RMSEA=0.064,

SRMR=0.71, BIC 112.90, and Satorra-Bentler Scaled χ2 test (χ2=112.90, df=202, p<.0001)

(compared to a model with fewer constraints). This final model was then applied to the full

sample in order to obtain factor scores for the current analysis.

3.3 Latent Profile Analysis

Demographic characteristics of the entire sample are shown in Table 1. To focus the

analysis on cognitive performance among cognitively normal individuals, we set aside

participants with CDR scores greater than zero (n=3,159 CDR>0.5; n=4,081 CDR=0.5). The

sample for this analysis was reduced further (n=85) due to missing data on education, race,

or various health indicators of interest including CVD, hypertension, high cholesterol,

diabetes, or stroke/TIA. An additional 784 participants from the CDR=0.0 group were

dropped from the analysis because no follow-up data were available (Figure 1). There were

no statistically significant differences in age, sex, race, education, cardiovascular disease, or

hypertension between those who dropped out or were missing information and those who
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remained in the study (data not shown). However, there was a greater frequency of high

cholesterol (χ2=5.64, df=1, p<0.05) and diabetes (χ2=5.22, df=1, p<0.05) among those who

did not have follow-up information.

Using the CFA factor scores, baseline age, and sex, we then performed latent profile

analyses (LPA). The “cognitively normal” group was best represented by 4 latent profiles as

indicated by the Vuong-Lo-Mendell-Rubin likelihood ratio test (43, 47) (Table 2). Figure 2
shows the distribution of factor scores by profile.

Analyses to determine the predictive value of the latent profiles an average of three years

later were limited by small cell sizes. Therefore, individual models for each profile were

derived (Table 3). Members of profile 1 were the least likely to remain cognitively normal

an average of three years later. Among members of this profile, the odds of being diagnosed

with amnestic MCI were not significant. Odds were greater for amnestic MCI-multiple

domain, non-amnestic MCI-single domain, non-amnestic MCI-multiple domain, or

dementia. Profile 2 had significantly increased odds of any impairment with the exception of

non-amnestic MCI-multiple domain. Profile 3 was a relatively high performing group as

reflected by the significantly reduced odds of impairment for all outcomes. Finally, profile

4, the highest performing group had significantly low odds for all outcomes as well. Due to

small numbers in profile 4, the diagnostic outcomes of non-amnestic MCI, MCI single

domain, and MCI multiple domain had to be combined. We applied the Cochran-Armitage

test for trend(48, 49) and found significant trends across profiles for all diagnoses with the

exceptions of impaired not MCI and Amnestic MCI.

A review of baseline diagnoses for the overall group revealed that although they all had

CDR scores equal to zero, 399 participants had diagnoses other than “normal cognition.” We

re-ran the analyses after removing these participants from the sample and our results were

essentially unchanged (see Table 5, supplemental materials).

3.4 Predictors of profile membership

Multinomial logistic regression models were used to determine which cognitive test best

predicted profile membership. With latent profile groups as the dependent variable and

Profile 4 as the reference group, the neuropsychological tests were entered into the equation

as independent variables. A stepwise regression method was used to select tests for inclusion

in the model; ranks are reported as follows. The Trail Making Test, Part B (χ2 =1473.70,

df=3, p<.0001) was the strongest predictor followed by (in order) Logical Memory Delayed

Recall (χ2 =485.51, df=3, p<.0001), Verbal fluency (animals)(χ2 332.72, df=3, p<.0001),

WAIS Digit Symbol (χ2 133.54, df=3, p<.0001), Verbal fluency (vegetables) (χ2 101.44,

df=3, p<.0001), Digits Backward (χ2 98.27, df=3, p<.0001), Trail Making Test Part A (χ2

90.49, df=3, p<.0001), Boston Naming Test (χ2 61.28, df=3, p<.0001), and Logical Memory

Immediate recall (χ2 10.09, df=3, p<.002). Digits forward was dropped from the equation.

Based on these findings and after examining plots and standardized values for performance

on individual tests, post-hoc analyses were conducted focusing on the Trail Making Test

Part B. A survival analysis using Cox Proportional Hazards(50) methods with a stepwise

selection procedure and “any impairment” at the 3 year follow-up as the outcome, showed
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that the Trail Making Test Part B significantly predicted “any impairment” during the

follow-up period (using the normalized test score: HR 1.51, 95% CI 1.29-1.78, χ2=25.228,

df=1, p<.0001). Other variables retained in the final model were Delayed Recall, Animal

and Vegetable Fluency, Digit Symbol, baseline age, race, and self-reported diabetes. The

proportionality assumption was tested by examining time interactions for each variable in

the model (51). Trails B was ranked second after baseline age in the stepwise procedure.

Notably, baseline age and Trails B were also found to be moderately correlated in this

sample (Pearson correlation r=0.40, df=3440, p<.0001). A second post-hoc analysis

compared the performance of the latent profile approach to a contrast approach. Based on

findings presented above, the Delayed Recall test was contrasted with the Trail Making Test

Part B. Although diagnostic outcomes were significantly predicted, there was no clear trend

in scores indicating severity of outcome (data not shown).

4. Conclusions

Using a single data point from the large NACC database, we defined latent cognitive

profiles among cognitively normal individuals (CDR=0.0) that significantly predicted later

onset of MCI and dementia. These findings demonstrate the use of latent profile analysis for

pre-clinical phenotypes of AD defined by cross-sectional patterns of cognitive performance

rather than cognitive decline or performance on a single test of global cognitive function.

In this sample, cognitively normal individuals were best described by 4 profiles of

performance which were associated with a range of severity of outcomes. The first profile

performed the worst and was consequently more likely to have diagnoses of MCI or

dementia three years later. The fourth profile performed the best and was more likely to

remain cognitively normal three years later.

The cross-sectional method for case identification that was utilized in this study can be

similarly applied by researchers who have the challenging task of identifying the cognitive

characteristics of at-risk asymptomatic volunteers based on a single study visit. We chose to

evaluate performance at a single point in time because our goal was to evaluate and identify

subtle differences in cognitive performance patterns among cognitively normal individuals

as opposed to observing early decline over time. Results are consistent with other studies

that suggest that variations in the pattern of cognition, i.e. a loss in one area (e.g. executive

function) while retaining relative competency in others may be a very early signal of

problems (52, 53). In the current study this is evidenced by poor performance on Trail

Making Part B, a challenging measure of executive function, motor speed and visual

attention. Although these findings are derived from a large sample and cannot be

extrapolated to individual test performance, they can serve as a guide for others seeking to

identify predictive neuropsychological tests or select samples for prevention studies or

subsets of participants for genetic association studies.

Our findings demonstrate an alternative approach to the study of cognitive performance that

may predict subsequent onset of cognitive decline and dementia. This serves to fill an

important need as researchers are currently looking for better ways to identify asymptomatic

research subjects for participation in AD prevention trials. Because individuals who display
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cognitive problems may have too much pathology to benefit from preventive treatments, it is

important to identify the earliest possible cognitive signs and symptoms. These findings also

corroborate with and extend the work of others who have found significant associations

between performance on the Trail Making Test Part B and conversion from MCI to

dementia (3, 7). Thus subtle signs of impending impairment are detectable with the use of

challenging neurocognitive testing in the NACC data. It should be noted however, that

others have found that the Trail Making Test Part B is significantly correlated with age (54)

and this was confirmed in the current sample.

There are a number of limitations in the current study. Participants in this study are self-

selected volunteers from ADCs across the United States and do not constitute a

representative sample. They are likely to be more highly educated, possibly more affluent,

or have better access to healthcare than the general public. Because many of these

individuals have a family history of dementia (approximately 38% report that one or both

parents had dementia) they are motivated to volunteer in dementia studies. Although the

protocol for data collection and diagnosis has been standardized, there is the possibility of

differences in practices from center to center. Some participants are interviewed in the home

and some in a clinic setting. Although efforts are made to administer the protocol in a

standardized fashion, the difference in setting may contribute to performance. The follow-up

period is relatively short which may have limited our ability to detect more specific

associations between cognitive profiles and dementia outcomes. The memory measures used

in the NACC battery may not be the most sensitive to early or mild cognitive changes. The

latent cognitive profiles among normals and latent profiles of dementia and MCI cases were

all determined from neuropsychological performance at a single point in time. There are a

number of factors that may affect an individuals’ performance on cognitive tests on any

given day and this variability could dilute the resolution of our results. Finally, the analyses

of the MCI and dementia groups involves a clear tautology in that the test performance was

used in the determination of diagnosis. Nonetheless, this was an exploratory exercise mainly

focused on the performance of individuals who were rated as cognitively normal based on

CDR score at baseline. Comparison of CDR scores and baseline diagnoses revealed that a

portion of the sample did not have a diagnostic rating of normal at baseline. When we

removed these individuals from the CDR=0.0 group and re-ran the latent profile analysis,

there were no significant differences in mean factor scores or test scores with the exception

of differences in mean language factor scores in profile 2 and profile 3, and a mean

difference in Trails B score in profile 2. Profile group membership and results remained

relatively unchanged.

These cognitive profiles, while significantly predictive in statistical models, may simply

reflect heterogeneity in performance such that they can only delineate increments of severity

rather than different patterns of performance as we had hypothesized (e.g., performing well

on memory and poorly on executive function or vice versa). Some participants may have

already started to decline, yet were still operating within the realm of a “cognitively normal”

definition. It seems plausible that the general effects of cognitive decline (i.e., the levels of

severity) overwhelmed our ability to detect distinct cognitive patterns. Thus, simpler

approaches may be adequate for this purpose.
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Contrast measures have been proposed as an approach in cross-sectional data as they allow

for the intra-individual heterogeneity that may be indicative of future cognitive difficulties

(10). Future research based on the current findings could be used to combine cognitive risk

based on contrasts or latent profiles with genetic risk as a means to identify asymptomatic

individuals with high risk for developing AD over a short time interval. This may have the

effect of reducing the time needed to develop therapies for high-risk populations.
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Figure 1.
Sample Selection

Hayden et al. Page 12

Am J Geriatr Psychiatry. Author manuscript; available in PMC 2015 November 01.

N
IH

-P
A

 A
uthor M

anuscript
N

IH
-P

A
 A

uthor M
anuscript

N
IH

-P
A

 A
uthor M

anuscript



Figure 2. Factor Scores by latent profile in CDR group = 0.0
Standardized factor scores for each latent profile by cognitive domain.
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Table 1

Demographic Characteristics of full sample n=10,918 by CDR group

Characteristic

Baseline CDR Groups
Total

N=10,918CDR=0.0
n=3,911

CDR=0.5
n=3,943

CDR>0.5
n=3,064

Baseline Age (SD) 74.29 (8.7) 75.0 (8.7) 76.5 (9.0) 75.2 (8.8)
F=53.43, df=2, p<.0001

Sex, female 2564 (65.6) 1988 (50.4) 1600 (52.2) 6152 (56.4)
X2=212.49, df=2, p<.0001

Education (SD) 15.45 (2.8) 15.0 (3.2) 14.2 (3.3) 14.9 (3.2)
F=133.80, df=2, p<.0001

Race X2=24.81, df=4, p<.0001

    White 3238 (82.8) 3349 (84.9) 2561 (83.6) 9148 (83.8)

    African American 625 (16.0) 514 (13.0) 434 (14.2) 1573 (14.4)

    Other 48 (1.2) 80 (2.0) 69 (2.3) 197 (1.8)

CVD
* 1012 (25.9) 1237 (31.4) 910 (29.7) 3159 (28.9)

X2=30.06, df=2, p<.0001

Hypertension 2034 (52.0) 2147 (54.5) 1628 (53.1) 5809 (53.2)
X2=4.72, df=2, p=0.094

High Cholesterol 1856 (47.5) 2092 (53.1) 1482 (48.4) 5430 (49.7)
X2=212.49, df=2, p<.0001

Diabetes 397 (10.2) 501 (12.7) 359 (11.7) 1257 (11.5)
X2=12.76, df=2, p<.002

Stroke or TIA 288 (7.4) 478 (12.1) 412 (13.5) 1178 (10.8)
X2=77.44, df=2, p<.0001

Abbreviations: CVD=cardiovascular disease; TIA=transient ischemic attack; MCI= mild cognitive impairment

Values are number(percent) unless indicated as mean(standard deviation)

*
CVD includes history of: heart attack, atrial fibrillation, bypass surgery, congestive heart failure, angioplasty, or pacemaker
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Table 2

Normal Sample Demographic Characteristics by Latent Class

Characteristic

Latent Class
Total

N=39111
n=378

3
n=1315

2
n=1619

4
n=599

Baseline Age (SD) 80.7 (8.3) 77.8 (8.1) 72.4 (7.6) 67.6 (6.8) 74.29 (8.7)
F=360.82, df=3, p<.0001

Sex, female 249 (65.9) 813 (61.8) 1088 (67.2) 414 (69.1) 2564 (65.6)
X2=13.43, df=3, p=.0038

Education (SD) 13.1 (3.2) 14.9 (2.7) 16.0 (2.6) 16.7 (2.4) 15.45 (2.8)
F=193.27, df=3, p<.0001

Race‡ X2=465.02, df=6, p<.0001

    White 186 (49.2) 1034 (78.6) 1449 (89.5) 569 (95.0) 3238 (82.8)

    African American 190 (50.3) 259 (19.7) 152 (9.4) 24 (4.0) 625 (16.0)

    Other 2 (.5) 22 (1.7) 18 (1.1) 6 (1.0) 48 (1.2)

CVD 116 (30.7) 426 (32.4) 345 (21.3) 125 (20.9) 1012 (25.9)
X2=59.14, df=3, p<.0001

Hypertension 259 (68.5) 791 (60.2) 769 (47.5) 215 (35.9) 2034 (52.0)
X2=151.74, df=3, p<.0001

High Cholesterol 185 (48.9) 632 (48.1) 771 (47.6) 268 (44.7) 1856 (47.5)
X2=2.32, df=3, p=0.5095

Diabetes 70 (18.5) 161 (12.2) 132 (8.2) 34 (5.7) 397 (10.2)
X2=55.57, df=3, p<.0001

Stroke or TIA 44 (11.6) 140 (10.7) 85 (5.3) 19 (3.2) 288 (7.4)
X2=56.94, df=3, p<.0001

*CVD includes history of: heart attack, atrial fibrillation, bypass surgery, congestive heart failure, angioplasty, or pacemaker

Abbreviations: CVD=cardiovascular disease; TIA=transient ischemic attack; MCI= mild cognitive impairment

Values are number(percent) unless indicated as mean(standard deviation)
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Table 4

Mean raw test scores by latent profile class

Test Group1 Group2 Group3 Group4

Logical Memory 10.0 (3.6) 12.8 (3.5) 15.1 (3.4) 17.0 (3.3)

Delayed 8.1 (4.0) 11.3 (3.7) 14.0 (3.8) 15.8 (3.7)

Digits Forward 7.5 (1.9) 8.5 (1.9) 9.4 (1.9) 10.4 (1.7)

Digits Forward Length 6.4 (1.1) 7.0 (1.0) 7.4 (1.0) 7.9 (0.8)

Digits Backward 5.0 (1.7) 6.5 (1.7) 7.7 (1.9) 9.2 (2.0)

Digits Backward Length 4.1 (1.0) 5.0 (1.0) 5.6 (1.1) 6.4 (1.1)

Animal 12.9 (3.5) 17.2 (3.8) 21.6 (4.2) 26.9 (5.2)

Vegetable 10.5 (2.9) 13.1 (3.3) 15.8 (3.6) 19.2 (5.1)

Boston Naming 20.1 (5.7) 26.1 (3.1) 28.1 (1.9) 29.0 (1.2)

Trails A 62.7 (25.4) 41.3 (14.4) 30.1 (8.4) 23.8 (6.9)

Trails B 203.4 (72.1) 113.2 (42.3) 74.0 (22.9) 52.6 (14.7)

WAIS Digit Symbol 28.3 (9.3) 39.5 (8.3) 49.8 (8.9) 58.7 (9.2)

Numbers are mean(standard deviation).
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