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Abstract

Background: Actuarial and statistical methods have been proposed as alternatives to 

conventional methods of diagnosing mild cognitive impairment (MCI), with the aim of enhancing 

diagnostic and prognostic validity, but have not been compared in racially diverse samples.

Objective: We compared the agreement of consensus, actuarial, and statistical MCI diagnostic 

methods and their relationship to race and prognostic indicators, among diverse older adults.

Methods: Participants (N = 354; M age = 71; 68% White, 29% Black) were diagnosed with MCI 

or normal cognition (NC) according to clinical consensus, actuarial neuropsychological criteria 

(Jak/Bondi), and latent class analysis (LCA). We examined associations with race/ethnicity, 

longitudinal cognitive and functional change, and incident dementia.

Results: MCI rates by consensus, actuarial criteria, and LCA were 44%, 53%, and 41%, 

respectively. LCA identified three MCI subtypes (memory; memory/language; memory/executive) 

and two NC classes (low normal; high normal). Diagnostic agreement was substantial, but 

agreement of the actuarial method with consensus and LCA was weaker than the agreement 

between consensus and LCA. Among cases classified as MCI by actuarial criteria only, 

Black participants were over-represented, and outcomes were generally similar to those of NC 
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participants. Consensus diagnoses best predicted longitudinal outcomes overall, whereas actuarial 

diagnoses best predicted longitudinal functional change among Black participants.

Conclusion: Consensus diagnoses optimize specificity in predicting dementia, but among Black 

older adults, actuarial diagnoses may be more sensitive to early signs of decline. Results highlight 

the need for cross-cultural validity in MCI diagnosis and should be explored in community- and 

population-based samples.
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INTRODUCTION

Cognitive decline in Alzheimer’s disease and related disorders (ADRD) is a leading cause of 

morbidity, creating a large caregiving and financial burden [1]. Early and accurate detection 

of cognitive change has the potential to allow patients, families, and clinicians to intervene 

early in the course of the disease and to better manage care plans as there is further 

decline in cognition and function. Additionally, it is imperative that early detection of 

cognitive change be accurate across racial and ethnic groups to ensure equitable access to 

care resources and interventions. Conventional approaches to diagnosis include a complete 

history, neurologic exam, cognitive testing, care partner report, and the clinical judgment 

of a provider. The standard practice in memory specialty clinics and many research studies 

is to use a consensus approach to diagnosis, in which this comprehensive information is 

discussed by a group of experts. This approach categorizes patients based on predefined 

criteria, typically following previously published standards for defining typical aging, 

cognitive change consistent with mild cognitive impairment (MCI) [2], or cognitive and 

functional impairment consistent with ADRDs [3]. While this approach is commonly used, 

it is not uniformly applied across memory centers.

Although objective assessment of cognition is critical to determine whether reported change 

is consistent with typical aging versus an early manifestation of an ADRD, incorporation of 

neuropsychological data into the diagnostic decision-making process varies regarding which 

domains and tests to include, whether to apply a strict cut-off score, which cut-off score to 

select, which baseline and demographic variables to account for, and how to define MCI 

subtypes. These inconsistencies in criteria used to diagnose MCI result in imprecision in the 

prevalence, neuropathological characteristics, and longitudinal outcomes of individuals with 

MCI across centers [4–6]. Perhaps most notably, conventional criteria appear susceptible 

to false positive error [4, 7, 8]. These errors can impede appropriate treatment planning 

and reduce the ability of clinical trials to identify effective therapies. Thus, clinicians, 

researchers, and patients alike would benefit from a diagnostic approach that is reliable 

across sites and valid with regard to representing a disease state and predicting future 

change.

Consequently, several alternative approaches for reliably identifying normal and abnormal 

cognitive functioning in aging have arisen. One approach is to use a comprehensive set 
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of tests that evaluates a wide range of cognitive domains and uses consistent and robust 

criteria for impairment. This type of actuarial approach which prescribes cut-off scores 

(such as > 1 SD on two tests in a domain) has been described by Jak and Bondi [9–11]. 

It is designed to be less susceptible to errors in subjective report or clinical judgment and 

has been shown to reduce diagnostic error in comparison to conventional criteria, thereby 

strengthening associations with biomarkers and outcomes [9, 11–15]. As it does not require 

clinical judgment or additional clinical data, it is also designed to be more efficient and 

cost-effective than consensus approaches. On the other hand, the reliance on cognitive test 

scores alone might omit important context for interpreting whether an abnormal result truly 

reflects decline, leading to higher false positive error rates [16]. In particular, the actuarial 

approach might lead to greater false positive errors in older adults of color, who tend to 

obtain lower cognitive test scores due to factors such as education discrimination and bias 

[17].

Another approach to identifying MCI and its subgroups uses statistical methods such 

as cluster analysis [9, 12, 18–29] and mixture modeling (i.e., latent class analysis, 

LCA; and latent profile analysis, LPA) [30–40]. Cluster analysis and mixture modeling 

methods have similar goals, but mixture modeling approaches offer advantages over cluster 

analysis, including probabilistic rather than categorical group assignment, fit statistics to 

compare competing models, and the ability to handle missing data and both categorical 

and continuous variables simultaneously [41]. Results from cluster analysis and mixture 

modeling studies have provided some validation for conventional subtypes by identifying 

single-domain amnestic, non-amnestic, and multi-domain profiles [23, 30]. In line with 

findings from conventional subtypes, single-domain amnestic groups have been associated 

with biomarkers of Alzheimer’s disease (AD) and progression from MCI to AD [12, 24, 

32, 37, 38, 42], and non-amnestic groups have been associated with non-AD dementias 

and pathologies such as vascular dementia and frontotemporal dementia [22, 31, 37, 42], 

while multi-domain MCI has demonstrated the greatest neuropathological burden and risk 

of progression [9, 20, 24–26, 29, 32, 33, 43]. Moreover, statistical methods have identified 

MCI subtypes that are not included in conventional classification systems [44], including 

distinct subgroups within single-domain non-amnestic MCI (e.g., executive, language, 

and visuospatial) [9, 12, 19, 21, 39, 40] and within multi-domain amnestic MCI (e.g., 

memory/naming and memory/executive) [25]. Notably, these distinct profiles have unique 

neuropathological and prognostic characteristics.

Additionally, statistical modeling methods have the ability to reduce both false positive and 

negative diagnoses. Actuarial approaches and, in many instances, conventional approaches 

rely on cutoff scores to artificially dichotomize neurocognitive performance as intact or 

impaired, which is particularly challenging in diverse samples in which normative data 

highly influence such classifications. Statistical methods, by comparison, can be used with 

or without normative adjustments, and they account for the full range of performance, 

potentially improving diagnostic precision. By considering overall performance profiles, 

they may be better able to determine whether a low score reflects a non-pathological 

low performance pattern or a relative weakness indicative of pathological decline. 

Statistical methods have identified large groups of patients who were diagnosed with 
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MCI by conventional methods yet are comparable to cognitively intact individuals in their 

neuropsychological performance, neuropathologic profiles, and longitudinal outcomes [9, 

12, 20, 25, 26, 29, 30, 33, 36, 45]. Conversely, statistical methods have detected individuals 

with subclinical dysfunction who would be classified as intact by other methods, but over 

time have an increased risk of progression to dementia [12, 15, 19, 24, 31, 34, 46].

Altogether, statistical modeling methods provide opportunities to validate conventional 

diagnostic and subtyping methods, and to identify more appropriate alternatives, which 

may improve examinations of disease mechanisms and prognosis. While both actuarial and 

statistical diagnostic approaches offer advantages over conventional diagnostic approaches, 

it remains unclear which approach offers the greatest diagnostic and prognostic advantage, 

as few studies have directly compared conventional, actuarial, and statistical approaches [9, 

12]. The relative accuracy of these methods across racial and ethnic groups is also uncertain, 

as most studies comparing these methods have utilized overwhelmingly White samples [9, 

12–15].

The aims of this study were to use conventional (i.e., consensus), actuarial, and statistical 

(i.e., LCA) approaches to 1) identify individuals with normal cognition and MCI subtypes, 

2) compare prevalence and diagnostic agreement, and 3) examine longitudinal outcomes 

and associations with race/ethnicity. This study has several advantages over past approaches 

that have compared the three diagnostic methods. First, the cohort includes a more racially 

diverse sample, which will improve cross-cultural validity and generalizability. Secondly, 

it applies all three diagnostic methods to individuals with MCI and those with normal 

cognition in order to examine both false negative and false positive diagnostic errors. 

Thirdly, it utilizes latent class analysis, which has several advantages over cluster analysis.

METHODS

Participants

The present sample was comprised of 354 older adults who completed cognitive testing 

as part of the Alzheimer’s Disease Center Clinical Core at the University of Pennsylvania 

in Philadelphia, Pennsylvania [47]. Participants were enrolled through a combination of 

clinician referral, self-referral, and community recruitment. They included individuals 

presenting with memory concerns and those interested in participating in research as healthy 

volunteers. Participants completed an annual evaluation including assessment of personal 

and family history, neurologic and general physical examinations, neuropsychological 

assessment, and study partner report of everyday cognitive and functional ability. Written 

informed consent was obtained from each participant prior to completion of study 

procedures. Procedures were done in accordance with the ethical standards of the University 

of Pennsylvania School of Medicine Institutional Review Board.

Inclusion criteria for the present study were 1) complete data for all 14 cognitive measures 

of interest (see below) at one or more visits, the earliest of which was classified as the 

baseline visit; 2) age 55 or older at baseline; 3) English as primary language; and 4) clinical 

consensus diagnosis of normal cognition (NC) or MCI at baseline. Participants with any 

other primary baseline diagnosis were excluded.
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Cognitive assessments

All participants completed the Uniform Data Set prescribed by the National Alzheimer’s 

Coordinating Center and additional cognitive tests. The Wechsler Test of Adult Reading 

(WTAR) [48] was used as a measure of literacy and academic achievement [49, 50]. 

Cognitive performance across six domains was assessed with the following measures: 1) 

learning: Wechsler Memory Scale–Revised (WMS-R) Logical Memory IA [51], Consortium 

to Establish a Registry for Alzheimer’s Disease (CERAD) Word List Learning [52]; 2) 

memory: WMS-R Logical Memory IIA [51], CERAD Word List Recall and Recognition 

[52]; 3) language: animal fluency [53], Boston Naming Test 30-item version [54]; 4) 

visuo-construction: CERAD Constructional Praxis Test [52], Clock Drawing Test [53]; 5) 

attention: Trail Making Test A [55], Wechsler Adult Intelligence Scale–Revised (WAIS-R) 

Digit Span Forward [56]; and 6) executive function: Trail Making Test B [55], WAIS-R 

Digit Span Backward [56], WAIS-R Digit Symbol [56]. For all primary analyses, raw scores 

were converted to z-scores adjusted for age, education, and gender [57]. A second set of 

analyses was conducted with z-scores adjusted for age, education, gender, and race [57].

Diagnostic procedures

Consensus diagnosis—Clinical diagnosis was determined by the consensus of at 

least two clinicians using all available clinical information, including demographics, 

comprehensive neuropsychological data, functional status, medical and psychiatric history, 

and neuroimaging. MCI was diagnosed in the presence of 1) subjective report of cognitive 

decline, 2) an impaired score, accounting for demographics and background, on at least one 

cognitive test, and 3) preservation of everyday functioning [58, 59]. Participants who did 

not meet these criteria were classified as having NC. Participants with MCI were further 

classified as having single-domain or multi-domain amnestic MCI (aMCI) or single-domain 

or multi-domain non-amnestic MCI (naMCI).

Actuarial diagnosis—Actuarial diagnoses were made using the “comprehensive 

neuropsychological criteria” approach [9, 10]. Participants were classified as having MCI 

if they had an impaired score, defined as > 1 SD below the normative mean, on two or 

more measures within a cognitive domain. If this criterion was not met, participants were 

classified as having NC. Participants with MCI were further classified into the subtypes 

described above.

Statistical diagnosis—Statistically based diagnoses were made using LCA. LCA 

identifies, within heterogeneous groups, relatively homogeneous subgroups that demonstrate 

similar patterns of characteristics (e.g., cognitive scores). Cognitive domain scores, rather 

than individual test scores, were entered as indicators in LCA to ensure sufficient statistical 

power. Domain z-scores were calculated by averaging the demographically adjusted z-scores 

of all tests within the domain. A one-class model was examined, and the number of 

classes was then increased one class at a time until there was no additional improvement 

in model fit. Fit statistics included Akaike Information Criterion (AIC), consistent AIC 

(CAIC), Bayesian Information Criterion (BIC), and sample size-adjusted BIC (aBIC) [60–

63], for which smaller values indicate better model fit. The CAIC and BIC were given the 

most weight in model selection [64]. Log likelihood difference values and likelihood ratio 
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tests were used to investigate whether the k class model better fit the data than the k-1 

class model. Entropy was used as a measure of classification accuracy, with higher values 

indicating greater accuracy. The optimal model was determined based on a preponderance of 

evidence, including fit statistics, theoretical interpretation, and empirical support.

Longitudinal outcome measures

Longitudinal outcomes in global cognition, everyday functioning, and incident dementia 

were examined at baseline and one or more follow-up time points, when available. Global 

cognition was assessed with the Mini-Mental State Examination (MMSE) [65] or the 

Montreal Cognitive Assessment (MoCA), with MoCA scores converted to MMSE scores 

[66]. Everyday functioning was assessed with the Dementia Severity Rating Scale (DSRS), 

an informant-report questionnaire on which higher scores indicate greater functional 

difficulty [67]. Follow-up clinical consensus diagnoses were dichotomized as dementia or no 

dementia.

Statistical analysis

Latent class analysis, described above, was performed in MPlus Version 8.6 [68]. All 

other statistical procedures were performed in IBM SPSS Statistics Version 28 (Armonk, 

NY). Differences in years of education and literacy by race/ethnicity were examined using 

analysis of variance. Differences in race/ethnicity by diagnostic category were examined 

using Pearson’s chi-squared test. Agreement of MCI diagnostic methods was examined 

using chi-squared tests and kappa statistics.

Longitudinal changes in MMSE and DSRS were each modeled using linear mixed-effects 

models, with subject-specific random intercepts and with diagnostic classification as a 

fixed factor. The interaction between time (years) and diagnosis was the effect of interest. 

Incident dementia was examined in relation to baseline diagnostic classification using 

Cox proportional hazards regression models. For all analyses, each of the three diagnostic 

methods was examined in separate models. For each method, one set of models compared 

MCI and NC (i.e., dichotomous classifications), while another set compared all subtypes of 

MCI and NC. Models were examined first in the entire sample and then stratified by race.

In secondary analyses, participants whose consensus and actuarial diagnoses disagreed (i.e., 

discrepant cases) were compared with participants classified as NC by both methods (i.e., 

concordant NC) and with participants classified as having MCI by both methods (i.e., 

concordant MCI). Differences among discrepant, concordant NC, and concordant MCI cases 

were examined with regard to race/ethnicity, LCA classifications, and longitudinal outcomes 

using chi-squared tests, mixed-effects models, and Cox proportional hazards models.

RESULTS

Sample characteristics

Sample demographics are presented in Table 1. Participants ranged in age from 55–93. Most 

participants identified as White (68%), and Black participants were well represented (29%), 

but other racial and ethnic groups were not. Thus, analyses of racial/ethnic differences 
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were restricted to White and Black participants. The sample was highly educated overall, 

but Black participants (M = 14.3, SD = 3.7) had significantly fewer years of education 

than White participants (M = 16.5, SD = 2.6), with a medium effect size (p < 0.001, η2
p 

= 0.132). The difference in literacy/academic achievement was more pronounced. Mean 

WTAR standard scores were 100 (SD = 14) for Black participants and 116 (SD = 10) for 

White participants, with a large effect size (p < 0.001, η2
p = 0.273), even when adjusting for 

years of education (p < 0.001, η2
p = 0.170).

Consensus and actuarial diagnoses

Rates of MCI by each diagnostic method are presented in Table 2. Forty-four percent of 

participants were diagnosed with MCI by consensus at baseline. Single-domain aMCI and 

multi-domain aMCI were the most common subtypes. Subtypes of naMCI were infrequent 

and were therefore combined into one naMCI group for further analyses. Using actuarial 

criteria, 53% of participants were classified as having MCI. There was greater representation 

of naMCI among actuarial versus consensus diagnoses, but multi-domain naMCI was still 

infrequent and was thus combined with single-domain naMCI for further analyses.

Latent class analysis

Results supported a five-class model (Supplementary Table 1). Values of CAIC, BIC, and 

log likelihood differences indicated considerable improvement in model fit for the two-class 

model, steady though less pronounced improvement through the five-class model, and 

minimal improvement thereafter. The bootstrap likelihood ratio test remained statistically 

significant in all models examined, including those with unreasonably high numbers of 

classes. Thus, this test was not used in model selection. While the Vuong-Lo-Mendell-Rubin 

likelihood ratio test for the five-class model failed to reach statistical significance, this 

test is very susceptible to error. Classification accuracy (entropy) was acceptable for the 

five-class solution. Finally, the heterogeneity of cognition among non-demented elders 

is well-supported and clinically meaningful [69–73]. Thus, we interpreted the five-class 

solution based on a preponderance of evidence from fit statistics, theory, and empirical 

support.

LCA identified three groups with MCI, together comprising 41% of the sample, and two 

groups with NC (Table 2). Neuropsychological performance of the groups is presented 

in Fig. 1. Cognitive performance in the Low Normal (LN) group consistently fell at 

or just below normative means. Cognitive performance in the High Normal (HN) group 

consistently fell at or just above normative means. The three MCI groups included: 1) a 

Memory Only (M) group with isolated mild to moderate deficits in learning and delayed 

recall; 2) a Memory/Language (ML) group with profound forgetting, moderately impaired 

recognition, and mildly impaired language; and 3) a Memory/Executive (ME) group with 

mild to moderate impairments in learning and delayed recall with normal recognition, 

severe impairment on Trail Making Test B, and mild to moderate impairments on all other 

measures of attention, executive function, and language.
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Race and diagnosis

Black participants were less likely than White participants to be diagnosed with MCI by 

consensus [27% versus 51%; χ2 (1, N = 343) = 16.18, p < 0.001] and by LCA [30% versus 

46%, χ2 (1, N = 343) = 6.89, p = 0.009]. By contrast, Black participants were equally likely 

as White participants to be diagnosed with MCI by actuarial criteria [54% versus 52%, χ2 

(1, N = 343) = 0.12, p = 0.73]. Thus, while the choice of diagnostic method had a small 

impact on MCI prevalence among White participants (from 46% to 52%), Black participants 

were twice as likely to be classified as having MCI using the actuarial approach (54%) than 

using consensus or LCA (27–30%). Among the five LCA classes, Black participants were 

more likely to be classified into the LN group, comprising 54% of the LN group but only 

17–37% of the other four groups (p < 0.05).

Longitudinal outcomes

Follow-up data was available for 230 participants (65% of the sample). Among them, 

the number of follow-up visits per participant ranged from one to 14 (median = 5), and 

follow-up time ranged from one to 15 years, with an average of 6.1 years (SD = 3.7). In 

comparison with participants without longitudinal data, these participants were three years 

younger at baseline (p < 0.01), more likely to be women (68% versus 55%, p = 0.016), and 

less likely to be White (64% versus 76%, p = 0.022). They also had better global cognition 

at baseline (MMSE = 28.7 versus 27.3, p < 0.001) and fewer functional difficulties (DSRS 

= 1.8 versus 4.2, p < 0.001), and were less likely to have been diagnosed with MCI (27% 

versus 75%, p < 0.001).

Global cognition

Using dichotomous baseline diagnostic classifications (i.e., MCI versus NC; Fig. 2a), all 

three diagnostic methods significantly predicted change in global cognition (MMSE; all p 
< 0.001). Effects were stronger for consensus diagnosis (slope difference = 0.55; that is, 

participants diagnosed with MCI by consensus declined by 0.55 more points per year than 

those diagnosed with NC by consensus) than for actuarial diagnosis (slope difference = 0.28) 

and LCA diagnosis (slope difference = 0.34). Across all diagnostic methods, participants 

with NC demonstrated stable MMSE scores, while participants with MCI demonstrated 

declines, but this decline was more pronounced in the consensus MCI group than in the 

actuarial and LCA MCI groups.

Among consensus subtypes (Fig. 2b), longitudinal MMSE change in all MCI subtypes 

differed from that of the NC group, and declines were steeper among participants with 

multi-domain aMCI or naMCI versus single-domain aMCI. Among actuarial subtypes (Fig. 

2c), longitudinal MMSE change in the multi-domain aMCI group differed significantly from 

that of all other groups, and change in the single-domain aMCI group differed significantly 

from that of the NC group. Among LCA classes (Fig. 2d), longitudinal MMSE change in the 

ME and ML groups differed significantly from that of the other three groups and from each 

other, with declines steepest in the ME group.
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Everyday functioning

Using dichotomous baseline diagnostic classifications (Fig. 3a), all three diagnostic methods 

significantly predicted change in functional difficulties (DSRS; p < 0.001), with effects 

stronger for consensus diagnosis (slope difference = 0.96) than for actuarial diagnosis (slope 

difference = 0.64) and LCA diagnosis (slope difference = 0.56). Across all diagnostic 

methods, participants with NC demonstrated subtle increases in functional difficulties over 

time, while participants with MCI demonstrated marked increases. These increases were 

more pronounced in the consensus MCI group than in the actuarial and LCA MCI groups.

Among consensus subtypes (Fig. 3b), longitudinal DSRS change in all MCI subtypes 

differed significantly from that of the NC group. The multi-domain aMCI and naMCI groups 

also had greater increases in functional difficulties than the single-domain aMCI group. 

Among actuarial subtypes (Fig. 3c), longitudinal DSRS change in all MCI subtypes differed 

significantly from that of the NC group. All MCI subtypes also differed significantly from 

each other, with the multi-domain aMCI group having the largest increase in functional 

difficulties, followed by the naMCI subtype. Among LCA classes (Fig. 3d), longitudinal 

DSRS change in the ME, ML, and LN groups differed significantly from each other and 

from the M and HN groups, which both demonstrated stable functioning. Increases in 

functional difficulties were largest in the ME group, followed by the ML group.

Incident dementia

Among the participants for whom follow-up diagnostic information was available, 16% 

(37/228) developed dementia, with an average time to dementia of 5.6 years (SD = 

3.5). Using dichotomous baseline diagnostic classifications, all three diagnostic methods 

significantly predicted incident dementia (all p < 0.001, Fig. 4a). Hazard ratios (HR) were 

larger for consensus diagnoses (HR = 29.33), indicating a shorter time to dementia, than 

for actuarial (HR = 13.54) and LCA diagnoses (HR = 9.49). Rates of incident dementia 

were 50% for persons diagnosed with MCI by consensus versus 42% for persons with 

LCA-identified MCI and 35% for persons diagnosed with MCI by the actuarial approach. 

Rates of incident dementia among persons with NC were 4% for the consensus and actuarial 

methods versus 7% for LCA.

All subtypes of MCI as diagnosed by consensus differed significantly from the NC group in 

incident dementia, and the multi-domain aMCI subtype demonstrated greater dementia risk 

than the single-domain aMCI subtype (Fig. 4b). The same was true for actuarial subtypes 

(Fig. 4c); additionally, dementia risk was greater in the multi-domain aMCI subtype than 

in the naMCI subtype. Among LCA subtypes (Fig. 4d), the ME and ML LCA classes 

demonstrated significantly higher dementia risk than the M and LN groups, which in turn 

had higher dementia risk than the HN group.

Diagnostic agreement and discrepant cases

Diagnostic agreement among the three classification methods is presented in Table 3, 

with further breakdown by subtype in Supplementary Table 2. Consensus and LCA 

diagnoses of MCI demonstrated substantial agreement, with concordant diagnoses for 90% 

of cases. Among participants classified as having MCI by both methods, the ME group 
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was comprised almost entirely of cases with multi-domain aMCI, while the M and ML 

groups each contained roughly equal proportions of participants with single-domain aMCI 

and multi-domain aMCI. Actuarial diagnoses demonstrated lower, but still substantial, 

agreement with consensus diagnoses and with LCA. Thirteen percent of participants were 

classified as having MCI by actuarial criteria but NC by consensus (termed the “discrepant 

group” in subsequent analyses), while only 3% of participants were classified as having NC 

by actuarial criteria but MCI by consensus. Similarly, 14% of participants were classified 

as having MCI by actuarial criteria but NC by LCA, while only 1% of participants were 

classified as having NC by actuarial criteria but MCI by LCA.

Participants classified as having NC by consensus, but MCI by actuarial criteria (i.e., 

discrepant group), were further compared with participants classified as having MCI by both 

methods (i.e., concordant MCI) and participants classified as having NC by both methods 

(i.e., concordant NC). As few participants were classified as MCI by consensus but NC 

by actuarial criteria, they were excluded from this set of analyses. Non-amnestic MCI was 

over-represented among discrepant cases, comprising 67% of the discrepant group but only 

7% of the concordant MCI group, and the majority of discrepant cases (70%) were classified 

as LN by LCA (Supplementary Table 2). Finally, Black individuals were over-represented in 

the discrepant group (p < 0.001), as they comprised 66% of this group versus 20% of the 

concordant MCI group and 31% of the concordant NC group.

The discrepant group demonstrated longitudinal cognitive (Fig. 5a), functional (Fig. 5b), 

and diagnostic outcomes (Fig. 5c) that were generally similar to that of the concordant 

NC group and consistently more favorable than that of the concordant MCI group. The 

discrepant group demonstrated stable global cognition, with a trajectory comparable to the 

concordant NC group (p = 0.62), and significantly better than the concordant MCI group 

(p < 0.001), which declined. The discrepant group exhibited a mild increase in functional 

difficulties, a trajectory slightly worse than that of the concordant NC group (p = 0.041). 

The difference between the discrepant group and the concordant MCI group was more 

pronounced (p < 0.001), as the concordant MCI group demonstrated marked increases 

in functional difficulties. Incident dementia risk in the discrepant group (Fig. 5c) was 

comparable to that of the concordant NC group (p = 0.42) and significantly lower than that 

of the concordant MCI group (p < 0.001). Rates of dementia were 35% in the concordant 

MCI group, 6% in the discrepant group, and 3% in the concordant NC group.

Race and longitudinal outcomes

The relationship between diagnostic method and longitudinal outcomes was further 

examined in analyses stratified by race. Overall, White participants demonstrated more 

cognitive and functional decline and a higher incidence of dementia (20%) than Black 

participants (9%). Results in White participants mirrored results in the overall sample. 

Specifically, all three diagnostic methods significantly predicted change in global cognition 

(all p < 0.001), with effects stronger for consensus diagnosis (slope difference = 0.59) than 

for actuarial diagnosis (slope difference = 0.31) and LCA diagnosis (slope difference = 

0.36). The same pattern was observed for functional change (all p < 0.001; consensus: slope 

difference = 1.07, actuarial: slope difference = 0.64, LCA: slope difference = 0.67) and for 
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dementia risk (all p < 0.001; consensus: HR = 35.52, actuarial: HR = 13.99, LCA: HR = 

8.45).

Among Black participants, the same pattern was observed for dementia risk (consensus: p = 

0.002, HR = 32.63; actuarial: p = 0.023, HR = 12.14; LCA: p = 0.006, HR = 20.38). Results 

for cognitive and functional outcomes differed. Regarding change in global cognition, effect 

sizes were comparable across all three methods, but estimates varied in precision, resulting 

in differing significance levels (consensus: p = 0.062, slope difference = 0.19; actuarial: p 
= 0.005, slope difference = 0.19; LCA: p = 0.042, slope difference = 0.18). Only actuarial 

diagnosis (p < 0.001, slope difference = 0.65) significantly predicted change in everyday 

functioning, whereas consensus diagnosis (p = 0.87, slope difference = 0.03) and LCA 

diagnosis (p = 0.50, slope difference = 0.12) did not.

Race-adjusted scores

To further examine the impact of normative corrections, an additional set of analyses was 

completed in which cognitive test scores were adjusted for race in addition to age, sex, and 

education. Actuarial and LCA classifications were revised accordingly. The prevalence of 

MCI by the actuarial method was unchanged (53%) while the prevalence of LCA-identified 

MCI was slightly higher (44% versus 41%). LCA results supported a four-class model, with 

a single NC group. M, ME, and ML groups were comparable to the initial LCA solution. 

The agreement of the actuarial approach with consensus (0.72 versus 0.68) and with LCA 

(0.75 versus 0.70) improved slightly, while the agreement of consensus with LCA was 

unchanged (0.79 versus 0.80). Participants diagnosed with MCI by actuarial criteria but not 

by consensus (12% of the sample) remained more common than the converse (2%), and 

Black participants remained over-represented among discrepant cases. Longitudinal analyses 

followed the same pattern as analyses using age, sex, and education-adjusted norms.

DISCUSSION

The present study investigated the agreement and prognostic utility of three MCI diagnostic 

methods—consensus, actuarial, and statistical (i.e., LCA)—in a diverse sample of older 

adults. The consensus method employed widely used criteria for MCI [58, 59] and the 

consensus of clinicians using cognitive test scores and all available clinical information. 

Actuarial criteria were based on a previously published approach using only cognitive test 

scores [9, 10]. Finally, LCA was used to make statistical classifications also based on 

cognitive performance alone.

Consensus and LCA methods demonstrated substantial agreement, whereas the actuarial 

approach had weaker, but still substantial, agreement with the other two methods. In 

line with this agreement, all three methods significantly predicted longitudinal outcomes 

in the sample overall. However, in race-stratified analyses, findings differed by race and 

by longitudinal outcome. Consensus diagnoses best predicted incident dementia among 

both Black and White participants and best predicted cognitive and functional change in 

White participants. In Black participants, by comparison, actuarial diagnoses best predicted 

functional change, and effects sizes were comparable for the three methods in predicting 
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global cognitive change. These results provide validation for the consensus MCI diagnostic 

approach but also demonstrate the utility of actuarial diagnoses in certain situations.

The disagreement between actuarial classifications and the other two methods was primarily 

driven by cases diagnosed with MCI by actuarial criteria but classified as normal 

by consensus, termed the discrepant group. The converse (cases classified as normal 

cognition by actuarial criteria but MCI by consensus) was rare. Black participants were 

over-represented in the discrepant group, raising concern that this group might have been 

classified with MCI due to premorbid performance differences related to sociocultural 

factors [74], rather than pathological cognitive decline. Furthermore, in most analyses, 

outcomes in the discrepant group were comparable to those of concordant NC cases and 

more favorable than those of concordant MCI cases. Thus, these discrepant cases could be 

interpreted as reflecting false positive diagnoses identified with actuarial criteria.

However, the discrepant group demonstrated subtle functional declines that differed 

significantly from the concordant NC group. Additionally, as noted, actuarial criteria best 

predicted functional change among Black participants. Taken together, actuarial criteria 

appear less specific than consensus diagnoses, but more sensitive to the early signs of 

future decline, particularly among Black older adults. The pattern of findings suggests that 

consensus diagnoses may detect MCI later in its course, closer to the onset of dementia, 

while actuarial criteria may detect earlier changes that long precede the development of 

dementia.

Several factors may account for the disagreement between actuarial and consensus 

classification and the reduced specificity of the actuarial criteria. Prior studies have shown 

that abnormal test scores are quite common even among cognitively healthy older adults, 

and are more likely to occur in Black older adults and when using more liberal cutoffs and 

greater numbers of tests [8, 75]. The liberal 1 SD cutoff of the actuarial criteria may lend 

itself to false positive diagnosis in diverse older adults. Additionally, because both consensus 

and statistical methods consider weaknesses in the context of overall performance patterns, 

they are less likely to classify isolated low scores as indicative of impairment. Present 

findings suggest that these aspects of the actuarial approach may lead to reduced specificity 

overall, but greater sensitivity for certain outcomes. If greater specificity is desired, a more 

conservative 1.5 SD cutoff may be warranted [76].

Present findings differ somewhat from several prior studies that demonstrated better 

prognostic validity and fewer false positive diagnoses among actuarial versus conventional 

criteria [9, 12, 14, 26]. Differences may be related in part to the operationalization of 

actuarial criteria in comparison with prior studies. First, we used a larger number of tests and 

domains than in prior applications of the actuarial criteria, which increased the likelihood 

of MCI classifications [75]. Specifically, we used 14 tests in six cognitive domains, whereas 

prior studies used six to 12 tests in three to five domains [9, 13, 14, 77, 78]. Additionally, 

we included a learning domain in addition to a memory domain, whereas previous studies 

of the actuarial approach used only a memory domain [10–15]. While this choice limits 

comparisons to previous findings, this approach ensured that the actuarial and statistical 

methods utilized all available cognitive test scores in the interest of comprehensiveness and 
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utilized the same tests and domains as each other in the interest of consistency. This decision 

ensured that differences between the two methods were attributable to the approaches 

themselves, rather than to the tests and domains included.

Differing results from prior research may also be related to differences in the 

operationalization of conventional criteria. First, conventional diagnoses have often been 

made based on low performance on a single story memory test, which poorly reflects 

the construct of episodic memory and does not consider the full spectrum of cognitive 

performance [4]. By comparison, consensus diagnoses in this study used comprehensive 

neuropsychological data (≥2 tests per domain) and all other available clinical information, 

including demographics, medical and psychiatric history, neuroimaging, and care partner 

report. Incorporation of advanced biomarker data, such as hippocampal volumes, may 

further explain the enhanced performance of the conventional approach in comparison 

with prior studies. Moreover, this study used a consensus diagnosis approach at a tertiary 

care research center. Given the expertise of the study personnel and setting, and given 

evidence that decision making by heterogeneous groups is typically better than that of 

individuals [79, 80], expert consensus diagnoses in the present study may offer greater 

accuracy than diagnoses made by individual clinicians in standard practice settings. These 

findings suggest that conventional criteria can have good prognostic utility when combined 

with comprehensive clinical data and when using a consensus approach, rather than when 

used in isolation.

In diverse and marginalized groups, the selection of culturally appropriate tests and 

normative data is of critical importance in assessing cognitive decline, particularly when 

using actuarial or statistical diagnostic approaches that rely solely on cognitive test scores. In 

the present study, the primary analyses used normative adjustments based on age, sex, and 

years of education. Additional adjustment for race improved agreement of the actuarial 

method with consensus and LCA but did not affect the pattern of findings regarding 

prognostic validity. Notably, both normative methods have limitations, and alternative 

approaches may be warranted.

Black Americans, on average, tend to obtain lower scores on cognitive tests than White 

Americans due to a variety of factors stemming from longstanding systemic racism in the 

United States [81]. Some of these factors influence test performance, but not necessarily 

everyday cognitive functioning, such as education quality, acculturation, and bias [82–86]. 

In addition, Black Americans experience greater disadvantage in social and structural 

determinants of health (SSDoH; e.g., health care access and quality, economic stability, 

neighborhood infrastructure) [87–89] that increase risk of health problems known to 

influence cognitive functioning, such as cardiovascular disease, pulmonary disease, and 

chronic stress [90–93]. To account for racial disparities in cognitive test performance, 

normative adjustments have often used separate norms for Black and White patients in 

an effort to avoid pathologizing culturally based performance differences and reduce false 

positive diagnoses [17]. However, such norms can increase the risk of false negative 

diagnoses, thereby denying patients needed services. Moreover, these norms have been 

used to make harmful conclusions about race and biology, and do not consider the many 

sociocultural and SSDoH factors for which race is a proxy [90].
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Therefore, normative adjustments that account for sociocultural factors may be an optimal 

alternative to reduce both false positive and false negative diagnostic error. Black Americans 

are disproportionately educated in schools with fewer resources than their White peers, a 

disparity that was particularly pronounced in the era when this study’s participants were 

educated, an average of 60 years ago [87, 94]. Indeed, while Black participants in this 

study did have fewer years of education than White participants, the difference in literacy 

was far more pronounced and persisted when adjusting for years of education, indicating a 

marked disparity in quality of education. Thus, adjustments based on quality of education 

(i.e., literacy) may be more appropriate than adjustments based on years of education [83, 

95] and may be less susceptible to misdiagnosis of older adults of color than race-based 

adjustments [17, 90]. Whether the use of education quality-based normative adjustments 

improves diagnostic concordance and prognostic validity in this sample is a topic of future 

study.

These findings highlight the importance of collecting information regarding SSDoH to 

utilize optimal normative adjustments, and to achieve a more complete understanding of the 

risk factors that impact cognitive aging and decline. Additionally, when appropriate, the use 

of repeat testing to compare within-participant cognitive stability and change may reduce 

the need for normative data, as each participant can serve as their own control. Finally, as 

cognitive measures have been largely developed in predominantly White samples and thus 

have an inherent degree of measurement bias, another approach to ensuring cross-cultural 

validity is the use of tests that are developed in diverse groups and demonstrate measurement 

invariance across groups.

Beyond examining diagnostic accuracy, another aim of the present study was to use 

a statistical method (LCA) to characterize cognitive heterogeneity among functionally 

independent older adults with cognitive decline, and to determine whether conventional 

MCI subtyping methods are sufficient in capturing this heterogeneity. Consistent with prior 

literature from both conventional [69, 96] and newer approaches [9, 20, 21, 23, 30, 33], LCA 

identified single-domain amnestic and multi-domain amnestic subtypes, and prognosis was 

poorest in the latter.

However, in contrast with conventional subtyping schemes, LCA identified two multi-

domain amnestic groups that differed in their memory profile and in the number and 

type of other impaired domains. Specifically, the memory/language group demonstrated 

an encoding/retention-based memory deficit and prominent language impairment, while 

the memory/executive group demonstrated a retrieval-based memory deficit, prominent 

executive dysfunction, and deficits in several other domains. These two groups had similar 

dementia incidence, but the memory/executive group had significantly steeper cognitive and 

functional declines, which may be related to its greater breadth of impairment. This finding 

is consistent with a prior study [25] and suggests that conventional subtyping does not 

fully represent the heterogeneity of cognitive impairment in MCI. Our results highlight the 

importance of considering the memory profile and the nature of other affected domains, in 

addition to the presence of memory and non-memory impairment. Executive and memory 

impairment together appear to convey a particularly poor prognosis, and the reason for this 
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finding is a topic of further study. For example, this group may reflect a more advanced 

prodromal AD state, or the influence of multiple pathologies.

In contrast with conventional subtyping and with prior statistical examinations, LCA did 

not identify any non-amnestic MCI subtypes in this study. Using consensus and actuarial 

methods, non-amnestic MCI was present but infrequent in the current sample, and LCA’s 

ability to detect such small groups may be limited. Characteristics of the study site likely 

contributed to the low rate of non-amnestic MCI. Namely, participants were enrolled at 

a memory center, resulting in an overrepresentation of AD pathology and amnestic MCI, 

while patients with non-AD pathologies such as Parkinson’s disease and frontotemporal 

dementia are often seen at other specialty clinics at the same institution.

LCA captured cognitive heterogeneity not only in MCI but also in normal cognition. In 

line with prior studies [31, 32, 37], we identified two normal cognition groups: high 

normal and low normal. There are several possibilities regarding the nature of these 

groups: they may reflect a normal aging group and an increased risk group, a super-aging 

(reduced risk) group and a normal aging group [31, 32, 97], or two presentations of 

normal aging with differing baseline levels of performance [37]. The high and low normal 

groups differed demographically, with Black participants overrepresented in the low normal 

group. Moreover, using race-adjusted norms eliminated the differentiation between these 

two groups. The two groups had similar cognitive trajectories regarding global cognition, 

but functional and diagnostic outcomes were poorer in the low normal group, suggesting 

that it is indeed at increased risk relative to the high normal group. Thus, its relatively 

lower baseline cognitive scores may be attributable not just to premorbid differences in test 

performance, but also to early signs of pathological decline. Further analyses are warranted 

to examine whether SSDoH and biomarkers differ in the high and low normal groups and 

contribute to differences in longitudinal outcomes. These findings highlight the importance 

of considering the heterogeneity of normal cognition and MCI and the contribution of 

SSDoH, in order to increase accuracy of early detection of decline and identify risk and 

protective factors that predict clinical progression in a diverse population of patients.

While LCA was outperformed by the consensus and actuarial approaches, it nonetheless 

significantly predicted longitudinal outcomes and demonstrated substantial agreement with 

the other two methods. It is noteworthy that the actuarial and LCA approaches demonstrated 

good predictive validity without the cost, time, and effort of additional clinical information 

or the consensus of expert clinicians. The actuarial approach is well established in research 

[e.g., 9, 10, 78] and straightforward to apply clinically, though clinicians would benefit from 

guidelines regarding the number of tests and domains to include. Further work is needed 

to implement the LCA method for clinical use. A simple, static approach would utilize 

group means and standard deviations to determine how well a patient’s data adheres to each 

LCA-identified group. A more dynamic approach would involve the creation of centralized 

repositories into which patients’ scores could be entered and group membership determined 

by re-running the LCA. Both approaches would benefit from the current movement to 

harmonize testing protocols across sites [98].
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A strength of the present study is the direct comparison of consensus, actuarial, and 

statistical (i.e., LCA) methods of diagnosing MCI. While these methods have been 

compared in a pairwise fashion, few studies have directly compared all three [9, 12]. 

Additional strengths include the use of LCA, which has a number of advantages over 

cluster analysis [41]; the inclusion of individuals with MCI and healthy cognition, enabling 

the identification of both false positive and false negative MCI diagnoses; and the long 

longitudinal follow-up period. The study used three longitudinal outcomes, allowing for a 

more nuanced understanding of prognostic utility, though it should be noted that consensus 

diagnosis was influenced by MMSE and DSRS scores and therefore not independent from 

these outcomes. Similarly, the consensus team was aware of previous consensus diagnoses, 

which may have biased incident dementia findings in favor of the consensus approach 

over the actuarial and statistical approaches. Missing longitudinal data reflects a weakness 

of the study. Participants with missing longitudinal data had poorer baseline cognition 

and functioning and were more likely to have an MCI diagnosis at baseline. We utilized 

mixed-effects modeling that accounted for missing information using maximum likelihood 

estimation. Nonetheless, attrition bias may have influenced longitudinal findings.

The inclusion of Black participants reflects another strength of the study given that 

prior examinations of actuarial and statistical MCI diagnostic methods have included 

predominantly White samples. That said, the sample was highly educated, and other ethnic 

groups, particularly Hispanic older adults, were under-represented. Additionally, Black 

participants had lower MCI rates and more favorable longitudinal trajectories than White 

participants, which is in contrast with well-documented findings regarding increased risk of 

MCI and dementia among Black versus White older adults [99–101]. Clinic-based samples 

are susceptible to selection bias, and results similar to the present findings have been 

observed in other such samples due to this bias (e.g., [102]). Additionally, selective survival 

can result in relatively more favorable longitudinal trajectories in Black older adults [103]. 

Selection and survival biases likely differentially influenced enrollment and retention of 

Black and White participants in the present study, and results should be interpreted with 

this caveat. There is a continued need for methods to enhance recruitment and retention 

of diverse older adults to better characterize their cognitive and functional trajectories and 

the validity of MCI diagnostic methods in diverse samples. Future work should explore 

the present study questions in community- and population-based samples that are more 

representative of Black older adults.

In conclusion, the present findings demonstrate the strengths and weaknesses of three 

approaches to differentiating MCI from normal cognitive aging in diverse older adults 

without dementia. Consensus diagnoses performed best overall, particularly in predicting 

incident dementia, but among Black older adults, actuarial diagnoses were more sensitive 

to early signs of decline. Dichotomous LCA classifications demonstrated the weakest 

associations with longitudinal outcomes, but LCA identified novel subtypes of MCI and 

normal cognition. Namely, LCA identified two subtypes of multi-domain amnestic MCI 

with differing outcomes, highlighting the importance of considering specific domains of 

impairment beyond memory. It also identified high normal and low normal cognition 

subtypes, with the latter demonstrating increased risk of longitudinal decline. The present 

study expands on prior studies by including a large proportion of Black older adults; 
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however, given issues of selection bias, future work should be conducted in samples more 

representative of older adults of color. A topic of future study is determining whether 

alternative normative adjustments or other strategies (e.g., repeat testing, cross-culturally 

valid tests) optimize the accuracy of MCI diagnoses. Such pursuits are necessary for the 

field to gain a complete understanding of the ways in which lifelong experiences, including 

racism, health risk factors and status, and sociocultural factors impact brain aging and risk 

for cognitive and functional decline.
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Fig. 1. 
Neuropsychological performance of latent classes at baseline (n = 354). Error bars reflect 

standard error.
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Fig. 2. 
Longitudinal change in global cognition by a) baseline dichotomous diagnosis (all 

diagnostic methods), b) consensus subtype, c) actuarial subtype, and d) LCA subtype. 

Each bracket/asterisk denotes a significant group difference (p < 0.05) in the slope of 

change in MMSE. For example, in (d), the HN, LN, and M groups differ significantly 

from the ML and ME groups in the slope of change in MMSE, and the ML and ME 

groups differ from one another in the slope of change in MMSE. MMSE, Mini-Mental 

State Examination; LCA, latent class analysis; NC, normal cognition; aMCI, amnestic mild 

cognitive impairment; naMCI, non-amnestic MCI; SD, single domain; MD, multi-domain; 

HN, high normal; LN, low normal; M, memory only; ML, memory/language; ME, memory/

executive.
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Fig. 3. 
Longitudinal change in functional difficulties by a) baseline dichotomous diagnosis (all 

diagnostic methods), b) consensus subtype, c) actuarial subtype, and d) LCA subtype. Each 

bracket/asterisk denotes a significant group difference (p < 0.05) in the slope of change 

in DSRS. DSRS, Dementia Severity Rating Scale; LCA, latent class analysis; NC, normal 

cognition; aMCI, amnestic mild cognitive impairment; naMCI, non-amnestic MCI; SD, 

single domain; MD, multi-domain; HN, high normal; LN, low normal; M, memory only; 

ML, memory/language; ME, memory/executive.
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Fig. 4. 
Incident dementia grouped by baseline diagnostic category: a) baseline dichotomous 

diagnosis (all diagnostic methods), b) consensus subtype, c) actuarial subtype, and d) LCA 

subtype. Each bracket/asterisk denotes a significant group difference (p < 0.05) in time 

to dementia. NC, normal cognition; aMCI, amnestic mild cognitive impairment; naMCI, 

non-amnestic MCI; SD, single domain; MD, multi-domain; LCA, latent class analysis; 

HN, high normal; LN, low normal; M, memory only; ML, memory/language; ME, memory/

executive.
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Fig. 5. 
Longitudinal outcomes among discrepant and concordant cases. a) Change in global 

cognition, b) change in functional difficulties, and c) incident dementia among cases 

diagnosed with mild cognitive impairment (MCI) by the actuarial approach but not by 

consensus (i.e., discrepant cases), cases diagnosed with MCI by both methods (i.e., 

concordant MCI), and cases diagnosed with normal cognition (NC) by both methods (i.e., 

concordant NC). Each bracket/asterisk denotes a significant group difference (p < 0.05) in 

the slope of change in MMSE or DSRS or in time to dementia. MMSE, Mini-Mental State 

Examination; DSRS, Dementia Severity Rating Scale.
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Table 1

Sample Characteristics at Baseline (N = 354)

Age (y), M (SD) 70.9 (7.7)

Education (y), M (SD) 15.8 (2.9)

Gender, n (%)

 Women 224 (63%)

 Men 130 (37%)

Race, n (%)

 White 241 (68%)

 Black 102 (29%)

 Asian-American 4 (1%)

 Native American 1 (< 1%)

 Multi-racial 6 (2%)

Ethnicity, n (%)

 Hispanic or Latino 7 (2%)

 Not Hispanic or Latino 347 (98%)
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