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Abstract

Introduction:Cognitive screeningmeasuresoften lack sensitivity andarehamperedby

inequities across ethnoracial groups. A multitrait multimethod (MTMM) classification

may attenuate these shortcomings.

Methods:A sample of 7227 participants across the diagnostic spectrumwere selected

from the National Alzheimer’s Coordinating Center cohort. Random forest ensemble

methods were used to predict diagnosis across the sample and within Black American

(n= 1025) and non-HispanicWhite groups (n= 5263) based on: (1) a demographically

corrected Montreal Cognitive Assessment (MoCA), (2) MoCA and Functional Assess-

ment Questionnaire (FAQ), (3)MoCA and FAQwith demographic correction.

Results: The MTMM approach with demographic correction had the highest diagnos-

tic accuracy for the cognitively unimpaired (area under curve [AUC] [95% confidence

interval (CI)]): 0.906 [0.892, 0.920]) andmild cognitive impairment (AUC: 0.835 [0.810,

0.860]) groups and reduced racial disparities.

Discussion:With further validation, theMTMMapproach combining cognitive screen-

ing and functional status assessment may serve to improve diagnostic accuracy and

extend opportunities for early intervention with greater equity.

KEYWORDS
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1 INTRODUCTION

Currently,more than5.8millionAmericans age65+arediagnosedwith

Alzheimer’s disease (AD) or another dementia, and new AD diagnoses

are expected to double by2050.1 This represents a public health threat

requiring urgent need for accessible and reliable cognitive screen-

ing (CS) tools to identify individuals with underlying neurodegener-

ative diseases earlier to refer for comprehensive evaluation, provide

resources for long-term care planning, establish advanced directives,
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improve access to clinical research trials, and avail treatment at earlier

disease stages. Further, AD has a clear differential impact on ethnora-

cial minorities in the United States due to access to and accuracy of CS

andassessment aswell as course and severity of disease, access to care,

and long-termmedical/psychological outcomes.2

CS ismandatedby thePatientProtectionandAffordableCareActof

20103 and a covered preventive service by the USCenters forMedicare

and Medicaid Services. Given dementia-associated costs were esti-

mated at more than $300 billion in 2020 with possible annual costs
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of more than one trillion by 2050,1 CS can facilitate early detection

and management. Although the Diagnostic and Statistical Manual of

Mental Disorders Fifth edition4 indicates that cognitive impairment

(CI) should preferably be documented by standardized neuropsycho-

logical testing to support a dementia diagnosis, it is neither practical

nor indicated for all individuals to undergo a full evaluation.5 While

CS alone is insufficient to diagnose a neurocognitive disorder, it can

minimize health-care costs and unnecessary procedures by identify-

ing those with possible CI who would benefit from referral to a spe-

cialist for further confirmatory evaluation.6,7 CS also can be conducted

by a wider array of health-care professionals, which increases access

to effective screening by physicians most likely to treat older patients.

Along with reducing delayed or misdetected dementia, other CS ben-

efits are that it may facilitate improved care for older adults by iden-

tification of potentially reversible CI etiologies, provision of interven-

tions todelay/preventCI progression, andappropriate family/caregiver

education.6–8 CS also can provide objective information regarding par-

ticipants’ cognitive status in clinical research/trials in which cognition

is not the primary outcome.9

Several CS tests are available, including the Montreal Cognitive

Assessment (MoCA10),Mini-Mental State Examination (MMSE11), and

Mini-Cog (MC12). However, each has varying sensitivity/specificity and

susceptibility to reduced diagnostic accuracy based on arbitrary cut-

off scores. Among the most common CS tests, the MoCA has supe-

rior accuracy for detecting mild CI (MCI) and dementia in individuals

whootherwise score as cognitively unimpaired (CU) on theMMSE.10,13

Multiple studies demonstrated the need for different MoCA cut-

scores based on age, education/literacy, and ethnoracial background

to decrease the likelihood of misclassifying normal individuals as

impaired.14,15 Rossetti et al.16 established that 80% of community-

dwelling Black Americans (BAs) fell below the standard cognitive

impairment cutoff using a predominantly non-Hispanic White (NHW)

comparison sample. In a large population sample,14 optimal cut-scores

differed by ethnoracial identity and years of education, with substan-

tial improvements in sensitivity/specificity when using demographi-

cally corrected cutoffs. These differences are attributed to systemic

and multifactorial disparities that have cascading impact on individu-

als over their lifespans, in addition to cultural biases in test construc-

tion, which can impact task performance in a clinical setting. Nonethe-

less, assessment based on any single test will be limited by the inherent

measurement error associated with the tool.

1.1 Combined approach

One approach for remediating the inherent error from a single mea-

surement is a multitrait, multimethod (MTMM) approach (note: this

usage is distinct from Campbell and Fiske’s MTMM matrix used

to evaluate measure validity), which overcomes limitations of any

one measure to assess a complex construct/outcome more compre-

hensively. Regarding the CU–MCI–dementia syndrome spectrum, a

performance-based screener (first method) of cognition (first trait)

could be combined with a collateral rating (second method) of activi-

Research in Context

1. Systematic review: The authors reviewed traditional

sources (i.e., PubMed) for literature on the diagnostic

accuracy of cognitive screeners, finding documented vari-

ances related to age, education, and ethnoracial back-

ground. Multimodal approaches that combine cogni-

tive screeners with daily functioning assessments may

improve accuracy. However, prior studies have been lim-

ited by suboptimal measure sensitivity and statistical

approaches, as well as lack of guidance for effective clini-

cal translation.

2. Interpretation: Our results, using a multicenter database

andensemble algorithms, showed that integration ofmul-

tiple traits (i.e., cognition, daily functioning) and meth-

ods (i.e., performance-based tasks, collateral ratings)

improved cognitive staging classification accuracy com-

pared to lone screening, without adding time or cost to

the process. Observed classification disparities between

non-Hispanic White and Black participants were attenu-

ated, but not eliminated.

3. Future directions: The article provides a freely accessible

online calculator that computes diagnostic probabilities

to aid clinical translation. Further validation and exten-

sion to broader ethnoracial groups is necessary.

Highlights

∙ Random forest classification algorithms allow for flexible

use of entire scale ranges and multiple scales to validate

against a multistage taxonomy (i.e., normal, mild cogni-

tive impairment [MCI], dementia); this is opposed to the

static and artificial dichotomization of single scales and

taxonomies used in classic receiver operating characteris-

tic curve analyses.

∙ Functional ratings can be completed by collaterals while

a cognitive screener is administered to patients to not

increase screening time.

∙ Inputting both scores into the freely provided calculator

allows for improved classification accuracy (i.e., normal,

MCI, dementia) and reduces the ethnoracial bias often

seen on cognitive screeners.

ties of daily living and functioning (ADLs; second trait). Such a MTMM

approach is promising for improving accuracy while not appreciably

impacting the cherished efficiency of CS, given a collateral can com-

plete their rating while a professional simultaneously performs CS.

A joint approach may also increase the content validity of evaluat-

ing the CU–MCI–dementia spectrum compared to CS alone, as cur-
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rent criteria for disease syndrome staging considers both cognition and

functioning.17

Such a MTMM was previously evaluated18 using classification and

regression trees (CART) with the MMSE, MC, and Functional Activi-

ties Questionnaire (FAQ; a collateral ADL rating) and found that demo-

graphically uncorrected, two-dimensional (2D) classifier models (i.e.,

cognitive scores are placed on an x-axis and functional scores placed

on a y-axis; an xy combination’s location is then used to classify that

case) had strong overall CU–MCI–dementia accuracy. Although MCI

accuracywas the lowest of the three groups, it was substantially higher

than prior literature examining MCI accuracy with CS alone. The cut-

offs derived from this study were subsequently extended to diverse

specialty clinics within the United States19 and multiple primary care

sites outside the United States.20 Tappen et al.19 did not use criterion

diagnoses to cross-validate accuracy of the cutoffs, but compared 2D

classification rates across BAs, Latinxs, andNHWs. They found classifi-

cation rates across the three groups differed significantly with theMC

andMMSE, whichwas contrasted by themore equitable classifications

of theMC-FAQandMMSE-FAQ2D-MTMMapproach. They also found

age and education level impacted 2D classification rates, suggesting

correction for these demographics could further increase model accu-

racy. Kallumpuram et al.20 used the MC-FAQ across 33 primary care

sites, and found ease of implementation across sites. They were able

to identify 358 individuals with cognitive impairment (18.1% of those

screened) whowere not previously identified by standard clinical judg-

ment, and of those who received a specialty evaluation, 94.5% were

accurately classified as cognitively impaired.

1.2 The current study

A simple MTMM approach shows promise in that, compared to CS

alone, itmay improve overall accuracy of diagnosiswithout appreciably

changing screening time, and reduce disparity in classification across

ethnoracial groups. However, the above models are limited by use of a

less sensitive CS, use of CART to derive a simple 2D cut-score, and the

cross-validations not having criterion diagnoses. CART exploits sample

variance in such a way as to overstate accuracy and reduce its repro-

ducibility across samples. Advances in statistical techniques include

newer ensemble algorithms, such as random forests (RF), that provide

more robust and reproducible results compared to CART.21 Therefore,

the aim of the current study was to extend prior research with inclu-

sions of theMoCA and FAQ using RFwithin a large, well-characterized

multicenter sample.

2 METHODS

2.1 Participants

TheNationalAlzheimer’sCoordinatingCenter (NACC) is fundedby the

National Institute on Aging (NIA) and comprises several Alzheimer’s

Disease Research Centers (ADRCs) across the United States. The cur-

rent sample includes data from31ADRCs,with data collectedbetween

March 2015 and May 2020. A sample of 7227 individuals who com-

pleted both the MoCA and FAQ as a part of their first ADRC Uniform

Data Set visit were selected from the NACC June 2020 data freeze.

Consent was not necessary for this deidentified data.

2.2 Clinical assessments

All participants were administered the MoCA,10 which assesses cog-

nition in the domains of visuospatial, language, memory, attention,

executive function, and orientation. Total scores range from 0 to 30

with lower scores indicating worse cognition. Participants also had

the FAQ,22 a 10-item measure of ADL functional status, completed

by a collateral source. FAQ items are rated on a 4-point ordinal scale,

and total scores range from 0 to 30 with higher scores indicating

greater functional impairment. The FAQ has robust clinimetric proper-

ties and classification accuracy for detecting MCI/dementia.23 Finally,

participants had the Clinical Dementia Rating (CDR Dementia Staging

Instrument24,25), a valid and reliable semi-structured interview of cog-

nitive and functional status, to stage participants’ level of impairment

into one of five diagnostic categories (i.e., CU, questionable/MCI, mild

dementia, moderate dementia, and severe dementia). The CDR is rated

independently from the MoCA and FAQ and, for this study, dementia

severities were collapsed consistentwith the CU–MCI–dementia stag-

ing.

2.3 Data analysis

See Table 1 for descriptives. Data were evaluated for statistical

assumptions. Because all five demographic variables (i.e., age, years

of education, sex, ethnoracial group, primary language) had statisti-

cally significant relationships with MoCA, FAQ, and CDR classifica-

tions, these demographics were included inmodels below.

We used the RF classification method to build predictors of cog-

nitive status given the participants’ MoCAs, FAQs, and demographics.

RF is a nonparametric data mining technique that predicts numeric

or nominal dependent variables and has undergone substantial devel-

opments to improve speed, flexibility, and transportability.21,26–28 The

whole procedure can be described as follows: (1) a collection of boot-

strapped samples is computed from the original training set and for

each sample, multiple decision trees are generated; (2) at each branch,

a predictors-based node is used to determine the best partition of the

dataset; (3) the underlying model is represented by the set of all trees

and the final classification is simply themajority vote of individual clas-

sifications. The out-of-bag (OOB) estimate, which represents the over-

all error rate of the model, is computed as an aggregate of the pre-

dictions of the variables that are not part of the bootstrap samples.

The RFmodel’s convergence depends on several parameters, including

the number of trees to construct (ntree) and the number of variables

to select for each tree (mtry), which are automatically and optimally

selected by the software.28–30 Statistical analyses were conducted in

R and JASP.31,32 The area under the curve (AUC) is calculated for each
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TABLE 1 Sample descriptives

n (%) FAQM (SD) MoCAM (SD) Cognitively unimpaired MCI Dementia

Total 7227 4.05 (7.44) 22.94 (5.95) 3905 2362 960

Age – – – 67.96 (10.36) 70.43 (9.04) 70.07 (10.15)

Education – – – 16.4 (2.5) 16.1 (2.7) 15.6 (2.8)

Sex – – – – – –

Male 2797 (38.7) 4.95 (7.87) 22.54 (5.84) 1272 (32.57) 1069 (45.26) 456 (47.50)

Female 4430 (61.3) 3.49 (7.09) 23.20 (6.01) 2633 (67.43) 1293 (54.74) 504 (52.50)

Ethnoracial group – – – – – –

Non-HispanicWhite 5308 (74.6) 4.51 (7.72) 23.18 (6.12) 2751 (71.69) 1770 (75.99) 787 (83.28)

Black American 1030 (14.5) 2.33 (6.11) 22.29 (5.22) 629 (16.39) 323 (13.86) 78 (8.25)

Hispanic 310 (4.4) 2.99 (6.59) 21.82 (5.85) 179 (4.66) 101 (4.33) 30 (3.17)

Asian 233 (3.3) 4.61 (7.78) 22.06 (6.02) 135 (3.51) 64 (2.74) 34 (3.59)

Other 230 (3.2) 2.14 (5.12) 23.24 (4.81) 143 (3.72) 71 (3.04) 16 (1.69)

Language – – – – – –

English 6811 (94.4) 4.06 (7.46) 23.06 (5.93) 3670 (94.15) 2235 (94.70) 906 (94.57)

Spanish 215 (3.0) 3.36 (6.59) 20.24 (5.96) 119 (3.05) 72 (3.05) 24 (2.50)

Chinese 68 (0.9) 5.12 (8.79) 21.37 (6.55) 48 (1.23) 7 (0.29) 13 (1.35)

Other 122 (1.7) 4.12 (6.80) 21.86 (5.73) 61 (1.56) 46 (1.94) 15 (1.56)

CDR – – – – – –

Cognitively unimpaired 3905 (54.0) 0.18 (1.02) 25.98 (2.95) – – –

MCI 2362 (32.7) 4.11 (5.19) 22.00 (4.58) – – –

Dementia 960 (13.3) 19.68 (6.38) 12.92 (6.28) – – –

Note: Group differences and effect sizes listed in Table S1 in supporting information.

Abbreviations: CDR, Clinical Dementia Rating; FAQ, Functional Activities Questionnaire (FAQ); MCI, mild cognitive impairment; MoCA, Montreal Cognitive

Assessment.

class against all other classes, and the 95% confidence intervals are

estimated as AUC ± 1.964 its standard errors (SE). AUC interpretive

ranges include: .50 to .69 (poor), .70 to .79 (acceptable), .80 to .89

(excellent), and ≥.90 (outstanding). The closer the OOB score is to 1,

the better themodel can extrapolate predictions to new data.

2.3.1 Combined models

To assess MoCA and FAQ accuracy for predicting cognitive sta-

tus based on CDR, we ran models with: (1) MoCA/demographics

(corrected-CS), (2)MoCA/FAQ/demographics (corrected-MTMM), and

(3)MoCA/FAQ (2DMTMM). The first model was run to provide a com-

parison for the subsequent two models, as ROC analyses used in the

literature do not provide demographic-corrected AUC values. The sec-

ond determined how well a corrected MTMM model improved classi-

fication accuracy. The third provided a more direct comparison to the

Steenland et al.18 2D-MTMMmodel.

Of the 7227 individuals withMoCA/FAQ, 7054 had all demographic

information completed. To construct the RFmodel, we split the data as

follows: 20% (1410) of the overall data was kept for final testing, and

the remaining 80% (5644) was used as training set. The RF parame-

ters ntree andmtrywere optimized from the data as shown in Figure S1

in supporting information to provide a better OOB accuracy for each

model.

2.3.2 Ethnoracial comparisons

To assess the MTMM approach’s ability to reduce ethnoracial classi-

fication disparities, we divided the sample by ethnoracial groups and

compared the first two models: corrected-CS and corrected-MTMM.

Ethnoracial classification was determined by self-identification from

US Census–consistent options. Given sample size limitations, we were

only able to isolate NHWs and BAs.33

There were 5305 NHW participants, of which 5263 have age, sex,

education, and language information. There were 1030 BA partici-

pants, of which 1025 reported their age, sex, language, and education.

RFmodels were built from each ethnoracial group, all adjusting for sex,

age, language, and education.

2.3.3 Probabilistic models

We used the 2D-MTMM RF models in the total sample, and NHW

and BA subsamples, to construct probabilistic models. The probability
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F IGURE 1 Heatmaps of the probability distributions. Visualized probabilities (color coded) of Clinical Dementia Rating (CDR) stages for
combinations ofMontreal Cognitive Assessment (MoCA; x-axis) and Functional Activities Questionnaire (FAQ; y-axis) values. Provided separately
for cognitively unimpaired (left), mild cognitive impairment (MCI; middle), and dementia (right). On rightmost legend,+1.00 (yellow) indicates
highest probability and+0.00 (purple) indicates lowest probability

F IGURE 2 Probability distributions forMontreal Cognitive Assessment (MoCA) and Functional Activities Questionnaire (FAQ). Visualized
probabilities (y-axis) of each Clinical Dementia Rating (CDR) stage at eachmeasure’s score (x-axis). Black dotted lines are derived cutoffs between
cognitively unimpaired and cognitively impaired participants forMoCA and FAQ. Provided separately forMoCA (left) and FAQ (right)

Pt(k, l) to have t (t=CU,MCI, orDementia) as outcome given k value for

FAQ and l value forMoCA is given by:

Pt (k, l) =
1
2

(
Nt

Nk
+

Nt

Nl

)

where
Nt

Nk
is the ratio of the number of predicted t cases and the total

number of points evaluated for a given value of k.

Weused the equation above to compute the joint probability ofCU–

MCI–dementia classification for pairs ofMoCA and FAQ scores. These

were positioned into a 2D heatmap (Figure 1) and estimated cogni-

tive impairment cutoffs from cumulative probability distributions (Fig-

ure 2). These were used to create a simple 2D nomogram (Figure 3)

to determine the most likely classification. The x-axis lays out MoCA

raw scores and the y-axis lays out FAQ raw scores. The colors inside

the figure indicate a likely diagnosis of CU,MCI, or dementia. The clini-

cian simply needs to find the point for their patient’s MoCA and FAQ

scores to determine the likely diagnosis. This is also available in an

online calculator that provides the likelihood of a cognitive stagewith a

combination of MoCA and FAQ in the total sample, or NHW–BA sub-

samples. While joint probabilities may be more accurate for predict-

ing an individual case, they will not yield probabilities if the original

data did not include that score combination, and they are also limited

in thenumber and typeof predictors for chainedprobabilities. Thus,we

also offered the unmanipulated RF models for corrected-MTMM that

also allowpredictions across score combinations anddemographic cor-

rections. Both can be found at: https://bernard-fongang.shinyapps.io/

moca_faq//

3 RESULTS

3.1 Participant characteristics

Despite a wide range, individuals were mostly older (M = 69.05,

SD=9.99, range=18–101), NHW (74.6%), female (61.3%), with higher

levels of education (M= 16.01, SD= 2.82, range= 0–26). Other demo-

graphics are summarized in Table 1.

https://bernard-fongang.shinyapps.io/moca_faq//
https://bernard-fongang.shinyapps.io/moca_faq//
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F IGURE 3 2D classification nomogram,
Simplified classification aid for determining a
cognitive stage based on combinations of
Montreal Cognitive Assessment (MoCA; x-axis)
and Functional Activities Questionnaire (FAQ;
y-axis) values

3.2 Combined models

3.2.1 Corrected CS

The variable importance plot (Figure S1) showed ethnoracial group,

age, education, sex, and languageweremarginally important covariates

in our prediction of diagnostic group. AUC values are listed in Table 2.

The model OOB estimate was .709. Overall, the model was better at

classifyingdementia thanCU,whichwasbetter thanMCI classification.

Per the confusion matrix (Table 3), the model tended to underestimate

impairment, predicting people with observed MCI to be CU (n = 217),

highlighting the difficulty of distinguishingMCI fromCU patients.

3.2.2 Corrected MTMM

The variable importance plot (Figure S1) indicated ethnoracial group,

age, education, sex, and language were marginally important covari-

ates. Overall, the model was similar to corrected CS for predicting

dementia; however, there was a drastic improvement in CU and MCI

classification, based on non-overlapping confidence intervals. Per the

confusion matrix (Table 3), this model still tended to underestimate

impairment for those with known MCI, but was markedly more accu-

rate than the first model, which is captured in comparison of averages

for model AUCs.
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3.2.3 2D-MTMM

Comparing the averages ofmodel AUCs, the 2D-MTMMand corrected

MTMM were mostly equivalent (Table 2). However, this obscured dif-

ferences in accuracy for each cognitive stage. The 2D-MTMM was

more accurate at classifying dementia, at the cost of reduced accuracy

for CU andMCI, compared to the correctedMTMM.However, the 2D-

MTMM was still more accurate than the corrected-CS at every cogni-

tive stage.

3.3 Ethnoracial comparisons of classification
accuracy

3.3.1 Non-Hispanic whites

For corrected CS, the maximum number of trees was 95 and the num-

ber of predictors used for each split 2 leading to maximum OOB accu-

racy of 0.63. ForNHWs, the correctedCSmodel wasmostly equivalent

overall compared to the model derived from the overall sample, with

slightly improvedMCI classification (Table 2). Compared to the general

sample, the correctedMTMMAUCsweremostly equivalent (Table 2).

3.3.2 Black Americans

For corrected CS, the maximum number of trees was 19 and the num-

ber of predictors used for each split was 2 leading to maximum OOB

accuracy of 0.610. The training and the testing datasets had 820 and

205 participants. The corrected CS model demonstrated that classifi-

cation accuracywas significantly lower for BAs,withMCI andCUbeing

most discrepant compared to NHWs. This was also true compared to

the overall sample, which is mostly comprised of NHWs. In contrast,

the corrected MTMM model significantly narrowed the classification

accuracy gap, with overall model accuracy being quite similar, although

MCI and CU classification were still significantly less accurate for BAs

compared toNHWs,withdementia classificationbeingmuchbetter for

BAs.

4 DISCUSSION

This article aimed toextendprior researchwith2D-MTMMto includea

more sensitiveCS inmodels using advances in classification algorithms,

and evaluate whether such an extension attenuated classification dis-

parities observed with CS alone. 2D-MTMM approaches combining

information from the MoCA and FAQ had stronger discriminability of

CU andMCI groups relative to the demographically corrected lone CS

model. Dementia detection was roughly equivalent across approaches

with the highest discriminability for the combined MoCA/FAQ model

without demographic correction.We did not anticipate that the demo-

graphically unadjusted model would outperform the fully corrected

model. These findings may be attributable to the lack of weighting

given to demographic factors in the diagnostic criterion measure for

dementia (CDR). Consistent with our predictions, the demographically

corrected 2D-MTMM approach combining the MoCA and FAQ was

superior for correctly classifying the CU and MCI groups relative to

the unadjusted 2D-MTMM. These results are salient asMCI classifica-

TABLE 2 Classification accuracy for participants with no cognitive impairment, mild cognitive impairment, and dementia

MoCA MoCA+ FAQ MoCA+ FAQ

Full Model Full model (No adjustment)

Overall Sample AUC [95%CI] AUC [95%CI] AUC [95%CI]

Cognitively Unimpaired 0.835 [.815, .855] 0.906 [.892, .920] 0.882 [.866, .898]

MCI 0.712 [.676, .748] 0.835 [.810, .860] 0.792 [.763, .821]

Dementia 0.938 [.914, .962] 0.908 [.879, .937] 0.98 [.914, .993]

Average 0.828 [.801, .855] 0.883 [.860, .904] 0.884 [.848, .904]

Non-HispanicWhite

Cognitively unimpaired 0.862 [.841, 883] 0.917 [.902, .932] –

MCI 0.744 [.706, .782] 0.852 [.825, .879] –

Dementia 0.937 [.911, .963] 0.919 [.889, .949] –

Average 0.847 [.819, .876] 0.896 [.872, .920] –

Black American

Cognitively Unimpaired 0.731 [.652, .810] 0.849 [.801, .897] –

MCI 0.614 [.488, .740] 0.751 [.660, .842] –

Dementia 0.91 [.806, .999] 0.992 [.966, .999] –

Average 0.751 [.649, .850] 0.864 [.809, .913] –

Abbreviations: AUC, area under the curve; CI, confidence interval; FAQ, Functional Activities Questionnaire (FAQ) ; MCI, mild cognitive impairment; MoCA,

Montreal Cognitive Assessment.
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TABLE 3 Confusionmatrices

Observed values Predicted values

Overall sample- Normal MCI Dementia

Corrected CS

Normal 656 (87.4%) 94 (12.5%) 1 (0.1%)

MCI 217 (47.9%) 200 (44.2%) 36 (7.9%)

Dementia 8 (3.9%) 66 (32.0%) 132 (64.1%)

CorrectedMTMM

Normal 712 (93.1%) 52 (6.8%) 1 (0.1%)

MCI 147 (30.9%) 295 (62.1%) 33 (7.0%)

Dementia 0 (0.0%) 35 (20.6%) 135 (79.4%)

2D-MTMM

Normal 732 (95.6%) 34 (4.4%) 0 (0.0%)

MCI 193 (40.5%) 263 (55.1%) 21 (4.4%)

Dementia 1 (0.5%) 45 (22.3%) 156 (77.2%)

Non-HispanicWhite-

Corrected CS

Normal 457 (86.7%) 67 (12.7%) 3 (0.6%)

MCI 148 (40.7%) 180 (49.4%) 36 (9.9%)

Dementia 5 (3.1%) 40 (24.8%) 116 (72.1%)

CorrectedMTMM

Normal 527 (92.5%) 43 (7.5%) 0 (0.0%)

MCI 92 (27.4%) 229 (68.4%) 14 (4.2%)

Dementia 0 (0.0%) 36 (24.5%) 111 (75.5%)

Black American-

Corrected CS

Normal 113 (89.0%) 13 (10.2%) 1 (0.8%)

MCI 45 (70.3%) 17 (26.6%) 2 (3.1%)

Dementia 0 (0.0%) 4 (28.6%) 10 (71.4%)

CorrectedMTMM

Normal 123 (93.9%) 8 (6.1%) 0 (0.0%)

MCI 25 (43.9%) 29 (50.9%) 3 (5.2%)

Dementia 0 (0.0%) 1 (5.9%) 16 (94.1%)

Note: Parenthetical percentages indicate the prediction accuracy between

predicted class (column) and actual/observed class (row). Numbers vary

depending on number of predictors.

Abbreviations: corrected CS, Model including the Montreal Cognitive

Assessment (MoCA) and demographics; correctedMTMM,model including

the MoCA, Functional Activities Questionnaire (FAQ), and demographics;

2D MTMM, Model including only the MoCA and FAQ; MCI, mild cognitive

impairment.

tion typically lags those of CU and dementia groups.34 The challenges

of detecting MCI are particularly appreciable in the primary care set-

ting due to providers’ time limitations and lack of confidence making

cognitive diagnoses.35 Unfortunately, this barrier poses significant lim-

itations to early intervention as primary care providers are often the

first point of contact regarding cognitive concerns.

Regarding the question of ethnoracial disparities, we objectively

tested the Tappen et al.19 hypothesis that 2D-MTMM of a CS and a

functional assessment tool may reduce divergences in classification

accuracy across diverse ethnoracial groups relative to CS alone. The

demographically correctedMTMMapproach yielded the most equiva-

lent diagnostic accuracy across NHWandBA groups, which alignswith

research demonstrating demographic correction improves classifica-

tion accuracy based on CS,14 and clinical staging derived from the FAQ

is relatively robust against demographic effects.23 The ability of two

time- and cost-efficient tools to reduce biases in classification accuracy

acrossdiversegroups is notable given strikingdisparities in timelydiag-

nosis and access to care.2

With the growing availability of large datasets, there is increas-

ing use of advanced algorithms for data modeling and prediction.

Research across chronic diseases indicates that predictive algorithms

can improve diagnostic accuracy, reduce errors in decision making,

and alleviate workload among providers.40–42 Numerous studies high-

lighted the utility of multimodal prediction models for detecting MCI

and neurodegenerative diseases.38,43–45 Unfortunately, these promis-

ing research findings have largely failed to influence clinical practice

primarily due to integration of expensive measures (i.e., neuroimaging,

extensive neuropsychological assessment) that are not widely avail-

able and the unreasonable analytical burden in the fast-paced clini-

cal setting.43 Our approach addressed these barriers by solely basing

prediction on a widely used CS, a freely available functional assess-

ment questionnaire, and basic demographics, which are feasible to col-

lect within the clinic. Moreover, we created an online calculator that

enables providers to simply enter a patient’s basic demographics and

MoCA and FAQ scores to generate probability of CU,MCI, and demen-

tia classification. The online tool is freely accessible and was designed

with ease of use inmind. A clinician could administer theMoCAwhile a

collateral (e.g., family member) completes the FAQ. Then these scores

could be entered into the calculator, with demographic scores prepop-

ulated by staff with information in the medical record. The reported

probabilities could then inform treatment plan and consults. The calcu-

lator is available on https://bernard-fongang.shinyapps.io/moca_faq//

Several features of our analytical approach enhanced optimization

for MCI detection. First, we used a 2D-MTMM to combine a CS and

functional status measure. While MCI is conceptualized as a stage

without frank functional impairment, there is growing awareness of

challenges associated with daily task completion.36,37 In fact, a study

evaluating prediction of clinical conversionwithin individualswithMCI

using amultimodal approach,which incorporated broad factors such as

neuropsychological assessment, neuroimaging, and cerebrospinal fluid

biomarkers, found the FAQwas the single best predictor.38 In contrast

to prior research, 18 our study used the MoCA, which is more sensi-

tive toMCI than theMMSE.39 Our fully adjustedmodel also accounted

for factors known to influence CS performance such as age, education,

and ethnoracial group.16 Finally, our study used an RF approach, which

derives the ultimate classification decision from numerous classifica-

tion trees, leading tomore robust outcomes.21,38

A primary study strength was using a large, multicenter NACC

cohort with available standardized clinical assessments and gold

standard diagnostic determinations. Nonetheless, the sample skewed

female and was more highly educated with a larger proportion of

https://bernard-fongang.shinyapps.io/moca_faq//
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NHWs relative to the general US population. Due to the more lim-

ited representation of diverse ethnoracial groups, we were unable to

examine groups beyond NHWs and BAs with the latter more highly

underrepresented within the sample. Furthermore, the smaller BA

sample size compared to NHWs means that the BA estimates are less

reliable, which is reflected in their wider confidence intervals. Taken

together, these limitations suggest that the calculator, as is, may not

extend to the entire US population or all subpopulations within the

United States. This sampling limitation underscores outstanding calls

to diversify aging research enrollment. Our study used an RF analyti-

cal approach given its ability to derive robust classifications from large

datasets; avoid overfitting; and accommodate correlated, nonlinear

variables.21,45 Nonetheless, interpretation of machine learning mod-

els can be challenging. Finally, while the factors included in our mod-

els have been identified as the strongest predictors for clinical classifi-

cation of dementia,38,46 they are unlikely to be able to effectively dis-

criminate diverse etiological causes of dementia.44 Thus, the value of

the approach lies in the enhanced screening performance that can be

leveraged to triage individuals more appropriately for comprehensive

work-up.

In summary, a combined informatics approach using the MoCA and

FAQenhanced diagnostic accuracy across theCU–MCI–dementia con-

tinuum relative to CS alone. With adjustment for demographic fac-

tors, we were able to reduce disparities in diagnostic accuracy across

NHW and BA groups. Our prediction approach was specifically devel-

oped to optimize clinical translation with incorporation of time- and

cost-effective variables and the creation of an easy-to-use online tool

for clinicians. Together with ongoing research, our findings may serve

to reduce diagnostic errors, attenuate diagnostic delays, and enhance

opportunities for early intervention more equitably across the popula-

tion.
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