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Griffin2, and Brandon E. Gavett2

1 Department of Neurology and Alzheimer's Disease Research Center, Emory University, A tlanta, 
GA, USA

2 Department of Psychology, University of Colorado Colorado Springs, Colorado Springs, CO, 
USA

Abstract

Objective—Two main approaches to the interpretation of cognitive test performance have been 

utilized for the characterization of disease: evaluating shared variance across tests, as with 

measures of severity, and evaluating the unique variance across tests, as with pattern and error 

analysis. Both methods provide necessary information, but the unique contributions of each are 

rarely considered. This study compares the two approaches on their ability to differentially 

diagnose with accuracy, while controlling for the influence of other relevant demographic and risk 

variables.

Method—Archival data requested from the NACC provided clinical diagnostic groups that were 

paired to one another through a genetic matching procedure. For each diagnostic pairing, two 

separate logistic regression models predicting clinical diagnosis were performed and compared on 

their predictive ability. The shared variance approach was represented through the latent phenotype 

δ, which served as the lone predictor in one set of models. The unique variance approach was 

represented through raw score values for the 12 neuropsychological test variables comprising δ, 

which served as the set of predictors in the second group of models.

Results—Examining the unique patterns of neuropsychological test performance across a battery 

of tests was the superior method of differentiating between competing diagnoses, and it accounted 

for 16-30% of the variance in diagnostic decision making.

Conclusion—Implications for clinical practice are discussed, including test selection and 

interpretation.
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Clinical neuropsychology has traditionally relied upon the use of cognitive tests to diagnose 

disorders and characterize their effect. Two main approaches to the interpretation of 

cognitive test performance have been utilized: 1) evaluating shared variance across tests, as 

through index scores (e.g., Randolph, 1998; Stern & White, 2003; Wechsler, 2008; 2009), 

latent variable modeling approaches (e.g., Crane et al., 2012; Gibbons et al., 2012; Mungas, 

Reed, & Kramer, 2003), and more recently through cognitive phenotypes of severity or 

burden (e.g., Royall & Palmer, 2012; Royall, Palmer, & O'Bryant, 2012), and 2) evaluating 

the unique variance across tests, as through interpretations of performance patterns (e.g., 

Reitan & Wolfson, 1993) and through use of process-oriented approaches such as the Boston 

Process approach (e.g., Ashendorf, Swenson, & Libon, 2013) and the Luria-Nebraska (e.g., 

Golden, Purisch, & Hammeke, 1991). Both methods provide us with necessary information 

for understanding the severity and the type of disease process implicated. The assessment 

and differential diagnosis of dementia benefit from both approaches, but the unique 

contributions of each method and the situations within which each is most useful are rarely 

considered. This study compares the two approaches for the purpose of differential diagnosis 

of dementia, while controlling for the influence of other relevant demographic and risk 

variables. In doing so, this study will provide support for the continued use of unique 

variance approaches as well as evidence for the continued improvement of measurement 

through novel approaches.

Dementia Etiologies and Clinical Neuropsychological Profiles

The term “dementia” describes a clinical syndrome or presentation that results in a patient's 

acquired inability to meet his or her occupational and social demands (McKhann et al., 

2011). Several disorders fall under the umbrella term of “dementia,” and each represents a 

unique neurocognitive condition with its own etiology, symptom profile, and disease course. 

Differential diagnosis of these disorders is clarified through the use of standardized 

neuropsychological assessment (Simpson, 2014). The exact cause and disease mechanisms 

of each of the most common neurocognitive disorders remain unknown, but each of the 

dementia etiologies is associated with a slightly different set of contributing factors as well 

as its own prototypical presentation (Green, 2005).

Early diagnosis of dementia and its etiology is imperative for prognosis and for the 

application of disease specific treatments. The most common dementia subtypes, 

Alzheimer's disease (AD), Vascular dementia (VaD), Dementia with Lewy Bodies (DLB), 

and Frontotemporal dementia (FTD) are stage dependent and present with similar clinical 

manifestations in their advanced phases. To accurately identify contributing etiology, early 

elucidation of distinct patterns of clinical performance may be the best way to understand 

how impairment can fit into one of the several narrow, well-established courses of disease. 

Unfortunately, even a well-characterized dementia like AD can be mistaken for another 

etiology (Lippa et al., 2007; Karantzoulis & Galvin, 2012). The lack of a single in vivo 
biomarker that can distinguish AD from other dementia subtypes emphasizes the need for 

differential diagnosis based on neuropsychological test performance.

Alzheimer's disease (AD) is a progressive degenerative disease that most commonly affects 

the medial temporal, temporal, parietal, and frontal lobes, while sparing the primary motor 
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and sensory cortices and subcortical regions. Memory problems, including difficulty 

learning and recalling new information, are the most common clinical symptoms of the 

disease. Other prominent symptoms of AD include word finding difficulty, declines in 

semantic knowledge and language ability, as well as deficits in executive functioning, 

attention, and visuospatial processing (McKhann et al., 2011; Salmon & Bondi, 2009). 

Vascular dementia (VaD) is the second most prevalent form of dementia after AD (Jellinger, 

2007) and is caused by vascular disease of the brain, which is characterized by infarcts, 

lacunes, hippocampal sclerosis, and white matter lesions (Jellinger, 2008). In contrast to 

AD's primary effects on memory, patients with VaD often present clinically with deficits in 

processing speed, executive functioning, attention, and language (Staekenborg et al., 2008; 

Smitts et al., 2015) as well as depression and gait disturbance (Staekenborg et al., 2008). In 

stark contrast to the primary cognitive deficits of AD and VaD, behavioral variant 

frontotemporal dementia (bvFTD) is marked by a progressive deterioration of personality 

and social functioning (Elfgren et al., 1994; Hou, Carlin, & Miller, 2004; Perry & Hodges, 

2000). If memory impairment is found in bvFTD, it is typically related to a decline in the 

active strategies used for learning and retrieval, those related to executive functioning, as a 

result of frontal lobe atrophy (Perri et al., 2005). In addition to executive functioning and 

language deficits, bvFTD has an earlier age of onset than the other common dementia 

syndromes; the disorder presents with disinhibition, impaired judgment and stereotypy, 

higher levels of apathy, euphoria, emotional blunting, hyperorality, aberrant motor 

behaviors, and lower levels of empathy and personal hygiene (Barber, Snowden, & 

Craufurd, 1995; Elfgren et al., 1994; Liu et al., 2012; Mathias & Morphett, 2010). Finally, 

Dementia with Lewy Bodies (DLB) is differentiated from the other syndromes by its core 

criteria of fluctuating cognition, visual hallucinations, and extrapyramidal motor features. In 

fact, visual hallucinations occur more often in DLB (75%) than in any other 

neurodegenerative disease, and these continue to be a good indicator for clinical diagnosis 

(Karantzoulis & Galvin, 2011), in addition to measured declines and impairment in 

visuospatial processing and processing speed.

While each of the aforementioned neurodegenerative diseases can be characterized by a 

specific pattern of performance on neuropsychological tests, the diseases share 

neuropsychological features, may co-occur with one another, and/or present atypically. As a 

result, new developments and improvements in the measurement of disease type and burden 

are continually sought. In recent years, efforts to use existing measurement techniques in 

novel ways have been embraced.

δ as a Measure of Dementia Severity

A recent advancement in the field of early detection of dementia involves the development 

of the latent dementia phenotype, “δ”, by Royall and colleagues (Royall & Palmer, 2012; 

Royall, Palmer, & O'Bryant, 2012). This phenotype is an extension of Spearman's general 

intelligence factor “g,” which represented the shared variance across observed performance 

on cognitive and intelligence tests (Royall et al., 2012; Spearman, 1904). Likewise, δ is a 

shared variance approach to understanding cognition that is derived through multiple 

observed indicators of neuropsychological test performance. Because δ factor scores contain 

both cognitive and functional indicators of ability, the latent phenotype represents the shared 
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variance between cognitive and functional measures, capturing the most critical aspect of the 

clinical manifestation of dementia – functional decline. Given its ability to account for 

functional declines as well as cognitive performance, δ is thought to underlie one's ability to 

perform activities of daily living (ADL) and is therefore strongly associated with dementia 

severity (Gavett et al., 2015; Royall et al., 2007; Royall et al., 2012). Through the use of this 

latent construct, Royall and colleagues conceptualize the development of dementia as the 

simultaneous occurrence of cognitive and functional changes (Royall & Palmer, 2012; 

Royall et al., 2012). δ has consistently shown the ability to distinguish between those with 

and without clinically diagnosed dementia, and it has been validated in various samples 

(e.g., healthy controls, mixed clinical and healthy samples, ethnically diverse older adults, 

and samples with individuals suffering from multiple etiologies and differing levels of 

disease severity) and with a variety of assessment methods (Gavett et al., 2015; Gurnani, 

John, & Gavett, 2015; Royall & Palmer, 2012; Royall et al., 2012; Royall & Palmer, 2013). 

Thus, cross-sectional analyses provide consistent evidence that δ is an effective and efficient 

method for measuring dementia severity, regardless of the sample characteristics and 

specific neurocognitive tests used in its calculation.

Longitudinally, δ has been validated as a tool for predicting dementia severity. Utilizing the 

National Alzheimer's Coordinating Center Uniform Data Set (NACC UDS), Gavett and 

colleagues (2015) showed that individuals’ latent dementia status changed in conjunction 

with changes in their Clinical Dementia Rating (CDR) Sum of Boxes (SOB) score over six 

annual visits, indicating that dementia-related neuropathological changes drive dementia-

related clinical changes. δ was also strongly associated with 3-4 year changes on cognitive 

variables, further supporting its utility in longitudinal assessment (Royall & Palmer, 2012; 

Palmer & Royall, 2016). Given the accumulation of evidence supporting δ's validity, there is 

growing interest in the examination of the δ construct for other clinical purposes, such as the 

more finely tuned estimate of disease course and severity as would be necessary for 

differentiating among the common dementia subtypes. Though δ has been shown to 

distinguish between AD, MCI, and healthy adults, its utility in distinguishing between 

different causes of dementia has not yet been explored. δ provides an estimate of disease 

severity by measuring the concomitant changes in cognitive and functional ability; however, 

the clinical diagnosis of a dementia also accounts for the contribution of several other risk 

factors and predictors of disease.

Other Predictors of Cognitive Decline

The presence of several different risk and protective factors is considered prior to the clinical 

diagnosis of a neurodegenerative disorder, given the known effects of these factors on 

disease development. An evaluation of the factors that mediate disease severity and 

differentially contribute to specific dementia subtypes can help with diagnosis and 

characterization when multiple disorders are considered plausible. These factors include age, 

apolipoprotein E (APOE) status, race/ethnicity, and years of education.

The age of onset of different dementia subtypes may vary by etiology, with bvFTD and 

familial AD occurring at earlier ages, as young as the 20s-50s, and sporadic AD, VaD, and 

DLB typically occurring more frequently in later life within the 70s and later (Rossor, Fox, 
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Mummery, Schott, & Warren, 2010). Increasing age is the most pronounced risk factor for 

the development of sporadic AD, but it may also implicate VaD and DLB. Older age is 

associated with changes in AD pathology, including increased levels of cerebrospinal fluid 

biomarkers of AD (Paternicò et al., 2012), as well as with total brain volume loss and the 

presence of cardiovascular disease pathology (Erten-Lyons et al., 2013; Toledo et al., 2013).

Polymorphism of the APOE gene can give rise to three different isoforms labeled APOE ε2, 

APOE ε3, and APOE ε4. The presence of APOE ε4 confers genetic risk for AD; however, 

there is evidence that APOE ε4 interacts with age and each dementia subtype through the 

activation of different neurobiological pathways (Hauser & Ryan, 2013; Lei, Boyle, 

Leurgans, Schneider, & Bennett, 2012). Ethnoracial differences in risk factors and social 

conditions may help to explain the prevalence of specific types of dementia (Mayeda et al., 

2013), particularly VaD (Howard et al., 2011). For example, ethnoracial differences in risk 

factors for other medical conditions (Edwards, Hall, Williams, Johnson, & O'Bryant, 2015; 

Johnson, et al., 2015) as well as differences in socioeconomic status and lifestyle choices 

may help to explain the apparent ethnoracial differences in disease development (Howard, 

2013). Of those culturally determined risk factors, educational attainment, as measured 

through the number of years of formal schooling, is negatively correlated with dementia risk 

(Brayne et al., 2010; Xu et al., 2015) and appears to confer a protective advantage against 

the development of disease (Sharp & Gatz, 2011). As such, educational attainment provides 

a buffer that may delay the symptomatic presentation of changes to pathology (Jefferson et 

al., 2011; also see Reed et al., 2011).

The Present Study

Given the influence of risk and protective factors in the clinical diagnosis of dementia, 

clinical decision making typically involves the consolidation of evidence from patient 

demographics and medical history as well as neuropsychological test performance. Each 

piece of evidence in the decision is subjectively weighted according to a myriad of factors; 

however, clinical decision making is often flawed and difficult to quantify (Dawes, Faust, & 

Meehl, 1989). There is a need for improved measurement in differential diagnosis of 

dementia and for objective evidence to guide diagnostic outcomes. The present study will 

examine the differential diagnosis of the four most common dementia subtypes (AD, VaD, 

DLB, and FTD), while controlling for the influence of relevant demographic and risk 

variables, to measure the efficacy of two different approaches to disease characterization that 

utilize the same set of neuropsychological test variables: 1) δ, which extracts shared variance 

only, and 2) linear combinations, which emphasize unique variance. Logistic regression 

analyses will compare these two methods within pairs of diagnostic samples that have been 

matched to one another on demographic variables and risk and protective factors (i.e., those 

mentioned above, including sex, race, ethnicity, handedness, education, age, and number of 

APOE ε4 alleles). Matched diagnostic samples will be attained through use of a genetic 

matching algorithm (described below) that will remove the confounding effects of these 

variables to more closely mimic an experimental design. This process will ensure that 

comparisons between δ and its indicators are unaffected by these covariates (the “purest” 

possible way to compare the two approaches). Previous research has suggested that genetic 
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matching algorithms are able to assist with the identification of causal relationships using 

observational data (Sekhon, 2011; Park et al., 2015).

The Uniform Data Set (UDS), maintained by the National Alzheimer's Coordinating Center 

(NACC), contains assessment data that examines both the cognitive and functional changes 

that occur within neurodegenerative disease processes (Morris et al., 2006; Weintraub et al., 

2009). The UDS provides annual assessments that measure multiple cognitive domains and 

which are used for consensus diagnostic decisions (Weintruab et al., 2009). Clinical 

diagnoses of patients are made during a blind review of relevant patient characteristics, 

including medical history, demographic variables, and risk factors, the history and course of 

symptoms as obtained through a clinical interview with the patient and/or caregiver, and 

neuropsychological test performance. A multidisciplinary team of professionals – or, at 

some centers, a single clinician – comes to agreement about the clinical diagnosis of each 

patient based on all of the available evidence. While definitive diagnoses for any of the 

dementia syndromes cannot be obtained without autopsy confirmation, the assignment of 

clinical diagnoses through the consensus conference helps to reduce the possibility of 

misdiagnosis and is therefore used internationally by experts in aging, neurology, and 

neuropsychology (Ngo & Holroyd-Leduc, 2014).

The present study will utilize the NACC UDS sample to evaluate our hypothesis that a 

unique variance approach to differential diagnosis will be superior to a shared variance 

approach. We hypothesize that the pattern of test performance, rather than the overall 

measure of disease severity, will provide the most useful information in differentiating 

between two dementia subtypes and we believe that in showing this, we will provide 

evidence for the limitation of shared variance approaches to disease characterization. In 

addition, evaluation of odds ratios from the logistic regression analyses will provide useful 

information for both test selection and interpretation by providing some of the first 

quantifiable measures of clinical diagnostic judgment.

Method

We obtained archival data for this study through a request to NACC. The NACC database 

contains data from 34 past and present Alzheimer's Disease Centers (ADCs). Patient 

evaluations from initial (baseline) visits only were used in the current analyses. These visits 

were completed between January 2005 and February 2015. Patient cognitive and 

demographic variables, as well as diagnostic status, were used to identify the sample for 

analysis (see Participants and Materials).

Participants

The total sample size of all initial participant visits was 13,884; we excluded participants 

who were not tested in English (n = 1,025) and another 170 participants under the age of 50, 

leaving 12,708 baseline visits for possible analysis (19 participants met more than one of 

these exclusion criteria). We initially included all participants who had received a clinical 

diagnosis of one of the four common dementia syndromes (AD, VaD, FTD, and DLB) at 

their baseline visit and who possessed complete data on all demographic variables necessary 

for the analyses (specified below). These baseline diagnostic labels were assigned to 
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participants through consensus conferences or individual clinician diagnosis at each NACC 

visit that followed the full intake and baseline neuropsychological assessment.

Materials and Measures

Demographic variables for each participant were used in the analyses to identify matched 

samples within diagnostic pairings (see Data Analysis below). Participants were matched to 

one another according to age, sex, race, ethnicity, education, handedness, and number of 

APOE ε4 alleles. Performance variables from the following neuropsychological measures 

were used as predictors within the logistic regression models. In one set of models, the raw 

data values served as direct predictors of diagnosis, and in the other set of models, the raw 

data values were used to derive δ factor scores that served as the predictor of diagnosis. All 

neuropsychological test variables are part of the annual assessment performed on NACC 

participants.

Mini-Mental State Examination—The Mini-Mental State Examination (MMSE; 

Folstein, Folstein, & McHugh, 1975) is a 30-point global screening measure used in the 

assessment of neurodegenerative disease. It is one of the most commonly administered 

global screening measures and provides a score indicative of dementia severity.

Semantic fluency—Two separate trials of semantic or category fluency are included in 

the NACC battery (animals and vegetables). These trials require participants to verbally 

generate words belonging to a specific semantic category within a timed interval. Semantic 

fluency is considered to be a measure of language ability.

Boston Naming Test—The Boston Naming Test (BNT 30-item version; Kaplan, Good-

glass, & Weintraub, 1983; Jefferson et al., 2007) is a test of visual confrontation naming. 

This particular version, which uses the odd items from the 60-item BNT, measures naming 

ability, and serves as a test of language.

Logical Memory, Immediate and Delayed—The Logical Memory subtest is a multi-

component instrument that provides both immediate and delayed measures of contextual 

memory (LM-I and LM-D, respectively; Wechsler, 1987). A short story is presented to 

participants and they are asked to freely recall the information presented to them, 

immediately after hearing it and following a 20-30 minute delay.

Digit Span Forward and Backward—The Digit Span test is thought to measure 

auditory attention and working memory (Wechsler, 1981). Participants are read a series of 

digits that progressively increase in span length and must repeat the digit sequence in either 

forward (DS-F) or reverse (DS-B) order.

Digit Symbol Coding—Digit Symbol coding (Wechsler, 1981) requires participants to fill 

in empty boxes with symbols below the numbers 1 through 9, based on a matching key. The 

number of correctly drawn matches completed in 90 s is used to measure visuomotor and 

graphomotor speed.
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Trail Making Test Parts A and B (TMT-A and TMT-B; Reitan & Wolfson, 1993)—
The Trail Making Test is another popular and frequently administered test of executive 

functioning ability that involves rapid graphomotor sequencing of numbers (Part A) and then 

an alternating pattern of numbers and letters (Part B) visually presented to the participant. 

TMT-A provides a measure of visual attention and processing speed, whereas TMT-B 

measures those abilities plus cognitive flexibility and maintenance of mental set.

Functional Activities Questionnaire—The Functional Activities Questionnaire (FAQ; 

Pfeffer, Kurosaki, Harrah, Chance, & Filos, 1982) is an informant-report measure of a 

participant's ability to be perform instrumental activities of daily living (IADLs). The FAQ is 

commonly used in dementia evaluations because of its reliability, validity, sensitivity, and 

specificity (Juva et al., 1997; Olazarán, Mouronte, & Bermejo, 2005; Teng, Becker, Woo, 

Cummings, & Lu, 2010).

Procedure

To compare the efficacy of shared versus unique variance approaches to differential 

diagnosis of dementia, participant variables regarding demographic factors, clinical 

diagnosis, and neuropsychological test performance were taken from the NACC dataset and 

utilized within competing logistic regression models. Clinical diagnostic groups were paired 

to one another through a genetic matching procedure (see below) to create dyad samples. 

For each diagnostic dyad, two separate logistic regression models predicting clinical 

diagnosis were performed, with each of the two models utilizing a different approach: δ 
factor scores were derived from the 12 neuropsychological test variables and served as the 

single predictor within logistic regression models that utilized a shared variance approach to 

differential diagnosis, and raw score values of the same 12 neuropsychological test variables 

served as the predictors within logistic regression models that utilized a unique variance 

approach to differential diagnosis. For the TMT-A, TMT-B, and FAQ tests, we recoded the 

variables to match the direction of all other variables (higher scores being indicative of better 

performance). All three scores were recoded by subtracting the observed score from the 

maximum score (150 for TMT-A, 300 for TMT-B, and 30 for FAQ).

Data Analysis

All analyses, with the exception of the latent variable modeling used to estimate δ factor 

scores, were performed in R version 3.0.2 (R Core Team, 2013). To estimate δ factor scores, 

Mplus version 6.11 (Muthen & Muthen, 1998-2010) was used for latent variable modeling 

using a robust maximum likelihood estimator; missing data were handled using full 

information maximum likelihood (FIML). We fixed the variance of the latent variables to 1.0 

to scale the resulting factor scores as z-scores (M = 0.0, SD = 1.0). The model for δ utilizing 

NACC neuropsychological test variables was identified in a previous publication (Gavett et 

al., 2015). All previously identified factor loadings from that publication were fixed in this 

sample. We therefore did not estimate a new model for δ, but derived new δ factor scores for 

this sample of participants according to our previous results. The factor score determinacy 

for δ was estimated in MPlus to verify the strength of the factor scores' ability to represent 

the “true” latent trait of cognitive and functional disease severity.
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Genetic Matching—Matching procedures identified our diagnostic dyads through both 

propensity scores as well as a genetic search algorithm (GenMatch; Sekhon & Mebane, 

1998), according to the software description and procedures provided by Sekhon (2011). 

Genetic matching, so named for its use of an evolutionary search algorithm, is a statistical 

method that improves upon the more commonly used propensity score matching by 

performing an iterative search for imbalance among the covariates between groups (Sekhon, 

2011). Matching techniques, broadly, are a popular and common method for achieving 

causal inference for observational data, when random assignment of patients to conditions 

cannot be performed. The genetic search algorithm utilized in genetic matching removes the 

limitations of propensity score matching by using the propensity score as a covariate in the 

match and imposing additional properties to reduce bias in the sample (Diamond & Sekhon, 

2005; Sekhon & Grieve, 2011). The search algorithm looks for balance at each iteration and 

replicates the manual procedures proposed by Rosenbaum and Rubin (1984) for maximizing 

the balance of covariates between the two groups. A detailed description of the algorithm 

along with evidence of its superiority for achieving balanced matched samples can be found 

in the work of Diamond and Sekhon (2005; 2013).

For each matched pair of diagnoses, we began with the full sample of qualifying NACC 

participants (described above in Participants) who possessed a probable baseline visit 

diagnosis of the particular dementia subtypes in question (e.g., probable AD and probable 

DLB). As mentioned previously, participants from that full sample were excluded for having 

missing values on any of the covariates for which the samples were matched: sex, race, 

ethnicity, handedness, education, age, and number of e4 alleles. These covariates were 

selected for the matching procedure to control for their influence in diagnostic decision 

making, given that each of these typically contributes differentially to the likelihood of a 

particular etiology. A logistic regression model, regressing diagnostic outcome (e.g., AD vs. 

DLB status) onto the covariates was performed. In each case, the less commonly observed 

dementia was always the target (e.g., DLB). The predicted probability of DLB was thus 

derived from the logistic regression. This probability is the “propensity score,” which was 

subsequently used for genetic matching, along with the individual covariates themselves, 

described above. Genetic matching without replacement was used to balance out all of the 

covariates between the two groups. This process is “used to automatically find balance by 

the use of a genetic search algorithm which determines the optimal weight to give each 

covariate” (Sekhon, 2011, p. 8). Bootstrapping with 2000 replicates was used to facilitate a 

statistical test of how well balanced the groups were. Table 1 displays the characteristics of 

each matched dyad used in the final analyses.

Multiple Imputation—Following the creation of matched dyad samples, multiple 

imputation was used to impute missing data for the 12 neuropsychological test variables 

listed above. This procedure took into account the factor scores for δ and g′, as well as 

relevant demographic variables (age, race, ethnicity, education, and sex), and variables from 

the NACC dataset relevant to severity and presentation [Clinical Dementia Rating Sum of 

Boxes (CDR-SOB), Hachinski Ischemic Score, and the Uniform Parkinson's Disease Rating 

Scale]. A total of five imputed data sets were created using the Hmisc package in R, through 
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the use of additive regression, bootstrapping, and predictive mean matching (Harrell et al., 

2015).

Logistic Regression—Two competing logistic regression models were analyzed for each 

diagnostic dyad, each using the same set of NACC neuropsychological test variables in one 

of two sets of regression predictors. Logistic regression was performed using the R package 

rms. (Harrell, 2015). The first logistic regression for each dyad utilized a shared variance 

approach as the only predictor of dementia diagnosis, the latent factor δ. The second logistic 

regression for each dyad utilized a unique variance approach through the use of raw test 

scores of all 12 of the neuropsychological tests as predictors of dementia diagnosis. As with 

the genetic matching procedure, within each dyad, the less commonly observed dementia 

was always the target in the regression. Regression analyses provided unstandardized 

parameter estimates, odds ratios, and model fit statistics [e.g., Akaike Information Criterion 

(AIC)], and classification accuracy data [e.g., area under the receiver operating 

characteristics (ROC) curve (AUC)]. An ROC curve with bootstrapped (B = 2000) 95% 

confidence intervals was plotted as a way of visually comparing the classification accuracy 

of the unique and shared variance approaches (Robin et al., 2011).

Results

Participant Characteristics

The demographics of the matched diagnostic dyad samples are provided in Table 1. The 

genetic matching procedure produced demographically similar pairs of samples across the 

seven demographic variables, with unique participants making up each diagnostic dyad, 

according to individual participant characteristics. The dyad samples with significantly 

different values on matched variables are indicated within the table. The overall NACC FTD 

sample proved to be the most difficult dementia subtype to match; the matching procedure 

did not produce corresponding samples of AD, DLB, and VaD participants that were similar 

across all variables. The FTD sample that matched to AD was statistically different on mean 

Global CDR score (FTD MCDR = 1.31, AD MCDR = 1.08). The FTD sample matched to 

both DLB (FTD Mage = 74.04, DLB Mage = 68.34) and VaD (FTD Mage = 76.36, VaD Mage 

= 79.39) was statistically different on mean age. Mean values for each of the predictors 

included within the logistic regression models are provided in Table 2, organized by matched 

dyads.

Logistic Regression Analyses and Model Fit

Two separate logistic regression models predicting clinical diagnosis of matched diagnostic 

dyad samples were performed on each dyad, with each of the two models utilizing a 

different approach (shared variance vs. unique variance) represented by the use of different 

predictors taken from the same NACC data (derived δ factor scores vs. the raw score values 

of 12 neuropsychological test variables). The logistic regression models, through evaluation 

of model fit statistics, indicated that the 12 neuropsychological test variables were superior 

predictors to δ at accurately identifying the clinical diagnosis within each matched dyad. 

Model fit was evaluated using four indicators, AUC, AIC, Bayesian Information Criterion 

(BIC), and R2. Table 3 displays the model fit statistics and R2 values for both logistic 
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regression models for each dyad. In each logistic regression model, at least three of the four 

indicators of model fit demonstrated the superiority of neuropsychological predictors for the 

differential diagnosis of dementia. Figure 1 displays the AUC graphs for each dyad, directly 

comparing neuropsychological tests to δ factor scores and providing sensitivity and 

specificity cut-offs for each point along the curve. The factor score determinacy for δ was 

0.93, 95% CI [0.904, 0.940]. The full unstandardized parameter estimates and standard 

errors of measurement for the logistic regression models can be seen in Table 4 for the 

models utilizing neuropsychological test scores and Table 5 for the models utilizing δ.

Odds Ratios

Given the superiority of neuropsychological test variables over δ factor scores in the 

differential diagnosis process, further evaluation of odds ratios from each logistic regression 

using neuropsychological test predictors by dyad can help to elucidate the benefits of 

specific tests for differentiating between different dementia subtypes. Table 6 presents the 

odds ratios and the 95% confidence intervals for the logistic regression models using the raw 

neuropsychological test scores as predictors. For comparison, Table 7 presents the same 

information using the δ factor scores as predictors.

Discussion

The current investigation sought to compare the efficacy of two different methods of 

dementia characterization on their ability to accurately differentiate between common 

dementia syndrome diagnoses (AD, VaD, DLB, FTD), when all other contributing factors 

were controlled. Utilizing the same set of NACC neuropsychological test variables, we 

compared a shared variance approach to characterization, the δ latent phenotype, to a unique 

variance approach to characterization, the raw scores from 12 neuropsychological tests of 

functioning. Results revealed the relative contribution of each test variable as well as their 

composite determination (i.e., δ, level of severity), which was previously unknown and 

understudied. Utilizing matched dyad samples within a logistic regression model of two 

dementia syndrome diagnoses eliminated the influence of risk factors and demographic 

variables, allowing for a true comparison between neuropsychological test variables and 

another method of dementia characterization, the latent factor δ. The results of this study 

suggest that δ and the neuropsychological variables of which it is composed possess 

different levels of accuracy in their ability to differentiate between two comparably similar 

dementia syndrome presentations. Although δ comprises all of the neuropsychological test 

variables, the patterns of performance across tests, rather than the level of severity 

characterized through δ, is better at classification. As previous studies have suggested, δ is 

most suitable as a measure of dementia severity, given its ability to account for both 

cognitive as well as functional changes (Gavett et al., 2015; Royall et al., 2007; Royall et al., 

2012). Examining the unique patterns of neuropsychological test performance across a 

battery of tests is a superior method of differentiating between competing diagnoses, and it 

accounts for 16-30% of the variance in diagnostic decision making.

The current investigation supports the use of comprehensive neuropsychological test 

batteries for the accurate diagnosis of dementia syndrome subtypes because of the unique 
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variance available for interpretation across tests. The current study also highlights the 

limitations of shared variance methods of disease characterization, like the latent dementia 

phenotype δ or its less psychometrically advanced correlates of severity [e.g., CDR-SB, 

MMSE, Montreal Cognitive Assessment (MoCA), etc.]. These results also quantify the 

benefits of interpreting the unique variance of specific tests in certain diagnostic decisions. 

For example, evaluation of the odds ratios from the logistic regression models suggests that 

DLB is most clearly differentiated from AD by better performance on Logical Memory 

Delay (OR = 2.48), Logical Memory Immediate (OR = 2.03), and the MMSE (OR = 2.01). 

These results are not surprising, given the primary deficit in episodic memory that 

accompanies AD; however, our results can quantify the contribution of the tests within each 

comparison, providing a level of confidence for test pattern interpretation not previously 

established. In fact, across comparisons, AD is differentiated from other diagnoses by a 

worse MMSE score, which highlights the sensitivity of that measure to a particular dementia 

subtype and suggests the use of other screening tools [e.g., MoCA, St. Louis University 

Mental Status Examination (SLUMS)] when alternate subtypes are suspected. In other 

words, our results can be used to guide both test selection as well as test interpretation. 

Across all comparisons, VaD is characterized by worse performance on timed measures, as it 

is differentiated from AD by worse performance on Trails A, differentiated from DLB by 

worse performance on Animal fluency, and differentiated from FTD by worse performance 

on Digit Symbol Coding. In this example, our results provide a clinical correlation to 

suspected pathology, given the often slowed processing speed that is observed in VaD as 

compared to other subtypes. Certain tests, across all comparisons, failed to differentiate 

between competing diagnoses. Digit Span–Forward, for example, did not provide a 

significant benefit to any of the differential diagnoses conducted in our analyses. An absence 

of significant findings for a particular test suggests that a specific battery of cognitive tests 

might better aid certain diagnostic decisions, and that those considerations should be made 

in advance. Common neuropsychological practice would suggest the administration of both 

Digit Span-Forward and Backward (e.g., Rabin, Barr, & Burton, 2005; Rabin, Paolillo, & 

Barr, 2016); however, a consideration of our results in the design of a cognitive battery can 

maximize the information attained from cognitive evaluations while also decreasing their 

burden.

Implications, Strengths, and Limitations of the Study

There is accumulating evidence that the latent variable δ provides an accurate, and at times 

superior, characterization of disease severity when compared to a battery of 

neuropsychological tests (Koppara et al, 2016); however, this study demonstrates a 

limitation to the use of δ, differential diagnosis within the most common subtypes of 

dementia: AD, VaD, FTD, and DLB. It is important to note that δ typically possesses better 

than chance levels of accuracy in differentiating between two dementia subtypes, but the 

variables with which it is composed (i.e., those taken from neuropsychological tests) provide 

better accuracy for differential diagnosis and do so at substantially higher rates. This result is 

not surprising. As a latent factor score, δ accounts for the shared variance among test scores, 

providing an estimate of what is common across measures (typically, the presence of 

impairment). By its very nature, it cannot represent the unique patterns of performance that 

are often used clinically to characterize a patient's cognitive profile and subsequently 
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implicate a particular diagnosis. Because the different dementia subtypes typically present 

with patterns of impairment on specific tests or within specific domains of functioning, the 

preservation of test score patterns is necessary for identifying and characterizing the 

subtype. In other words, our head to head comparison roughly modeled two different 

approaches to diagnosis – use of a novel dementia characterization factor versus use of 

pattern analysis/unique contribution, a method akin to clinical decision making. While it 

may not be particularly surprising that δ is limited in its ability to differentiate among 

subtypes of dementia, this study has provided the first evidence of δ's limitations, 

reinforcing its use in the measurement of severity and characterization of disease status (i.e., 

healthy vs. MCI vs. dementia), but documenting the boundaries of its extension into other 

areas of study.

Another unique aspect of this study is its use of statistically matched samples of clinical 

populations. The use of genetic algorithms and propensity score matching represents a novel 

approach to the investigation of neuropsychological predictors of disease, allowing us to 

isolate the predictive power of each of the neuropsychological tests, for multiple diagnoses, 

without the influence of demographic or other risk variables that are known to affect 

neuropsychological test performance (e.g., Gurnani, John, & Gavett, 2015). Use of the 

genetic matching algorithm allowed us to approximate the conditions of random assignment 

by using existing data. We were able to control for a large number of variables, mimicking 

the conditions necessary for the experimental investigation of δ's and the neuropsychological 

tests’ ability to differentiate between types of dementia. To our knowledge, genetic 

algorithms and propensity score matching have not previously been used in a study of 

neuropsychological predictors, and it has therefore not previously been possible to estimate 

the percentage of variance independently accounted for by neuropsychological test variables 

in diagnostic decision making. After accounting for a host of other variables that are 

important for differential diagnosis (e.g., age, APOE genotype), we found that a 

combination of 12 neuropsychological test scores was able to explain 16-30% of the 

variability in diagnostic outcomes. Presumably this number could be improved with a more 

comprehensive battery, as is typical of most outpatient neuropsychological assessments. 

McKhann et al. (2011) recommend “neuropsychological testing should be performed when 

the routine history and bedside mental status examination cannot provide a confident 

diagnosis.” Our study supports the conclusion that each variable of evidence obtained 

through testing and interviewing accounts for only a circumscribed amount of the overall 

variance in clinician decision making. While it is important to continue investigating novel 

approaches to diagnosis, the role of the clinical neuropsychologist and the comprehensive 

neuropsychological evaluation should not be overlooked. Traditional methods of clinical 

characterization continue to show efficacy and accuracy in determining diagnosis.

Given this study's attempt to quantify contributions to diagnostic decision making, it would 

have been ideal to use a sample of participants with pathologically verified diagnoses. 

Unfortunately, the sample size of pathologically confirmed NACC participants of each 

diagnostic subtype is limited and was therefore insufficient for our planned analyses. 

Instead, we relied upon clinical diagnostic labels, and this is a potential limitation to our 

study. In the absence of autopsy-confirmation of diagnoses, it is possible that the samples 

utilized in the present study contain patients who were clinically misdiagnosed. Very little 
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available research has been done to explore the accuracy of clinical diagnoses within the 

NACC sample specifically; however, where available, the literature suggests that clinical 

diagnoses of AD are more accurate than the other etiological categories and that all clinical 

diagnoses are at least moderately associated with final pathological diagnoses (Beach, 

Monsell, Phillips, & Kukull, 2012; Nelson et al., 2010). Of note, when other dementia 

syndromes and neurodegenerative disorders are clinically misdiagnosed as cases of AD, 

39% of those misdiagnosed cases possess or exceed the minimum AD histopathological 

threshold used for diagnosis, suggesting simultaneous pathology (Beach et al., 2012). 

Outside of the NACC, there is evidence that the criteria for bvFTD have a sensitivity of 95% 

and specificity of 82% when differentiating it from AD (Harris et al., 2013). Taken together, 

these limited studies suggest that clinical diagnoses may at times be inaccurate and that steps 

should be taken to ensure longitudinal follow-up of diagnosed cases as well as the use of 

consensus criteria and judgment. These steps are taken for the NACC sample. Just as our 

study is limited by the absence of an autopsy confirmed sample, so to is the research 

literature on accuracy of clinical diagnoses. Future studies should aim to create a bank of 

autopsy and pathologically confirmed patients, and when possible, research on the different 

dementia syndromes should strive to use pathologically confirmed diagnoses.

Clinical diagnoses are assigned to each participant through a consensus team decision in 

which the neuropsychological data are used as evidence. Given that our predictors of 

diagnosis were already considered within the assignment of diagnosis in the first place, our 

analyses are at risk for criterion contamination. However, consensus diagnosis teams were 

not using the same data that we used in our analyses. Consensus teams did not have access 

to the logistic regression weights used here, nor did they have access to patients’ δ scores, 

which can mitigate the contamination to some degree. And because δ is derived exclusively 

from the individual test scores, both methods are affected equally, which does not diminish 

the relative advantage of individual test scores over δ for differential diagnosis. Estimated 

latent factor scores are not “pure” measures of shared variance due to factor indeterminacy; 

however, our estimation of δ had a high determinacy value (0.93) and therefore represents a 

valid estimate of the true latent trait. To further support the accuracy and validity of 

estimated δ factor scores, future research should replicate our analysis procedures in 

independent, community-based samples.

It is also important to distinguish the decision making of the consensus team from the 

“decision making” conducted through our analyses. Our logistic regressions were set up to 

explicitly distinguish between two matched samples of different dementia subtypes (e.g., 

AD vs. DLB) without any consideration of demographic or genetic data. This process 

allowed us to quantify specific contributions of the decision making process, but it does not 

mimic the process through which consensus diagnosis is determined. The nature of our 

hypotheses that directed our approach ultimately provided us with several new findings 

specific to the benefits of neuropsychological tests for differential diagnosis (in the absence 

of the other typically considered factors). Another potential limitation within our study was 

the small number of VaD cases available, which kept our sample sizes small for each of the 

VaD dyads and their associated comparisons. As a result of the small sample size, these 

analyses were not well powered to differentiate the accuracy of δ versus the 
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neuropsychological tests or to provide evidence for the specific cognitive variables best 

suited for differentiating groups.

Given that our initial population consisted of mostly AD patients, our dyad samples may 

have included matched participants from differing diagnostic categories that more closely 

approximated one another than would be expected in a clinical setting. In other words, our 

matching procedure may have created dyad samples of participants that represented slightly 

atypical versions of their diagnostic categories (given the required similarity to the other 

diagnostic group to which they were matched). This may have created a somewhat artificial, 

but increasingly difficult diagnostic scenario in which prototypical presentations were not 

available. As a result of the matching procedure used, our dyad samples represented a 

unique group of participants for whom accurate differential diagnosis would be particularly 

difficult to achieve, and therefore, particularly important to investigate. Our dyads 

maximized the diagnostic ambiguity possible when subtypes present atypically and thus, our 

results indicate the strength of particular tests at differentiating between diagnostic groups. 

From this perspective, our study provided strong evidence for the use of neuropsychological 

tests for differential diagnosis between clinically similar presentations of different dementia 

subtypes. This may offer insight into clinical practice and real world conditions. 

Presentations of dementia can vary widely and many different etiologies can result in a 

similar presentation, especially during advanced stages of disease. Individual patients may 

present atypically or with limited information about the disease course and history. For these 

cases, our study offers evidence of the diagnostic power of particular neuropsychological 

tests for determining diagnosis. In situations in which differential diagnosis is not obvious 

(i.e., two different dementias look similar), a tool or set of likelihoods for detecting this 

difference is beneficial, strengthening the applicability of our research to the real world.

Overall, the data suggest that the critical component of clinical neuropsychological practice, 

the interpretation of test results within a battery of findings, is crucial for accurate 

differential diagnosis. Understanding the unique differences among dementia subtypes 

requires a method of interpretation that goes beyond shared variance approaches to 

characterization, highlighting brain-behavior relationships and the use of clinically 

correlated findings. While δ has been shown to effectively identify the presence of dementia 

and its stage, this study quantifies what is often a messy and difficult to determine clinical 

diagnostic judgment. Traditional assessment methods are important and necessary for 

differentiating between subtypes of dementia, and more importantly, should be scrutinized 

according to their unique contribution and utilized according to objective, quantifiable 

evidence. Through the use of genetic matching and the creation of similar diagnostic dyads, 

this study provides evidence of the unique contribution of neuropsychological tests in the 

diagnostic decision making process and provides further support for the use of specific tests 

according to suspected differentials.
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Figure 1. 
Graphs show area under the receiver operating characteristics (ROC) curve (AUC) for each 

dementia disorder dyad, comparing the neuropsychological tests to factor scores. 

Classification accuracy of the two methods can be evaluated by examining the sensitivity 

and specificity cut-offs for each point along the curve. For every dyad, neuropsychological 

tests were the more accurate predictor of diagnosis.
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Table 3

Model fit statistics for differential diagnosis of dementia using neuropsychological tests and δ factor scores.

AUC AIC BIC R 2

Comparison NP δ NP δ NP δ NP δ 

AD vs. DLB .774 .506 779.42 924.08 837.90 933.07 .303 .001

AD vs. FTD .770 .526 1124.84 1331.91 1188.08 1341.64 .284 .000

AD vs. VAD .782 .579 195.53 211.42 234.84 217.46 .302 .029

FTD vs. DLB .766 .526 787.68 924.14 846.16 933.14 .280 .001

DLB vs. VAD .710 .497 213.51 214.56 252.82 220.61 .160 .001

FTD vs. VAD .719 .510 211.27 214.65 250.58 220.70 .199 .001

Note. AUC = Area under the curve; AIC = Akaike Information Criterion; BIC = Bayesian Information Criterion; NP = neuropsychological tests; 
AD = Alzheimer's disease; DLB = dementia with Lewy Bodies; FTD = Frontotemporal dementia; VAD = Vascular dementia.
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Table 5

Unstandardized parameter estimates and standard errors for the six logistic regression models using δ scores 

as predictors

Comparison Intercept δ 

DLB vs. AD

        b −0.069 −0.036

    SE 0.131 0.056

FTD vs. AD

        b 0.032 0.017

    SE 0.102 0.043

VAD vs. AD

        b 0.464 0.206

    SE 0.306 0.116

DLB vs. FTD

        b −0.057 −0.030

    SE 0.123 0.051

VAD vs. DLB

        b 0.091 0.043

    SE 0.283 0.111

VAD vs. FTD

        b −0.066 −0.033

    SE 0.301 0.126

Note. AD = Alzheimer's disease; DLB = dementia with Lewy Bodies; FTD = Frontotemporal dementia; VAD = Vascular dementia. Positive 
regression coefficients mean that the first diagnosis shown in the column labeled “Comparison” is associated with higher δ scores (less severe 
dementia), whereas negative regression coefficients mean that the first diagnosis shown in that column is associated with lower δ scores (more 
severe dementia).

* p < .05
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Table 7

Odds ratios and 95% confidence intervals for the six logistic regression models using δ scores as predictors

Comparison δ 

DLB vs. AD

    OR 0.933

    95% CI [0.76, 1.15]

FTD vs. AD

    OR 1.033

    95% CI [0.88, 1.21]

VAD vs. AD

    OR 1.481

    95% CI [0.96, 2.28]

DLB vs. FTD

    OR 0.944

    95% CI [0.78, 1.14]

VAD vs. DLB

    OR 1.086

    95% CI [0.72, 1.64]

VAD vs. FTD

    OR 0.94

    95% CI [0.59, 1.5]

Note. AD = Alzheimer's disease; DLB = dementia with Lewy Bodies; FTD = Frontotemporal dementia; VAD = Vascular dementia. Odds ratios 
greater than 1 mean that higher δ scores (less severe dementia) are associated with greater odds of the first diagnosis shown in the column labeled 
“Comparison,” whereas odds ratios less than 1 mean that higher δ scores (less severe dementia) are associated with lower odds of the first diagnosis 
shown in that column.
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