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Abstract 

Background The neuropathological confirmation serves as the gold standard for diagnosing Alzheimer’s disease 
(AD), but it is usually not available to the living individuals. In addition, the gold standard for diagnosing Mild Cogni-
tive Impairment (MCI) remains unclear yet. Neuropsychological testing, such as the Montreal Cognitive Assessment 
(MoCA), Mini-Mental State Examination (MMSE) and Alzheimer’s Disease Assessment Scale-Cognitive Subscale 
(ADAS-cog), is commonly used tests in identifying AD and MCI, offering convenience, affordability, non-invasiveness, 
and accessibility in clinical settings. We aimed to accurately evaluate the discriminative ability of the three tests 
administrated at the same visit simultaneously in detecting AD and MCI due to AD in the absence of a gold standard.

Methods A total of 1289 participants aged over 65 were included from the baseline visits of Alzheimer’s disease Neu-
roimaging Initiative. Bayesian latent class models, accounting for conditional dependence between MoCA and MMSE, 
were conducted to assess the diagnostic accuracy of the three tests for detecting AD and MCI.

Results In detecting AD, the ADAS-cog had the highest Youden’s Index (0.829), followed by the MoCA(0.813) 
and MMSE(0.796). The ADAS-cog and MoCA showed similar sensitivity (0.922 vs 0.912) and specificity (0.907 vs 
0.901), while the MMSE had lower sensitivity (0.874) and higher specificity (0.922). For MCI detection, the ADAS-cog 
had the highest Youden’s Index (0.704) compared to the MoCA (0.614) and MMSE (0.478). The ADAS-cog exhibited 
the highest sensitivity, closely followed by the MoCA and MMSE (0.869 vs 0.845 vs 0.757), and the ADAS-cog also had 
good specificity (0.835 vs 0.769 vs 0.721). The estimated true prevalence of AD among individuals aged over 65 
was 20.0%, and the estimated true prevalence of MCI due to AD was 24.8%.

Conclusions The findings suggest that the ADAS-cog and MoCA are reliable tools for detecting AD and MCI, 
while the MMSE may be less sensitive in detecting these conditions. A large underdiagnosis of the MCI and Alzhei-
mer’s population still remains in clinical screening.

†Xiaonan Wang and Fengjie Li contributed equally to this work.

*Correspondence:
Qi Gao
gaoqi@ccmu.edu.cn
Huiping Zhu
zhuhuiping@ccmu.edu.cn
Full list of author information is available at the end of the article

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s40001-023-01265-6&domain=pdf


Page 2 of 9Wang et al. European Journal of Medical Research          (2023) 28:427 

Keywords Alzheimer’s disease, Mild cognitive impairment, Bayesian latent class model, Neuropsychological tests, 
Sensitivity, Specificity

Background
Alzheimer’s disease (AD) is a progressive neurodegen-
erative disorder characterized by a gradual and irrevers-
ible decline in cognitive function, accounting for 60% 
to 80% of dementia [1, 2]. Mild cognitive impairment 
(MCI) is a clinical stage that falls between normal aging 
and dementia [3]. Approximately one-third of individuals 
with MCI progress to AD dementia within 5 years, while 
some may reverse to normal cognition [1]. AD dementia 
affects over 55 million individuals worldwide and about 
6.5 million Americans aged 65 and older [1, 4]. This leads 
to increased dependency and disability among the elderly 
population, contributing significantly to the global bur-
den of non-communicable diseases. The prevalence of 
AD in individuals aged over 65 is estimated to be around 
10.8%, with MCI due to AD ranging from 8 to 12.9% [1, 
5]. However, there remained a significant underdiagnosis 
or misdiagnosis of MCI and AD in clinical screening [1], 
indicating the need for early accurate detection methods 
of MCI and AD to ensure timely intervention and appro-
priate management strategies.

The framework of clinical–biological diagnosis for AD 
is based on a combination of specific clinical phenotypes 
and in  vivo biomarkers [6]. A purely biological defini-
tion is with a low predictive accuracy for AD and insuffi-
cient to definitively predict MCI [6], not readily available 
in clinical screening as well. Neuropsychological test-
ing remains crucial in detecting AD and MCI. It offers 
convenient, cost-effective and non-invasive screening 
tools in clinical settings, making it an essential cognitive 
assessment method compared to biomarkers detection 
or imaging exams [7–10]. Among these tools, the Mini-
Mental State Examination (MMSE), developed by Fol-
stein et  al. [11], is a widely used cognitive test and has 
traditionally been popular in clinical settings. The Mon-
treal Cognitive Assessment (MoCA), created by Nasred-
dine et al. [12], is gaining recognition as a comprehensive 
test that covers multiple cognitive domains. Compared to 
the MMSE, MoCA has shown a greater capacity to detect 
MCI among patients who complain of cognitive prob-
lems [12, 13]. While the MoCA includes additional sub-
tests focusing on attention and executive function, both 
tests assess focus on similar cognitive abilities related 
to memory, concentration, language, and orientation to 
time and place, which are essential for detecting AD and 
MCI [11, 12]. Additionally, it has been observed that the 
distributions of MoCA and MMSE scores are highly cor-
related, particularly in cases of dementia [14]. However, 

many validation studies have not taken into account the 
conditional dependence between MoCA and MMSE in 
the detection of AD and MCI. Another valuable instru-
ment for detecting cognitive dysfunction is the Alz-
heimer’s Disease Assessment Scale-Cognitive Subscale 
(ADAS-cog) originally developed by Rosen et  al. [15]. 
This tool is known for its reliability and validity in moni-
toring the progression of cognitive impairment along the 
continuum of AD dementia [10, 16].

Nevertheless, the gold standard for a definitive diag-
nosis of AD can only be established through the neuro-
pathological confirmation of amyloid-β plaques and tau 
neurofibrillary tangles [2]. Unfortunately, obtaining a 
pathological biopsy for diagnosis is neither practical nor 
ethical at the patient’s life stage. Furthermore, the clini-
cal application of biomarkers in the diagnosis of MCI 
and AD is not yet fully developed [6]. The accuracy of the 
neuropsychological tests is typically evaluated by com-
paring them to imperfect reference standards, of which 
sensitivity and specificity are inferior to 100% [17–19]. 
In the absence of a neuropathological gold standard, it 
is possible to overestimate or underestimate the true 
sensitivity and specificity of tests [20]. To address this 
challenge, Dendukuri et  al. [21] and Jones et  al. [22] 
introduced the Bayesian latent class model (BLCM). This 
approach allows the estimation of the true disease preva-
lence and test properties while accounting for conditional 
dependence among tests in the absence of a gold refer-
ence standard.

To our knowledge, the use of BLCM for evaluating the 
test accuracy in detecting AD and MCI has not been pre-
viously explored in research studies. By considering the 
conditional dependence between MoCA and MMSE and 
correcting the imperfect gold standard bias, the results 
will offer valuable tests for detecting AD and MCI in 
clinical screening. Therefore, the objective of this study 
was to evaluate the performance of MoCA, MMSE, and 
ADAS-cog in distinguishing between (i) AD from MCI 
and cognitively normal control subjects (CN), and (ii) 
MCI patients from CN. The findings of this study provide 
scientific evidence to support for the clinical selection 
of more accurate neuropsychological tests for the early 
detection of MCI and AD.

Materials and methods
Study design and subjects
The data used in this study were obtained from the 
Alzheimer’s Disease Neuroimaging Initiative (ADNI) 
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database, which was a collaborative effort funded by the 
National Institutes of Health, the National Institute on 
Aging and 20 companies. ADNI aims to investigate the 
relationships among the clinical, imaging, genetic, and 
biochemical biomarkers throughout the spectrum of AD, 
with the goal of improving early detection and tracking 
of the progression of the disease. Further details about 
the study design can be found on the official ADNI web-
site (https:// adni. loni. usc. edu/). Ethical approval for 
the ADNI study was obtained from the medical ethics 
committees of all participating institutions, and written 
informed consent was obtained from all participants. 
This retrospective study involving human participants 
adhered to the ethical standards set forth by the institu-
tional and national research committees and followed the 
principles outlined in the Helsinki Declaration.

This retrospective analysis utilized the ADNI data-
set, which was released on May 5, 2023. The diagnosis 
of AD in ADNI was based on the National Institute of 
Neurological and Communicative Diseases and Stroke/
Alzheimer’s Disease and Related Disorders Association 
(NINCDS-ADRDA) criteria, and the staging of cognitive 
impairment was determined using the Clinical Dementia 
Rating (CDR) scale. All subjects met the general inclu-
sion criteria and exclusion criteria of the ADNI program. 
The main inclusion criteria for this study were as follows: 
(a) availability of baseline visit data for each ADNI stage, 
and (b) participants aged over 65. The only exclusion cri-
terion was the presence of incomplete scoring informa-
tion on the MoCA, MMSE and ADAS-cog (the 11-item 
ADAS-cog) for a participant.

The final dataset for analysis included a total of 1,289 
participants aged over 65 who had complete data on the 
MoCA, MMSE, and ADAS-cog score at baseline visits. 
This dataset comprised 178 individuals with probable 
AD, 540 with MCI, and 571 CN individuals. In addition, 
a subsample consisting of 1,111 individuals with MCI 
and CN was selected to evaluate the accuracy of the three 
tests in detecting MCI.

Statistical analysis
The demographic characteristics of the subjects were 
presented using means and standard deviations (SD) 
for continuous variables, such as age, education, MoCA 
score, MMSE score, and ADAS-cog score. Qualitative 
categorical variables, such as gender, marriage state, 
ethnicity, and race, were reported as proportions and 
frequencies.

The BLCMs were employed to evaluate the sensitiv-
ity and specificity of the MoCA, MMSE and ADAS-cog 
in differentiating AD from non-AD (including par-
ticipants with MCI and CN) and MCI from CN in the 
absence of a gold standard. The models integrated the 

observed data and prior knowledge of parameters to 
estimate the accuracy of three tests and the true preva-
lence of AD and MCI due to AD. The specific methods 
are as follows:

Sample information
The observed samples were from the ADNI dataset. In 
order to determine the appropriate cut-off points for 
detecting AD and MCI using the MoCA, MMSE, and 
ADAS-cog scales, this study employed the consensus cri-
teria in ADNI as a reference standard. Receiver operating 
characteristic (ROC) curve analyses were conducted to 
identify the optimal cut-off points. The results revealed 
that the optimal cut-off points for a positive diagnosis 
of AD were determined to be 21.5 (with a cut-off value 
of < 22) for the MoCA, 26.5(< 27) for the MMSE, and 
12.8 (≥ 13) for ADAS-cog. Similarly, for MCI, the opti-
mal cut-off points identified as 23.5(< 24) for the MoCA, 
28.5(< 29) for the MMSE, and 7.8(≥ 8) for ADAS-cog. 
These cut-off points were used to classify individuals as 
either positive or negative for AD or MCI. The frequency 
of dichotomous results obtained from the three cognitive 
assessment tests for detecting AD and MCI are present in 
Tables 1 and 2, respectively, which was the observed data 
in the BLCMs. More detailed results of the test accuracy 
based on the observed data in ADNI can be found in the 
Additional file 1.

Table 1 Cross-classified test results of MoCA, MMSE, and ADAS-
cog (n = 1289)

According to the pre-specified cut-off values for each test, a “1” indicates a 
positive result, indicating the presence of AD, while b “0” represents a negative 
result, indicating non-AD individuals, including participants with MCI and CN

Test MMSE =  1a MMSE =  0b

ADAS-
cog =  1a

ADAS-
cog =  0b

ADAS-
cog =  1a

ADAS-cog =  0b

MoCA =  1a 185 40 32 82

MoCA =  0b 32 72 44 802

Table 2 Cross-classified test results of MoCA, MMSE, and ADAS-
cog (n = 1111)

According to the pre-specified cut-off values for each test, a “1” indicates a 
positive result, indicating the presence of MCI, while b “0” represents a negative 
result, indicating CN

Test MMSE =  1a MMSE =  0b

ADAS-
cog =  1a

ADAS-
cog =  0b

ADAS-
cog =  1a

ADAS-
cog =  0b

MoCA =  1a 193 52 75 76

MoCA =  0b 84 115 112 404

https://adni.loni.usc.edu/
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Prior information
The accuracy parameters in BLCMs, including sensitiv-
ity, specificity, prevalence, and co-variances (specifi-
cally addressing the conditional dependence between 
MoCA and MMSE tests), would be estimated by the 
Bayesian method in detecting AD and MCI. The prior 
information of the parameters was necessary in Bayes-
ian framework.

We obtained the priors for sensitivity and specificity 
of each test by previous literatures [23–25], and the pri-
ors for prevalence of AD and MCI due to AD were from 
review reports [1, 5]. The specific details of informative 
prior distributions for the parameters in the models are 
presented in Table 3.

Software implementation
The models were simulated for 100,000 iterations to 
ensure accurate inferences from the Gibbs sampler of 
the MCMC algorithm. A burn-in adaptation phase of 
the first 50,000 iterations was used. The posterior dis-
tribution was sampled every 10 iterations to reduce 
the autocorrelation. The means and 95% posterior 
confidence intervals (CIs) were reported for all param-
eters [26]. The Youden’s Index for MoCA, MMSE, 
and ADAS-cog in detecting AD and MCI were calcu-
lated using the corresponding mean posterior esti-
mates of sensitivity and specificity, defined as Youden’s 
Index = SeMean + SpMean-1.

Statistical analysis was performed using R (version 
4.2.1, R Core Team) for beta distributions, IBM SPSS 
Statistics for Windows (version 26.0, IBM Crop) for 

statistical description, and WinBUGS software (version 
14.0, BUGS project) for the BLCM modeling.

Results
Characteristics of subjects
A total of 1289 participants aged over 65 were included 
in the analysis. Among them, 571 (44.30%) were clas-
sified as CN, 540 (41.89%) as MCI, and 178 (13.81%) as 
AD based on the NINCDS-ADRDA criteria. In terms of 
gender distribution, 47.94% were female and 52.06% were 
male. The age of the subjects ranged from 65 to 91 years, 
with a mean age of 73.87 ± 5.85  years. The participants’ 
education years ranged from 8 to 20 years, with a mean 
education of 16.36 ± 2.53  years. Detailed demographic 
characteristics of the populations can be found in Table 4.

Results from Bayesian estimation
The posterior means and the corresponding 95% CIs 
for sensitivities and specificities of MoCA, MMSE and 
ADAS-cog and the true prevalence of AD and MCI due 
to AD are summarized in Fig. 1.

All three measures have fairly discriminatory abilities 
in detecting AD, with the ADAS-cog demonstrating the 
highest Youden’s Index of 0.829 followed closely by the 
MoCA of 0.813 and MMSE of 0.796. Both the sensitivity 
and the specificity of ADAS-cog and MoCA in detecting 
AD are relatively similar. Specifically, the ADAS-cog had 
a sensitivity of 0.922 (95% CI 0.882–0.955) and a specific-
ity of 0.907 (95% CI 0.888–0.925), the MoCA had a sen-
sitivity of 0.912 (95% CI 0.884–0.938) and a specificity of 
0.901 (95% CI 0.881–0.920). The MMSE showed a lower 
sensitivity of 0.874 (95% CI 0.849–0.897) and a better 
specificity of 0.922 (95% CI 0.906–0.937).

In terms of detecting MCI, the ADAS-cog exhibited a 
Youden’s Index of 0.704, while the MoCA demonstrated 
a value of 0.614, and the MMSE had a value of 0.478. The 
ADAS-cog showed the highest sensitivity of 0.869(95% 
CI 0.800–0.929), closely followed by the MoCA with a 
sensitivity of 0.845 (95% CI 0.822–0.867). The ADAS-
cog also displayed good specificity with a value of 0.835 
(95% CI 0.803–0.866), while the MoCA had a specificity 
of 0.769 (95% CI 0.743–0.795). In contrast, the MMSE 
demonstrated relatively lower accuracy, with a sensitivity 
of 0.757 (95% CI 0.720–0.792) and a specificity of 0.721 
(95% CI 0.696–0.747).

The estimated true prevalence was 20.0% (95% CI 
17.6–22.6%) for AD and 24.8% (95% CI 21.4–28.5%) for 
MCI due to AD among the population aged over 65.

The autocorrelation checks revealed that the autocor-
relation function soon approached zero. The iteration 
history and the iteration track plots showed stable pat-
terns, indicating convergence of the iterative process. 

Table 3 Summary of informative prior distribution inputs in 
models for detecting AD and MCI

a  Cd and Cn refer to the co-variances explaining the conditional dependence 
between MoCA and MMSE in detecting AD and MCI patients

Parameters Prior distributions

For AD detection For MCI detection

Prevalence Beta (2.819, 16.021) Beta (25.422, 281.851)

Sensitivity

 MoCA Beta (270.154,20.020) Beta (824.530, 146.329)

 MMSE Beta (464.322,50.770) Beta (269.497,110.668)

 ADAS-cog Beta (125.247, 13.288) Beta (35.209, 9.552)

Specificity

 MoCA Beta (192.121,22.472) Beta (440.462,117.819)

 MMSE Beta (514.797, 69.080) Beta (469.554,192.381)

 ADAS-cog Beta (113.235,9.448) Beta (56.016,11.479)

Covariancesa Cd ~ dunif(−1, 1)

Cn ~ dunif(−1, 1)
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Table 4 The detailed demographic characteristics of the populations diagnosed and classified by the NINCDS-ADRDA criteria in ADNI

a SD refers to standard deviation
b N,% refers to the number of the samples and the corresponding proportion

Characteristicsab Total sample (n = 1289) Sub-sample (n = 1111) CN (n = 571) MCI (n = 540) AD (n = 178)

Age (years, Mean ± SD) 73.87 ± 5.85 73.40 ± 5.71 72.36 ± 5.62 74.51 ± 5.60 76.78 ± 5.92

Gender (N/%)

 Female 618 (47.94) 561 (50.50) 327 (57.27) 223 (41.30) 68 (38.20)

 Male 671 (52.06) 550 (49.50) 244 (42.73) 317 (58.70) 110 (61.80)

 Education (years, Mean ± SD) 16.36 ± 2.53 16.46 ± 2.50 16.74 ± 2.36 16.18 ± 2.61 15.70 ± 2.63

Ethnical classification (N,%)

 Hispanic/Latino 68 (5.28) 60 (5.40) 33 (5.78) 27 (5.00) 8 (4.49)

 Not Hispanic/Latino 1216 (94.34) 1047 (94.24) 535 (93.70) 512 (94.81) 169 (94.95)

 Unknown 5 (0.38) 4 (0.36) 3 (0.52) 1 (0.19) 1 (0.56)

Racial classification (N,%)

 White 1138 (88.29) 977 (87.94) 492 (86.16) 485 (89.82) 161 (90.45)

 Black 93 (7.21) 82 (7.38) 51 (8.93) 31 (5.74) 11 (6.18)

 Asian 28 (2.17) 23 (2.07) 15 (2.63) 8 (1.48) 5 (2.81)

 Others 30 (2.33) 29 (2.61) 13 (2.28) 16 (2.96) 1 (0.56)

Marriage state (N,%)

 Married 964 (74.79) 809 (72.82) 403( 70.58) 406 (75.19) 155 (87.08)

 Widowed 146 (11.33) 129 (11.61) 73 (12.78) 56 (10.37) 17 (9.56)

 Divorced 127 (9.85) 124 (11.16) 72 (12.61) 52 (9.63) 3 (1.68)

 Never married 45 (3.49) 42 (3.78) 22 (3.85) 20 (3.70) 3 (1.68)

 Unknown 7 (0.54) 7 (0.63) 1 (0.18) 6 (1.11) 0

MMSE(Mean ± SD) 27.70 ± 2.56 28.44 ± 1.66 29.03 ± 1.19 27.81 ± 1.85 23.06 ± 2.33

MoCA(Mean ± SD) 23.46 ± 4.20 24.48 ± 3.19 25.88 ± 2.53 23.00 ± 3.14 17.14 ± 4.26

ADAS-cog (Mean ± SD) 9.36 ± 6.39 7.60 ± 4.21 5.60 ± 2.87 9.71 ± 4.38 20.36 ± 6.67

Fig. 1 Results of test accuracy for AD and MCI detection from Bayesian estimation. Posterior means and 95% confidence intervals (CIs) 
for sensitivity and specificity of the MoCA, MMSE, and ADAS-cog in detecting AD and MCI, and the true prevalence of AD and MCI due to AD 
among the individuals aged over 65, considering the conditional dependencies between MoCA and MMSE
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These findings indicate that the MCMC algorithm con-
verged successfully.

Discussion
In this study, we utilized the BLCMs to assess the dis-
criminative ability of the MoCA, MMSE, and ADAS-
cog in distinguishing between (i) patients with AD and 
individuals with MCI and CN, and (ii) individuals with 
MCI and CN. This analysis was conducted in the absence 
of a definitive gold standard for diagnosis. The results 
revealed several key findings. First, the ADAS-cog dem-
onstrated the highest discriminative ability in detecting 
both AD and MCI among the three tests, as indicated by 
the highest Youden’s Index and sensitivity. The MoCA 
closely followed, showing comparable performance. Sec-
ond, the MoCA exhibited significantly higher sensitivity 
than the MMSE in detecting both AD (0.912 vs 0.874) 
and MCI (0.845 vs 0.757), highlighting its potential as a 
more sensitive screening tool. Lastly, the prevalence of 
the Alzheimer’s population was found to be higher than 
previously reported, suggesting a substantial underdiag-
nosis of AD and MCI due to AD in clinical screening.

Overall, previous studies have consistently supported 
the superiority of the MOCA over the MMSE in vari-
ous comparisons, including differentiating AD from MCI 
patients, AD from CN individuals, AD and MCI from 
CN individuals, as well as differentiating MCI from CN 
individuals [27–32]. Our findings align with these stud-
ies as we observed that the MoCA exhibited higher sen-
sitivity and Youden’s index compared to the MMSE when 
distinguishing between AD and non-AD individuals, as 
well as between MCI from CN individuals in the absence 
of a gold standard. However, the MMSE demonstrated 
slightly higher specificity in detecting AD. In addition, 
the results of this study in the ADNI population are con-
sistent with the findings of previous meta-analyses that 
investigated the diagnostic performance of the MOCA 
and MMSE for detecting AD and MCI due to AD under 
non-gold standard conditions using a hierarchical Bayes-
ian latent class meta-analysis [23, 24]. In that study, the 
MoCA demonstrated a sensitivity of 0.934 and a speci-
ficity of 0.899 in detecting AD, while the MMSE had a 
sensitivity of 0.883 and a specificity of 0.903 [23]. For the 
detection of MCI, the MoCA showed a sensitivity of 0.85 
and a specificity of 0.79, whereas the MMSE had a sensi-
tivity of 0.71 and a specificity of 0.71 [24].

It is noteworthy that the ADAS-cog exhibited the 
highest Youden’s Index in detecting both AD and MCI 
patients, with values of 0.829 and 0.704, respectively. 
These values were significantly higher compared to the 
MoCA and MMSE. Few studies have directly compared 
the accuracy of ADAS-cog with the MMSE and MoCA 
in tracking cognitive decline in AD or MCI. However, 

existing evidence suggests that the ADAS-cog is use-
ful in differentiating MCI patients from normal elderly 
individuals [33] and has high predictive validity in both 
MCI and AD [9, 25]. For example, Jemaa et  al. [34] 
reported that the Arabic version of the ADAS-cog had 
excellent discriminant power, with 83% sensitivity and 
85% specificity at a cut-off of 11 for diagnosing AD. 
The ADAS-Cog demonstrated superior performance 
compared to the MMSE in detecting both AD (AUC: 
0.927 vs 0.899) and MCI patients (AUC: 0.835 vs 0.769) 
[9]. Notably, the MoCA performed equally well as the 
ADAS-Cog in detecting AD [9]. It was worth mention-
ing that the sensitivity and the specificity of MoCA [27, 
29], MMSE [35] or ADAS-cog [9, 10, 25] were supe-
rior in detecting AD than detecting MCI in different 
populations or language versions, such as in Spanish 
[27, 29], Dutch [35], Portuguese [9], Chinese [10]. This 
conclusion aligns with the findings of our study, where 
a gold standard for AD and MCI was absent in ADNI 
participants from the North American population.

In this study, we determined the optimal cut-off val-
ues using ROC curve analysis and applied the values to 
generate the binary results of each test in identifying 
AD and MCI. The test performance and the cut-offs for 
positivity of the MoCA, MMSE and ADAS-cog for dif-
ferent populations were influenced by educational level, 
age, and gender [36–38]. The ADAS-cog utilized cut-off 
points of > 9 for MCI and > 12 for AD, while the MMSE 
used cut-off points of < 29 for MCI and < 26 for AD [9]. 
Our study also confirmed the psychometric validity and 
the reliability of the ADAS-Cog as an instrument for 
assessing cognitive function in AD and MCI patients, 
with cut-off values of ≥ 8 for MCI and ≥ 13 for AD. The 
optimal cut-off value of ADAS-cog for AD was set at 
13 generating 89% specificity and 90% sensitivity [39]. 
In the previous study, an education-adjusted MoCA 
score of 24 and of 22 was optimal for maximizing test 
performance when detecting MCI and AD [36], which 
was equal to the optimal cut-off values from the ROC 
curve analysis. The MoCA continued to exhibit supe-
rior performance compared to the MMSE in screen-
ing for MCI when different cut-off values were applied 
based on age groups (57–64, 65–69, 70–76, 77–80, and 
81–97 years old) and educational levels (0–6, 7–9, and 
over 10 years), or among the individuals aged 55 to 80 
with less than 5 years of education [40, 41]. Besides, in 
the three age groups (60–79, 80–89, and ≥ 90 years old), 
the optimal MoCA cut-off scores for detecting MCI 
were ≤ 25,  ≤ 24, and ≤ 23, respectively, and for detect-
ing dementia were ≤ 24,  ≤ 21, and ≤ 19, respectively, 
which demonstrated relatively higher diagnostic accu-
racy for detecting MCI and dementia compared to the 
MMSE[38].
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Totally, the ADAS-cog told more information and 
more sensitive about the true disease status of AD and 
MCI, and the MoCA always outperformed the MMSE 
both for identifying AD or MCI patients in clinical, while 
the MMSE was more useful to rule out the non-AD. Our 
results are consistent with most studies, even at different 
ages, different levels of education, and different cut-offs 
of tests for different populations.

According to the literature reviews, about 10.8% of 
people aged over 65 has AD, and the prevalence rate of 
MCI due to AD was 8–12.9% [1, 5]. While the estimated 
true prevalence in this study was 20.0% for AD and 24.8% 
for MCI due to AD. The results suggested that a large 
underdiagnosis of the MCI and Alzheimer’s population 
still remained in clinical screening as reported in Amer-
ica [1]. Therefore, clinical screening by accurate method 
especially for MCI should be strengthened to ensure 
early detection of cognitive impairment patients.

To the best of our knowledge, this is the first origi-
nal research on application of BLCM to simultaneously 
evaluate the accuracy of MoCA, MMSE, and ADAS-cog 
for AD and MCI test diagnostics. Given the difficulty of 
establishing the true disease status of individuals in the 
absence of a perfect reference test for the progression of 
AD, BLCM can be used to justify the imperfect reference 
standard bias. Dendukuri and Joseph [21] also indicated 
that adjusting for the possibility of conditional depend-
ence among diagnostic tests had a significant impact 
on the posterior estimates of the prevalence, sensitivity, 
specificity, and covariances directly. It is also the first 
validation study to consider the conditional dependence 
between MoCA and MMSE for the detection of AD and 
MCI in the absence of a gold standard. The BLCM com-
bined prior information with the observed data through 
Bayesian modeling to conduct a posterior inference of 
parameters [21, 42]. In this study, the posterior confi-
dence interval of test accuracy was relatively concen-
trated than in previous analyses.

However, there are several limitations in this study. 
First, we compared the accuracy of the three tests to 
detect AD and MCI in the absence of a gold standard 
using the Bayesian model in this study, but did not con-
sider the influence of covariates on test scores. Future 
studies should aim to construct a Bayesian model that 
incorporates covariates to estimate the true disease 
prevalence, as well as the sensitivity and specificity of 
neuropsychological tests. This would provide a more 
comprehensive understanding of the diagnostic accuracy 
in the presence of covariates without a gold standard. 
Second, biomarkers are currently accepted as an effective 
clinical diagnosis method for the definition of AD and 
the pre-dementia stages [6]. However, we did not focus 

on the diagnostic accuracy of biomarkers. Neuropsycho-
logical tests still play an important role in detecting AD 
and MCI, so we mainly aimed to compare the sensitiv-
ity and specificity of MoCA, MMSE, and ADAS-cog for 
the detection of AD and MCI in the absence of a gold 
standard. Additionally, obtaining biomarker data for 
large populations during clinical screening can be chal-
lenging. Previously, study conducted by Barrado et  al. 
[43] had an estimation of diagnostic accuracy of a com-
bination of continuous biomarkers in ADNI allowing for 
conditional dependence between the biomarkers and the 
imperfect reference test in detecting AD. Future research 
could consider using the BLCM method to estimate the 
diagnostic accuracy of a combination of the biomark-
ers and the neuropsychological tests for AD and MCI. 
Third, to assess the consistency of the results obtained 
using the BLCM method as a surrogate for the patho-
logical gold standard, a verification study with autopsy 
confirmed patients should be conducted. However, the 
validation sample in ADNI was relatively small. Out of 
the 69 patients following the guidelines for neuropatho-
logical assessment of AD by the National Institute on 
Aging-Alzheimer’s Association, only five were diagnosed 
as non-AD, while the remaining 64 patients had Alzhei-
mer disease neuropathologic changes (ADNC). Further 
research with a larger and more diverse sample is needed 
to validate these findings and strengthen the reliability of 
the conclusions.

Conclusions
In conclusion, the BLCMs reveal that the ADAS-cog and 
the MoCA are reliable tools for detecting AD and MCI. 
The ADAS-cog is the most informative with the highest 
Youden’s index and sensitivity for the detection of AD 
and MCI. The MoCA exhibits significantly higher sensi-
tivity than the MMSE in detecting both AD and MCI. A 
large underdiagnosis of the MCI and Alzheimer’s popula-
tion still remains in clinical screening.
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