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Introduction: The Montreal Cognitive Assessment (MoCA) is one of the most 
widely used screening instruments for Mild Cognitive Impairment (MCI) and 
dementia. Despite its popularity, uncertainty remains regarding its factorial 
structure and psychometric functioning across populations and cultures. This 
review aims to critically evaluate the factorial validity and dimensionality of the 
MoCA through Classical Test Theory (CTT) and Item Response Theory (IRT) 
models.
Method: Following the PICO framework, a qualitative review was conducted 
using PubMed, Web of Science, PsycINFO, and Google Scholar. Inclusion 
criteria consisted of peer-reviewed empirical studies employing exploratory or 
confirmatory factor analyses, as well as IRT in samples of older adults.
Results: Across CTT studies, findings ranged from two-factor to hierarchical 
multi-factor models, with a general cognitive factor frequently emerging. IRT 
analyses generally supported a unidimensional latent structure, identifying 
Executive Function, Visuospatial, and Language items as the most discriminative, 
while Orientation and Memory showed low discriminative power.
Conclusion: Our results showed that the MoCA primarily measures a general 
cognitive dimension, reflecting variable contributions from different cognitive 
domains. Standardizing scoring metrics and ensuring cross-cultural factorial 
equivalence are essential to enhance the tool’s accuracy and interpretation of 
its score.
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Introduction

Dementia is a global health and economic challenge, costing USD 1.31 trillion in 2019, 
with half of this from family care, and expected to exceed USD 2.8 trillion by 2030 (World 
Health Organization, 2025). In Italy, the annual economic burden amounts to around € 23 
billion, 63% of which is borne directly by families. Given these substantial costs, implementing 
efficient cognitive screening programmes is crucial for enabling the early detection of cognitive 
decline (Italian National Institute of Health, 2025). A timely diagnosis can facilitate 
interventions that delay progression, reduce the need for institutionalization, and improve 
quality of life for patients and their caregivers (Cova et al., 2022; Terracciano et al., 2014, 2017).
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The term “stable MCI” has been introduced to describe forms of 
MCI that do not exhibit significant impairment in daily functioning. 
Evidence suggests that the preservation of everyday activities is 
associated with several protective factors, including higher 
educational attainment, regular engagement in intellectual and 
physical activities, greater brain reserve, and the absence of major 
depressive or other mood disorders. These factors are frequently 
linked to non-progression to dementia (Lee, 2023; Richard and 
Brayne, 2014).

Consequently, early identification of MCI, the timely 
implementation of targeted intervention strategies, and accurate 
assessment of cognitive functioning are essential for delaying or 
preventing the progression to dementia (Ciesielska et al., 2016).

Mild Cognitive Impairment (MCI) has traditionally been viewed 
as an intermediate stage between normal cognitive aging and 
dementia, characterized by cognitive decline that is not insufficiently 
severe to compromise independence in daily activities (Petersen et al., 
1999). The construct of MCI serves as a diagnostic umbrella 
encompassing multiple perspectives, including both the preclinical 
dementia framework and a more strictly nosological or conceptual 
definition (Bermejo-Pareja et al., 2021; Lee, 2023).

Within the preclinical dementia perspective, MCI is characterised 
by a significant cognitive decline from a previous level of performance 
in one or more cognitive domains (attention, executive function, 
learning and memory, language, perceptual-motor, or social 
cognition) (American Psychiatric Association, 2022). Although MCI 
has often been described as a potential precursor to dementia, this 
association is not uniformly supported across studies (Öksüz et al., 
2024; Salemme et al., 2025; Thaipisuttikul et al., 2022). When 
considered within a purely nosological framework, in fact, MCI does 
not necessarily entail a progressive trajectory toward dementia.

The Mini-Mental State Examination (MMSE) (Folstein et al., 
1975) and the Montreal Cognitive Assessment (MoCA) (Nasreddine 
et al., 2005) are among the most widely used screening instruments 
for the detection of MCI and dementia in both clinical and research 
settings (Arevalo-Rodriguez et al., 2015; Fernandes et al., 2021; 
Limongi et al., 2019). Several additional tools are available for 
cognitive screening, including the Addenbrooke’s Cognitive 
Examination Revised (ACE-R) (Mioshi et al., 2006), the Mini-Cog 
Test (Borson et al., 2000), and the Informant Questionnaire on 
Cognitive Decline in the Elderly (IQCODE) (Jorm and Jacomb, 1989). 
However, the psychometric properties of many of these instruments 
have received relatively limited attention in the scientific literature 
(Tsai et al., 2012).

Within this context, the literature has highlighted two major 
limitations of the MMSE: insufficient sensitivity—particularly in 
detecting early cognitive decline—and weak correlations between total 
scores and demographic variables such as age, education, and gender 
(Karimi et al., 2022). These limitations have stimulated the 
development of alternative assessment instruments, such as the 
Repeatable Battery for the Assessment of Neuropsychological Status 
(RBANS) (Randolph et al., 1998) and The Consortium to Establish a 
Registry for Alzheimer’s Disease (CERAD) (Morris et al., 1989).

The MoCA is a 30-point screening measure that assesses multiple 
cognitive domains, including Visuospatial abilities (Trial Making Test, 
Cube, Clock-Drawing task; score range 0–4), Attention (Forward and 
Backward digit span; score range 0–6), Language (Naming, Repetition, 
and Phonemic Fluency), Memory (Recall; score range 0–5), 

Abstraction (Means of similarities; score range 0–2), and Orientation 
(Date, Month, Year, Place, and City; score range 0–6).

The ease of administration, brief administration time, and 
superior diagnostic accuracy compared to traditional instruments 
such as the MMSE have contributed to the MoCA’s widespread use in 
both clinical and research contexts (Dautzenberg et al., 2020; Jia et al., 
2021; Malek-Ahmadi and Nikkhahmanesh, 2024). Beyond its 
psychometric strengths, the MoCA is also widely recognised for its 
strong clinical applicability. It can be easily administered with minimal 
burden by trained clinicians or healthcare professionals across a 
variety of heathcare settings, supporting the early screening of 
cognitive impairment and assisting differential diagnosis (Dautzenberg 
et al., 2020; Julayanont et al., 2013).

Despite its advantages, the MoCA also presents several 
psychometric limitations. For instance, Cova et al. (2022) identified 
86 culturally adapted versions of the test, highlighting substantial 
variability in its cross-cultural implementation. In major English-
speaking countries (US, UK, Australia), the original Canadian version 
is predominantly used, often without cross-cultural adaptations. In 
Latin America, two Spanish-language adaptations (Chilean and 
Argentine) are commonly employed.

In contrast, only a limited number of validated versions are 
available in the African context, whereas Asia has produced the largest 
number of culturally adapted versions.

As noted by Santangelo et al. (2015), the use of multiple MoCA 
cut-off scores presents several limitations, including an increased risk 
of misclassification—whereby the same score may be interpreted 
differently depending on the applied context— reduced comparability 
across studies, and variability in diagnostic accuracy.

Furthermore, translation alone does not ensure psychometric 
equivalence; culturally adapted versions may differ in diagnostic 
accuracy, sensitivity, specificity, and reliability.

International research has examined the the diagnostic accuracy 
of the MoCA in both clinical and non-clinical samples, highlighting 
substantial variability in recommended cut-off scores (Cova et al., 
2022). Within the Italian population, several distinct cut-off points 
have been proposed, including 14 (Bosco et al., 2017), 26 (Conti et al., 
2015), 22 (Fiorenzato et al., 2024), 15 (Pirrotta et al., 2015; Santangelo 
et al., 2015). At the international level, reported cut-off values show 
similarly wide variability, ranging from 17 to 25 across different 
studies and populations (Freitas et al., 2013; Hernández-Medrano et 
al., 2025; Karimi et al., 2022; Krishnan et al., 2017; Sun et al., 2023; Tan 
et al., 2014; Wang et al., 2019).

Validation studies have often assessed the diagnostic accuracy of 
the MoCA without investigating its factorial validity (Pirrotta et al., 
2015). Pirani et al. (2022) found optimal reliability and a good 
diagnostic accuracy in discriminating normal cognition from early 
impairment; however, they did not provide information regarding 
item translation nor did they investigate the instrument’s 
factor structure.

Evidence on MoCA dimensionality remains mixed: while several 
studies have supported a unidimensional model (Aiello et al., 2022; 
Arcuri et al., 2015; Brandão et al., 2025; D’Iorio et al., 2023; Freitas et 
al., 2014), others have proposed multifactorial structures (Benge et al., 
2017; Coen et al., 2016; Duro et al., 2010; Freitas et al., 2012; Sala et al., 
2020; Smith et al., 2020).

Adaptation procedures must align with the operational definition 
of the construct being measured (Howieson, 2019; Nguyen et al., 
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2024). Cognitive assessments should follow internationally recognized 
guidelines for test adaptation, which ensure semantic, conceptual, and 
metric equivalence between the original instrument and its adapted 
version (Hemrungrojn et al., 2024; Waheed et al., 2020). Consequently, 
effective translation and adaptation require the involvement of 
professionals who are familiar both with the culture of origin and with 
the psychological constructs assessed by the instrument.

Adaptation procedures must align with the operational definition 
of the construct being measured (Howieson, 2019; Nguyen et al., 
2024). Cognitive tests should follow internationally recognized 
adaptation guidelines that guarantee semantic, conceptual, and metric 
equivalence between the original instrument and its adapted version 
(Hemrungrojn et al., 2024; Waheed et al., 2020). Therefore, achieving 
effective translation and adaptation requires the involvement of 
professionals familiar with both the source culture and the constructs 
assessed by the test.

A pioneering study on the guidelines for the adaptation and 
translation of the MoCA (Khan et al., 2022) identified seven key 
phases: translation of the instrument into the target language without 
cultural adaptation, and back-translation, collection of participant 
feedback on item comprehension; expert recommendations, expert 
review; item refinement based on recommendations; consultation 
with the original authors; and pilot study. The authors reported that 
language and memory items were those most extensively culturally 
adapted, whereas attention and visuospatial items remained largely 
unchanged. In the Italian context, however, only the first step of these 
guidelines has been implemented in the available MoCA adaptation 
(Pirrotta et al., 2015), which focused solely on diagnostic accuracy.

The heterogeneity of findings across studies may be attributed ed. 
to multiple methodological factors, including differences in samples 
characteristics (clinical condition, age, and educational level), versions 
of the MoCA employed, and statistical criteria used to examine the 
factor structure. Such variability is not be unique to the MoCA; many 
neuropsychological tools present similar challenges (Howieson, 2019). 
Indeed, these tools have been criticized for several methodological 
and psychometric limitations (Nguyen et al., 2024). Many were 
initially developed in clinical and experimental settings to meet 
specific assessment needs and were only subsequently subjected to 
rigorous psychometric evaluation (Eling, 2019). As a result, they 
frequently fail to meet the International Test Commission Guidelines 
(2017), particularly in terms of standardization and construct validity, 
which can contribute to discrepancies in findings across studies and 
cultural contexts.

The coexistence of multiple normative data within the same 
national context could further complicates the identification of true 
positives and false negatives. Moreover, many commonly used 
neuropsychological tests lack normative data in several countries (e.g., 
France, Greece, Ecuador, and Canada), leading clinicians to rely on 
normative data developed elsewhere (delCacho-Tena et al., 2024).

For example, more than 50% of clinicians in France, Canada, and 
Ecuador, and over 30% of clinicians in Greece reported using 
normative data from other countries due to this limitation. Another 
major challenge of neuropsychological instruments concerns 
construct equivalence. Indeed, translation alone is not sufficient to 
ensure the validity of a tool. Only in-depth psychometric testing can 
confirm whether the underlying construct is equivalent across 
different languages and cultures (delCacho-Tena et al., 2024; 
Howieson, 2019; Nguyen et al., 2024).

Understanding the MoCA’s psychometric properties is thus 
essential to refining assessment practices, improving differential 
diagnosis, and enhancing the tool’s cultural and linguistic adaptability.

In particular, understanding the structure of the MoCA also 
serves to verify construct validity, confirm the correspondence 
between theory and measurement, reduce redundancy or semantic 
overlap (Benge et al., 2017), and support the development of reliable 
instruments. It also provides the foundation for the application of 
advanced statistical models, such as confirmatory factor analysis, 
(CFA), Item Response Theory (IRT), and Structural Equation 
Modeling (SEM) (Cronbach and Meehl, 1955; DeVellis and Thorpe, 
2022; Fabrigar et al., 1999; Floyd and Widaman, 1995; Goretzko et al., 
2021; Kline, 2015; Li and Savalei, 2025; Stefana et al., 2025). A well-
defined factor structure demonstrates that items accurately reflect the 
theoretically predicted latent domains because without such evidence, 
score interpretation can be misleading (Sellbom and Tellegen, 2019). 
Additionally, testing measurement invariance is crucial for 
determining whether the tool’s structure remains stable across 
different populations (El-Den et al., 2020; Fenn et al., 2020).

Therefore, it is fundamental for researchers and clinicians to 
ensure that an adapted version of a test maintains content, criteria, and 
construct equivalence with respect to the original instrument. 
Inadequate adaptation procedures can introduce substantial sources 
of biases, ultimately compromising both diagnostic accuracy and 
validity of the instrument (Whittington et al., 2022). Deriving a 
unidimensional total score from a multidimensional measurement 
instrument is methodologically problematic, because it aggregates 
conceptually distinct cognitive domains, thereby violating the 
assumption of construct homogeneity (Balsamo and Saggino, 2014; 
Balsamo et al., 2014).

When this occurs, studies examining sensitivity and specificity 
analyses based on a single total score may yield attenuated or 
misleading estimates of diagnostic accuracy (Garrido et al., 2019; 
Whittington et al., 2022). This issue is particularly relevant for the 
MoCA, whose total score is calculated as the sum of all items despite 
persistent uncertainty regarding whether its underlying structure is 
unidimensional or multidimensional. According to Kline (2005), a 
single total score is psychometrically valid only when the items 
contributing to it share a common metric, structure, and 
dimensionality. Assessing dimensionality may require advanced item-
level methods such as IRT (DeVellis and Thorpe, 2022; Embretson and 
Reise, 2013; Li, 2016; Preston and Colman, 2000; Raykov and 
Marcoulides, 2011; Schmucker and Moore, 2025; Thorpe and Favia, 
2012; Wallmark et al., 2024). IRT is characterized by the interaction 
between the latent trait and psychometric functioning of individual 
items, while methods based on the Classical Test Theory (CTT) 
analyzed measurement properties primarily at the test level. Unlike 
CFA or CTT-based approaches, IRT provides item-level precision by 
estimating parameters such as item difficulty and discrimination, and 
by modelling measurement error as a function of the latent trait 
assuming it is constant. Among IRT models for polytomous items, the 
Graded Response Model (GRM) (Samejima, 2016) and the Partial 
Credit Model (PCM) (Masters, 2016) are among the most widely 
applied (Embretson and Reise, 2013; Stefana et al., 2025).

The cultural adaptation of a test enables the collection of local 
normative data, the evaluation of its factor structure and reliability, 
and the verification of the stability of this structure within the target 
population (Hambleton et al., 2004; Van de Vijver and Tanzer, 2004). 
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The cultural adaptation of the testing allows local normative data to 
be collected, the factor structure and the reliability to be analysed, and 
ensure that the factor structure is stable in the target population 
(Hambleton et al., 2004; Van de Vijver and Tanzer, 2004). To achieve 
these goals, well-established guidelines should be followed, including 
standardized translation procedures, norm adjustment, and local 
psychometric validation studies (Waheed et al., 2020). To date, no 
systematic review has examined the factorial validity of the MoCA 
exists. Addressing this critical gap would help clarify the instrument’s 
internal structure and enhance its clinical interpretability. Therefore, 
the aim of the present review is to critically analyze the evidence on 
the MoCA’s factor structure across both clinical and 
non-clinical samples.

Method

Our research question was formulated using the PICO model: 
Population (target samples assessed with MocA), Intervention 
(psychometric evaluations including CTT and IRT analyses), 
Comparison (alternative factor structures, estimation methods, or 
model specifications), and Outcome (fit indeces and item level 
parameters) (Methley et al., 2014). The qualitative review was 
conducted using the most important scientific databases, including 
Google Scholar, PubMed, Web of Science, and PsycINFO.

The search strategy was based on the following terms: “MOCA” 
[Title/Abstract] OR “Montreal Cognitive Assessment” [Title/Abstract] 
OR “short form” [Title/Abstract] OR “s-MoCA” [Title/Abstract]) 
AND (“factor structure” [Title/Abstract] OR “factor analysis” [Title/
Abstract] OR “psychometric properties” [Title/Abstract] OR 
“construct validity” [Title/Abstract] OR “validation” [Title/Abstract].

The inclusion criteria were: 1. Empirical, peer-reviewed studies on 
the MoCA published in English; 2. Studies employing one or more the 
following approaches to evaluate psychometric properties: (a) 
Exploratory Factor Analysis (EFA); (b) Confirmatory Factor Analysis 
(CFA); (c) Item Response Theory (IRT); 3. Studies involving older 
adults aged 65 years or older.

The exclusion criteria were: 1. studies on the MoCA lacking 
empirical data; 2. studies involving pediatric and younger 
adult populations.

Results

Classical test theory (CTT) results

Table 1 summarizes the factor models of the MoCA based on 
CTT. An early study by Duro et al. (2010) proposed a two-factor 
model that differentiates between Memory/Language/Orientation and 
Attention/Visuospatial/ Executive domains. Their results showed 
good fit indices, Chi-square χ2

(7) = 13.996, p = 0.05; Comparative Fit 
Index (CFI) = 0.985; Root Mean Square Error of Approximation 
(RMSEA) = 0.069 (Hu and Bentler, 1999).

Other studies have supported a second-order model in which the 
six first-order cognitive domains loaded onto a higher-order global 
cognition factor (Coen et al., 2016; Freitas et al., 2012; Karim and 
Venkatachalam, 2022). The six first-order cognitive factors correspond 
to those originally proposed by Nasreddine et al. (2005): Executive 

Functions, Language, Visuospatial Skills, Short-term Memory, 
Attention/Concentration/Working Memory, and Orientation.

Further support for a hierarchical structure was provided by Sala 
et al. (2020), who identified seven cognitive domains loading onto a 
general cognitive factor in a large community-dwelling elderly sample. 
The study also tested the measurement invariance across demographic 
variables. The cognitive factors included Executive Function, 
Visuospatial abilities, Attention/Concentration, Language, 
Abstraction, Short-term Memory, and Orientation. Model fit indices 
indicated a good fit: χ2

(317) = 453.776 (p < 0.01), CFI = 0.970, 
RMSEA = 0.019. Other studies have reported inconsistent findings. 
Specifically, Benge et al. (2017) identified a three-factor solution 
(Executive Dysfunction, Memory, Verbal Attention) in patients with 
Parkinson’s disease. The factor model was tested using EFA with 
Promax rotation. In contrast, Smith et al. (2020) tested several factorial 
structures and found that the three-factor model (Executive 
Dysfunction, Memory, Verbal Attention) showed the best fit, with 
χ2

(101) = 1623.26, (p < 0.001), CFI = 0.81, and RMSEA = 0.093. A 
six-factor model, including Short-term Memory, Visuo-Spatial 
Abilities, Attention/Working Memory, Executive Function, Language, 
and Orientation, was also identified. This model showed the following 
fit indices: χ2

(155) = 2753.84, (p < 0.001), CFI = 0.74 and 
RMSEA = 0.098. A second-order model was also identified, which the 
six first-order cognitive domains loaded onto a global cognitive factor, 
yielding χ2

(164) = 2994.20, p < 0.001, CFI = 0.72, and RMSEA = 0.100. 
In the Italian context, D’Iorio et al. (2023) examined the MoCA’s 
unidimensional structure using Principal Component Analysis (PCA) 
in a sample of 86 adult patients with focal dystonia. In their study, the 
total score was employed as a diagnostic indicator.

Item Response Theory (IRT) results

Table 2 showed the factor structure of the MoCA through 
IRT. Most studies reported an unidimensional latent structure (Aiello 
et al., 2022; Arcuri et al., 2015; de Paula Brandão et al., 2025; Freitas et 
al., 2014).

Freitas et al. (2014) applied the Rasch model to a Portuguese 
sample (N = 897), estimating the item difficulty parameter (bj). The 
parameter bj indicates the latent ability level θ required to have a 50% 
probability of responding correctly (Balsamo et al., 2018a; Balsamo et 
al., 2018b). The Language Fluency item was the most difficult 
(bj = 2.32), indicating that only participants with a cognitive ability 
level significantly above average have a 50% probability of answering 
correctly. Conversely, the Orientation (city) item was the easiest 
(bj = −4.98), meaning that even participants with low cognitive ability 
have high probability of correct performance. Differential Item 
Functioning (DIF) analyses exhibited item stability across age, gender, 
education, and clinical group, supporting the generalizability of the 
MoCa. Infit statistics ranged between 0.75 and 1.29 and outfit statistics 
ranged from 0.44 to 1.68. Values within the 0.5–1.5 interval indicate 
that the items function consistently with Rasch model expectations 
(Linacre, 2011). The MoCA also showed high reliability (Person 
Separation Reliability = 0.85 and Person Separation Index = 2.39), 
indicating good identification across different ability levels.

Aiello et al. (2022) employed the GRM to a healthy Northern 
Italian sample (N = 579), estimating both item difficulty (bj) and 
discrimination (aj) parameters. The aj parameter indicates the ability 

https://doi.org/10.3389/fpsyg.2025.1727202
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org


Sergi et al.� 10.3389/fpsyg.2025.1727202

Frontiers in Psychology 05 frontiersin.org

TABLE 1  Factor structure of the MoCA using classical test theory.

Study P-population I-intervention C-comparison O-outcome

Duro et al. (2010)

Total sample

Age:71.78 ± 9.11

N = 212

N = 82 MCI

N = 70 AD

N = 25 VaD

N = 35 ODD

CFA Two correlated factor model: (1) 

Memory which included Memory, 

Language and Orientation 

domains; (2) Attention/Executive 

Functions.

CFI = 0.985, RMSEA = 0.069

Freitas et al. (2012)

Total sample

N = 212

Age:59.4 ± 15.5

N = 90 MCI

N = 90 AD

CFA

WLS estimator

One-factor second order model: 

(1) Executive Functions, (2) 

Language, (3) Visuospatial Skills, 

(4) Short-term Memory, (5) 

Attention/Concentration/Working 

Memory, and (6) Orientation.

Higher-order global cognition 

factor named “Cognition.”

CFI = 0.969, RMSEA = 0.033

Coen et al. (2016)

N = 2.342 community-dwelling 

adults

Age:72.64 ± 6.19

CFA

WLS estimator

One-factor second order model: 

(1) Executive Functions, (2) 

Language, (3) Visuospatial Skills, 

(4) Short-term Memory, (5) 

Attention/Concentration/Working 

Memory, and (6) Orientation.

Higher-order global cognition 

factor named “Cognition.”

CFI = 0.990, RMSEA = 0.013

Sala et al. (2020)

N = 2.408 older adults organized 

into three cohorts:

69–71

Age: 24.03 ± 3.66

79–81

Age: 22.28 ± 4.29

89–91

Age: 20.24 ± 5.15

CFA

WLS estimator.

Hierarchical factorial structure 

with a general factor + 7 lower-

order factor: (1) Executive 

Functions, (2) Language, (3) 

Visuospatial Skills, (4) Short-term 

Memory, (5) Attention/

Concentration/Working Memory, 

(6) Orientation, and (7) 

Abstraction.

Higher-order global cognition 

factor named “Cognition.”

CFI = 0.970, RMSEA = 0.019

Benge et al. (2017) N = 357 PD

Age: 67.6 ± 9.2

EFA Three correlated factors: (1) 

Attention/Executive Functions, 

(2) Memory, (3) Verbal Attention

Smith et al. (2020) N = 1738 PD

Age: 67.6 ± 9.2

CFA

ML estimator

Three correlated factors: (1) 

Executive Functions, (2) Memory, 

(3) Verbal Attention

CFI = 0.810, RMSEA = 0.093

D’Iorio et al. (2023)
N = 86 with focal dystonia

Age: 60.1 ± 11

PCA Mono-component structure 

accounting for 38.41% of variance

Karim and Venkatachalam 

(2022)

N = 104 HG

N = 129 MCI

Age: ≥ 60

CFA Six correlated factors: (1) 

Executive Functions, (2) 

Language, (3) Visuospatial Skills, 

(4) Short- term Memory, (5) 

Attention/Concentration, and (6) 

Orientation

CFI = 0.950, RMSEA = 0.058

RMSEA, root mean square error of approximation; CFI, Comparative Fit Index; HG, Healthy Group; AD, Alzheimer’s Disease; PD, Parkinson’s Disease; MCI, Mild Cognitive Impairment; 
FTD, Frontotemporal dementia; VaD, Vascular dementia; ODD, Other Degenerative Dementia; CFA, Confirmatory Factor Analysis; EFA, Exploratory Factor Analysis; PCA, Principal 
Component Analysis; CI, Confidence Interval; WLS, Weighted least square estimation; ML, Maximum Likelihood.
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TABLE 2  Item-level psychometric properties of the MoCA using Item Response Theory.

Study P-population I-intervention C-comparison O-outcome

Freitas et al. (2014)

N = 897 Total sample

Age: 60.3 ± 15.4

N = 650 HG

Age: 55.8 ± 15.1

N = 90 AD

Age: 74.2 ± 8.2

N = 90 MCI

Age: 70.5 ± 8.0

N = 33 FTD

Age: 68.4 ± 7.0

N = 34 VaD

Age: 73.2 ± 7.9

Rasch model Single latent dimension reflecting a general cognitive 

functioning factor.

Infit/Outfit: most items had values within the optimal 

ranges (0.5–1.5). Only the first substraction item 

showed a moderate misfit (Outfit > 1.5).

PSR = 0.85; PSI = 2.39.

Arcuri et al. (2015)

N = 74 with cancer diagnoses and MCI

Age: 74.3% < 65 years

Partial Credit Model (PCM) Single latent dimension reflecting a general cognitive 

functioning factor.

Infit/Outfit: most items had values within the optimal 

ranges (the item infit residual values ranged from 0.85 

to 1.22 and outfit residuals from 0.41 to 1.43). The items 

City, Place, and Year showed misfit with the model 

because the difficulty levels were too easy for the 

sample.

de Paula Brandão et al. (2025)

N = 484 PD

Age: 59.9 ± 11.1

Graded Response Model (GRM) Single latent dimension reflecting a general cognitive 

functioning factor.

Attention had the highest discrimination (aj = 1.985), 

followed by Naming (aj = 1.740). Memory showed the 

lowest discrimination power (aj = 1.265).

Tsai et al. (2012)

N = 207

71 MCI Age: 79.2 ± 6.8,

98 AD Age: 79.6 ± 6.4,

38 HG Age: 77.7 ± 6.0

N.D. Five domains: (1) Memory, (2) Visuospatial Skills, (3)

Executive Functions, (4) Language, (5) Orientation.

The Memory, Visuo-spatial and Language domains 

were the steepest of the slopes and provided high 

discrimination power. The Orientation domain showed 

the lowest difficulty power (−2 to 0 SD).

Aiello et al. (2022) N = 579 HG from Northern Italy

Age: 63.4 ± 15.0

Two-parametr logistic (2 PL) Single latent dimension reflecting a general cognitive 

functioning factor.

Trial Making Test and Delayed Recall had higher 

discrimination (aj = 1.527 and 1.962, respectively). The 

Orientation items (Month bj = −5.985) were the easiest.

Luo et al. (2020) 1873 older adults

Age: 79.3 ± 8.0

Graded Response Model (GRM) Three factors: (1) Visuospatial/executive, (2) Memory, (3) 

Language/Attention

Item Characteristic and Information Curves 

Orientation showed that Serial subtraction, and 

Naming had the highest curves, with high 

discriminatory power. Clock Number and Verbal 

fluency had very low curves and indicate poor 

discriminatory power. DIF for level education showed 

as Cube, Clock Number, and Clock Hand were more 

informative in the group without formal education.

HG, Healthy Group; AD, Alzheimer’s Disease; PD, Parkinson’s Disease; MCI, Mild Cognitive Impairment; DIF, Differential Item Functioning; GRM, Graded Response Model. 2PL, Two Parameters; PSR, Person Separation Reliability; PSI, Person Separation Index; SD, 
Standard Deviation.
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of an item to discriminate among individuals with different levels of 
the latent trait θ (Balsamo et al., 2018a; Balsamo et al., 2018b). Values 
≥ 1.35 are considered high discrimination (Baker, 2001). The most 
discriminative items were the Trial Making Test (Visual/Executive) 
(aj = 1.527), the Language Repetition of first sentence (aj = 1.691), and 
City (aj = 1.732), Place and Month in the Orientation domain showed 
low discrimination (aj = 0.034 and aj = 0.772, respectively). The least 
difficult items were the Clock Drawing Test –Contour (bj = −5.416), 
Attention Letter Detection Task (bj = −11.22), Month, and City 
(bj = −5.984 and bj = −4.157, respectively).

Arcuri et al. (2015) employed the PCM in a clinical sample of 
cancer patients with MCI. Item difficulty values ranged from −4.08 
(Year, Place, and City in the Orientation domain) to 2.49 (Drawing of 
the cube). Infit and Outfit statistics fell within the optimal ranges, with 
the item infit residual values ranged from 0.85 to 1.22 and outfit 
residuals from 0.41 to 1.43. The Person Separation Reliability was 0.52, 
indicating low reliability, and the Person Separation Index of 1.04 
suggested a poor ability to differentiate among different ability levels.

de Paula Brandão et al. (2025) used a GRM model to a sample of 
patients with Parkinson’s disease. The most discriminative domains 
were Attention (aj = 1.985) and Naming (aj = 1.740), while Memory 
showed the lowest discrimination (aj = 1.265) but the highest difficulty 
(bj = −0.860 to 2.402). DIF analyses showed that Memory Recall and 
Executive/Visuospatial domains were affected by participants’ 
educational level.

Luo et al. (2020) also employed the GRM model in a sample of 
Chinese older adults with low education level. Item Information 
Fuction (IIFs) showed that the Trial Making Test, Clock Numbers, and 
Clock Hands had the highest discriminative power, whereas Cube 
item was the most difficult. DIF analyses further indicated a significant 
effect of educational level on performance across several items.

Tsai et al. (2012) applied IRT to a Taiwanese outpatient sample. 
The Frontal/Executive and Language domains showed the strongest 
discrimination across most of the the ability spectrum, with 
discrimination parameters generally exceeding 1.50. The Memory 
domain had moderate discrimination (value around 1.20), with 
difficulty parameter clustered between −0.5 and 1.5. The Orientation 
domain had the lowest difficulty values (bj = −3.0 to −1.5).

Previous studies have shown that some domains (e.g., Orientation) 
have lower discriminative power (Arcuri et al., 2015; de Paula Brandão 
et al., 2025). Several authors have further pointed out that certain 
Orientation and Language items are more informative for advanced 
stages of pathology, while Memory appears to be less informative 
across the ability continuum (Tan et al., 2021; Tsai et al., 2012).

Short forms of MoCA

Analyses of MoCA short forms developed using IRT consistently 
support the unidimensional structure of the test (Roalf et al., 2016; 
Bezdicek et al., 2020; Tan et al., 2021) (see Table 3). Roalf et al. (2016) 
identified an eight-item short form comprising Clock Draw, Trail 
making, Attention Digit Backwards, Attention Substraction, Language 
Fluency, Abstraction, Delayed Recall, Naming (rhino), and 
Orientation (place) items. This structure partially overlapped with the 
Czech version (Bezdicek et al., 2020), which differed specifically 
Orientation (place) and Naming (rhino). Tan et al. (2021) derived a 
six-item short form including Trail Making, Cube Copy, Attention 

Digit Span, Language Fluency, Clock Draw, and Delayed Recall. 
Across all studies, the selected items demonstrated adequate capacity 
to distinguish among different cognitive levels.

Finally, Hemrungrojn et al. (2024) identified 5-item MoCA brief 
in a sample of 181 Thai older adults: Clock Time, Subtract 7, Fluency, 
Month, and Year.

Discussion and conclusions

The present study examined the factorial structure of the MoCA 
using both CTT and IRT approaches. Overall, the results confirmed 
that the MoCA captures a broad set of cognitive domains. However, 
previous research has reported notable variability in its dimensional 
structure across studies and populations. Within the CTT framework, 
findings regarding the factorial structure have been notably 
inconsistent. For instance, Duro et al. (2010) proposed a two-factor 
model, whereas several studies have supported a second-order model 
in which first-order cognitive domains loaded onto a higher-order 
global cognition factor (Coen et al., 2016; Freitas et al., 2012; Karim 
and Venkatachalam, 2022). Additional evidence for a hierarchical 
model was provided by Sala et al. (2020), who identified seven 
cognitive domains contributing to a general cognitive factor. The IRT 
approach has identified specific items and domains of the MoCA with 
variability in discriminative and difficulty parameters. Performance in 
the Executive and Visuospatial domains consistently demonstrated 
strong discriminative properties across studies. Tasks such as the Trail 
Making Test and the Clock Drawing were among the most 
discriminative indicators of cognitive ability, displaying high 
discrimination parameters and the Cube was identified as the most 
difficult task (Luo et al., 2020). Aiello et al. (2022) further reported 
that the items exhibiting the least difficulty were the Clock Drawing 
Test –Contour. The Memory domain exhibited higher item difficulty, 
suggesting that correct responses require relatively elevated levels of 
cognitive ability. As noted by de Paula Brandão et al. (2025) and Tsai 
et al. (2012), memory items have been shown to be particularly 
informative for differentiating normal aging from MCI. This finding 
aligns with the well-established evidence that episodic memory—as 
assessed by the Memory Recall task—is particularly sensitive to 
decline during the prodromal stages of Alzheimer’s disease (Lee, 
2023). On the other hand, language items demonstrated more variable 
discriminative power across samples. Repetition and verbal fluency 
tasks emerged as some of the most discriminative items of cognitive 
functioning (Aiello et al., 2022; Tsai et al., 2012). In contrast, naming 
and abstraction items demonstrated less consistent performance, 
particularly in lower-educated groups. These findings showed that the 
Language domain is indicative not only of cognitive functioning but 
also of sociolinguistic factors. This underscores the need for 
population-specific norms and potential adaptations for non-native 
speakers. The Attention domain generally demonstrated moderate to 
high discrimination across the ability continuum, whereas items 
belonging to the Orientation domain (City, Place, Month, Day, Year, 
Week) consistently exhibited low difficulty and limited 
discriminative power.

The findings of this study demonstrate that Executive and 
Visuospatial tasks, such as the Trial Making Test and the Clock 
Drawing, along with certain Language items (e.g., Naming), exhibited 
a greater capacity to differentiate across levels of the latent trait θ. In 
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TABLE 3  Short versions of the MoCA.

Study P-population I-intervention C-comparison O-outcome

Roalf et al. (2016) N = 1850

(MCI, AD, PD)

Age: 70 ± 10.15

Graded Response Model (GRM) One-factor second order model: 

(1) Visuospatial/ Executive, (2) 

Naming, (3) Attention, (4) 

Language, (5) Abstraction, (6) 

Recall Memory, (7) Orientation.

Higher-order global cognition 

factor named “Cognition.”

Item included: Clock Draw, 

Trail Making, Attention Serial 

Subtraction, Language Fluency, 

Abstraction, Delayed Recall, 

Naming (rhino), Orientation 

(place).

Item Characteristic and 

Information Curves 

Orientation showed that Serial 

subtraction, Clock Draw, Trail 

Making, and Delayed Recall 

had the highest curves, with 

high discriminatory power. 

Serial subtraction, Clock Draw, 

and Delayed Recall were the 

most difficult (0 to 3 SD).

Tan et al. (2021) N = 4.007 HG

N = 2.205 MCI

N = 769 Dementia

Age: from 80 to 90

Age: Mean ± SD unavailable.

Graded Response Model (GRM) One-factor second order model: 

(1) Visuospatial/ Executive, (2) 

Naming, (2) Attention, (3) 

Language, (4) Abstraction, (5) 

Recall Memory, (6) Orientation.

Higher-order global cognition 

factor named “Cognition.”

Item included:

Trail Making, Cube Copy, 

Attention Digit Span, 

Language Fluency, Clock 

Draw, Delayed Recall.

Item Characteristic and 

Information Curves 

Orientation showed that Serial 

subtraction, Clock Draw and 

Language Fluency had the 

highest curves, with high 

discriminatory power. 

Language Fluency was the 

most difficult (0 to 3 SD).

Hemrungrojn et al. (2024) N = 60 HG

Age: 67.9 ± 6.4

N = 61 MCI

Age: 72.1 ± 7.0

N = 60 AD

Age: 76.8 ± 8.0

Partial Least Squares (PLS) One-factor second order model: 

(1) Visuospatial/ Executive, (2) 

Naming, (3) Attention, (4) 

Language, (5) Abstraction, (6) 

Recall Memory, (7) Orientation.

Higher-order global cognition 

factor named “Cognition.”

Item included:

Clock Time, Subtract 7, 

Fluency, Month, Year. All items 

loaded significantly on the 

latent factor, with loadings 

ranging from 0.571 and 0.763 

(p < 0.01), supporting the 

internal consistency of the 

instrument (Cronbach’s 

Alpha = 0.832).

Bezdicek et al. (2020) Total sample

Czech Sample

N = 699 HG

Age: 71.27 ± 14.24

American sample

N = 175 HG

Age: 71.96 ± 9.34

N = 102 PD

Age: 60.47 ± 8.54

Graded Response Model (GRM) One-factor second order model: 

(1) Visuospatial/ Executive, (2) 

Naming, (3) Attention, (4) 

Language, (5) Abstraction, (6) 

Recall Memory, (7) Orientation.

Higher-order global cognition 

factor named “Cognition.”

Item included: Clock Draw, 

Trail Making, Attention Serial 

Subtraction, Language Fluency, 

Abstraction, Delayed Recall, 

Digit Span Backwards, 

Language Repetition.

Orientation Day and Attention 

Subtraction had higher 

discrimination (aj = 0.88 and 

0.78, respectively). The Clock 

Draw (bj = −3.56) was the 

easiest.

HG, Healthy Group; AD, Alzheimer’s Disease; PD, Parkinson’s Disease; MCI, Mild Cognitive Impairment; DIF, Differential Item Functioning; GRM, Graded Response Model; SD, Standard 
Deviation; PLS, Partial Least Square.
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contrast, Language Fluency and Memory Recall tasks present the 
highest levels of difficulty. Moreover, the Orientation domain showed 
both low difficulty and low discrimination, sugesting a ceiling effect.

Substantial variation was observed across the reviewed studies in 
how authors addressed the heterogeneity of MoCA response format. 
Most authors (Bezdicek et al., 2020; de Paula Brandão et al., 2025; 
Freitas et al., 2014; Luo et al., 2020; Roalf et al., 2016; Tan et al., 2021; 
Tsai et al., 2012) retained the original scoring method, although that 
such a method might diminish the uniformity of items limiting the 
comparability of the derived parameters. In contrast, Aiello et al. 
(2022) dichotomized all items prior to applying the GRM, resulting in 
a uniform metric that simplifies cross-item comparison and model 
estimation. Nonetheless, for purposes of early detection and fine-
grained profiling of cognitive abilities, retaining polytomous response 
categories is generally preferable as it preserves informational richness. 
Standardized scoring strategies ensure the comparability of item 
parameters and the aggregation of results to produce generalizable 
norms based on latent trait levels. As highlighted by Kline (2005) and 
Embretson and Reise (2013), psychometric validity depends on the 
use of a common metric and a coherent dimensional structure. When 
these conditions are not met, both measurement and construct 
validity may be undermined. Additionally, without a uniform and 
theoretically justified metric, parameter interpretation becomes less 
robust, potentially diminishing diagnostic accuracy.

Clinical implications

From a clinician’s perspective, identifying the MoCA items and 
dimensions that exhibit the highest discrimination aj and difficulty bj 
parameters provides evidence-based guidance to enhance the 
effectiveness of cognitive screening procedures. Items with high 
discrimination are particularly sensitive to minimal differences in 
cognitive ability and are therefore crucial for the early detection of 
MCI. Conversely, high-difficulty items are more likely to be failed by 
participants with more pronounced deficits, making them especially 
informative in case of moderate to severe stages of cognitive impairment.

Conversely, items with low discriminative and difficulty 
parameters provide reduced utility for the early detection of cognitive 
decline. This is due to the fact that even participants with mild 
impairment typically tend to respond correctly to these items, 
increasing the likelihood of false negatives in the early stages of 
pathology (Embretson and Reise, 2013). Clinicians should interpret 
each domain as reflecting specific cognitive processes that may guide 
differential diagnosis.

Items with high discrimination are particularly sensitive to small 
differences in cognitive ability, and their relevance for early diagnosis 
is further einforced when cross-validation analyses exhibits that these 
items have high discriminative power across independent samples 
(Wen et al., 2025).

The Executive, Visuospatial, and Attentional domains 
demonstrated the highest discriminative power, confirming their 
sensitivity to early cognitive decline. Language and Memory tasks 
were found to be more difficult, reflecting their reliance on higher-
order cognitive and educational background. In contrast, Orientation 
items showed both low discrimination and difficulty, suggesting 
limited diagnostic utility except in more advanced stages of 
impairment. From a clinical perspective, it is essential to interpret 
each domain as reflecting specific cognitive processes that can inform 

differential diagnosis and guide early intervention strategies. For 
instance, low performance in Executive or Visuospatial tasks may 
signal early-fronto-subcortical or attentional dysfunction, whereas 
difficulties in Deylayed Recall or Language Repetition may indicate 
imapairment in the temporal or semantic networks (Ma et al., 2023). 
The cognitive deficits observed in individuals with MCI can be well-
established predictors of progression to Alzheimer’s disease (Mieling 
et al., 2025; Spalletta et al., 2014). A recent meta-analysis by Salemme 
et al. (2025), including 89 studies, reported conversion rates of 41.5% 
in clinical cohorts and 27.0% in population-based studies. Such 
evidence is essential for informing early, targeted interventions aimed 
at modifying risk and protective factors. In conclusion, the present 
study contributes to the field by integrating CTT and IRT evidence to 
clarify how individual MoCA items and domains function 
psychometrically and clinically. The findings highlight domain-
specific patterns of difficulty and discrimination, emphasize the 
importance of sociodemographic influences, and underscore the need 
for methodological rigor in scoring and interpretation. Together, these 
insights support more accurate cognitive profiling and more effective 
clinical screening for early cognitive impairment.

Author contributions

MS: Conceptualization, Writing – original draft, Writing – review 
& editing. MB: Funding acquisition, Writing – review & editing. GD'I: 
Writing – review & editing. MT: Writing – review & editing. RP: 
Writing  – review & editing. GS: Writing  – review & editing. LC: 
Conceptualization, Funding acquisition, Writing – review & editing.

Funding

The author(s) declare that financial support was received for the 
research and/or publication of this article. The research leading to 
these results has received funding from University of Foggia: PRIN-
MIUR 2022, grant no. P20228ALJP, Principal Investigator LC.

Conflict of interest

The authors declare that the research was conducted in the 
absence of any commercial or financial relationships that could be 
construed as a potential conflict of interest.

The author(s) declared that they were an editorial board member 
of Frontiers, at the time of submission. This had no impact on the peer 
review process and the final decision.

Generative AI statement

The authors declare that no Gen AI was used in the creation of 
this manuscript.

Any alternative text (alt text) provided alongside figures in this 
article has been generated by Frontiers with the support of artificial 
intelligence and reasonable efforts have been made to ensure accuracy, 
including review by the authors wherever possible. If you identify any 
issues, please contact us.

https://doi.org/10.3389/fpsyg.2025.1727202
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org


Sergi et al.� 10.3389/fpsyg.2025.1727202

Frontiers in Psychology 10 frontiersin.org

Publisher’s note

All claims expressed in this article are solely those of the authors 
and do not necessarily represent those of their affiliated 

organizations, or those of the publisher, the editors and the 
reviewers. Any product that may be evaluated in this article, or 
claim that may be made by its manufacturer, is not guaranteed or 
endorsed by the publisher.

References
Aiello, E. N., Gramegna, C., Esposito, A., Gazzaniga, V., Zago, S., Difonzo, T., et al. 

(2022). The Montreal cognitive assessment (MoCA): updated norms and psychometric 
insights into adaptive testing from healthy individuals in northern Italy. Aging Clin. Exp. 
Res. 34, 1–8. doi: 10.1007/s40520-022-02161-5

American Psychiatric Association (2022). Diagnostic and statistical manual of mental 
disorders. 5th Edn. Washington, DC: American psychiatric association.

Arcuri, G. G., Palladini, L., Dumas, G., Lemoignan, J., and Gagnon, B. (2015). 
Exploring the measurement properties of the Montreal Cognitive Assessment in a 
population of people with cancer. Supportive Care in Cancer 23, 2779–2787.

Arevalo-Rodriguez, I., Smailagic, N., Figuls, M. R., Ciapponi, A., Sanchez-Perez, E., 
et al. (2015). Mini-Mental State Examination (MMSE) for the detection of Alzheimer’s 
disease and other dementias in people with mild cognitive impairment (MCI). Cochrane 
Database of Systematic Reviews. doi: 10.1002/14651858.CD010783.pub2

Baker, F. B. (2001). The basics of item response theory. College Park, MD: Eric 
Clearinghouse on Assessment and Evaluation.

Balsamo, M., Cataldi, F., Carlucci, L., and Fairfield, B. (2018a). Assessment of anxiety 
in older adults: a review of self-report measures. Clin. Interv. Aging 13, 573–593. doi: 
10.2147/CIA.S114100

Balsamo, M., Cataldi, F., Carlucci, L., Padulo, C., and Fairfield, B. (2018b). Assessment 
of late-life depression via self-report measures: a review. Clin. Interv. Aging 13, 
2021–2044. doi: 10.2147/CIA.S178943

Balsamo, M., Giampaglia, G., and Saggino, A. (2014). Building a new Rasch-based 
self-report inventory of depression. Neuropsychiatr. Dis. Treat. 10, 153–165. doi: 10.2147/
NDT.S53425

Balsamo, M., and Saggino, A. (2014). Determining a diagnostic cut-off on the Teate 
depression inventory. Neuropsychiatr. Dis. Treat. 10, 987–995. doi: 10.2147/NDT.S55706

Benge, J. F., Balsis, S., Madeka, T., Uhlman, C., Lantrip, C., and Soileau, M. J. (2017). 
Factor structure of the Montreal cognitive assessment items in a sample with early 
Parkinson's disease. Parkinsonism Relat. Disord. 41, 104–108. doi: 10.1016/j.
parkreldis.2017.05.023

Bermejo-Pareja, F., Contador, I., Del Ser, T., Olazarán, J., Llamas-Velasco, S., Vega, S., 
et al. (2021). Predementia constructs: Mild cognitive impairment or mild neurocognitive 
disorder? A narrative review. International Journal of Geriatric Psychiatry 36, 743–755.

Bezdicek, O., Červenková, M., Moore, T. M., Stepankova Georgi, H., Sulc, Z., 
Wolk, D. A., et al. (2020). Determining a short form Montreal cognitive assessment 
(s-MoCA) Czech version: validity in mild cognitive impairment Parkinson’s disease and 
cross-cultural comparison. Assessment 27, 1960–1970. doi: 10.1177/1073191118778896

Borson, S., Scanlan, J., Brush, M., Vitaliano, P., and Dokmak, A. (2000). The mini-cog: 
a cognitive ‘vital signs’ measure for dementia screening in multi-lingual elderly. 
International Journal of Geriatric Psychiatry 15, 1021–1027.

Bosco, A., Spano, G., Caffò, A. O., Lopez, A., Grattagliano, I., Saracino, G., et al. 
(2017). Italians do it worse. Montreal cognitive assessment (MoCA) optimal cut-off 
scores for people with probable Alzheimer’s disease and with probable cognitive 
impairment. Aging Clin. Exp. Res. 29, 1113–1120. doi: 10.1007/s40520-017-0727-6

Brandão, P. R. D. P., Pereira, D. A., Koshimoto, B. H. B., Borges, V., Ferraz, H. B., 
Schuh, A. F. S., et al. (2025). Investigating the Measurement Precision of the Montreal 
Cognitive Assessment (MoCA) for Cognitive Screening in Parkinson’s Disease Through 
Item Response Theory. Journal of Dementia and Alzheimer’s Disease 2:19.

Ciesielska, N., Sokołowski, R., Mazur, E., Podhorecka, M., Polak-Szabela, A., and 
Kędziora-Kornatowska, K. (2016). Is the Montreal cognitive assessment (MoCA) test 
better suited than the Mini-mental state examination (MMSE) in mild cognitive 
impairment (MCI) detection among people aged over 60? Meta-analysis. Psychiatr. Pol. 
50, 1039–1052. doi: 10.12740/PP/45368

Coen, R. F., Robertson, D. A., Kenny, R. A., and King-Kallimanis, B. L. (2016). 
Strengths and limitations of the MoCA for assessing cognitive functioning: findings 
from a large representative sample of Irish older adults. J. Geriatr. Psychiatry Neurol. 29, 
18–24. doi: 10.1177/0891988715598236

Conti, S., Bonazzi, S., Laiacona, M., Masina, M., and Coralli, M. V. (2015). Montreal 
cognitive assessment (MoCA)-Italian version: regression based norms and equivalent 
scores. Neurol. Sci. 36, 209–214. doi: 10.1007/s10072-014-1921-3

Cova, I., Nicotra, A., Maestri, G., Canevelli, M., Pantoni, L., and Pomati, S. (2022). 
Translations and cultural adaptations of the Montreal cognitive assessment: a systematic 
and qualitative review. Neurol. Sci. 43, 113–124. doi: 10.1007/s10072-021-05716-y

Cronbach, L. J., and Meehl, P. E. (1955). Construct validity in psychological tests. 
Psychol. Bull. 52, 281–302. doi: 10.1037/h0040957

D’Iorio, A., Aiello, E. N., Trinchillo, A., Silani, V., Ticozzi, N., Ciammola, A., et al. 
(2023). Clinimetrics of the Italian version of the Montreal cognitive assessment (MoCA) 
in adult-onset idiopathic focal dystonia. J. Neural Transm. 130, 1571–1578. doi: 10.1007/
s00702-023-02663-0

Dautzenberg, G., Lijmer, J., and Beekman, A. (2020). Diagnostic accuracy of the 
Montreal cognitive assessment (MoCA) for cognitive screening in old age psychiatry: 
determining cutoff scores in clinical practice. Avoiding spectrum bias caused by healthy 
controls. Int. J. Geriatr. Psychiatry 35, 261–269. doi: 10.1002/gps.5227

de Paula Brandão, P. R. D. P., Pereira, D. A., Koshimoto, B. H. B., Borges, V., 
Ferraz, H. B., Schuh, A. F. S., et al. (2025). Investigating the measurement precision of 
the Montreal cognitive assessment (MoCA) for cognitive screening in Parkinson’s 
disease through Item Response Theory. J. Dement. Alzheimers Dis. 2:19. doi: 10.3390/
jdad2020019

delCacho-Tena, A., Christ, B. R., Arango-Lasprilla, J. C., Perrin, P. B., Rivera, D., 
and Olabarrieta-Landa, L. (2024). Normative data estimation in neuropsychological 
tests: a systematic review. Arch. Clin. Neuropsychol. 39, 383–398. doi: 10.1093/
arclin/acad084

DeVellis, R. F., and Thorpe, C. T. (2022). Scale development: Theory and applications. 
Thousand Oaks, California: Sage publications.

Duro, D., Simões, M. R., Ponciano, E., and Santana, I. (2010). Validation studies of the 
Portuguese experimental version of the Montreal Cognitive Assessment (MoCA): 
confirmatory factor analysis. Journal of Neurology 257, 728–734.

El-Den, S., Schneider, C., Mirzaei, A., and Carter, S. (2020). How to measure a latent 
construct: psychometric principles for the development and validation of measurement 
instruments. Int. J. Pharm. Pract. 28, 326–336. doi: 10.1111/ijpp.12600

Eling, P. (2019). History of neuropsychological assessment. Frontiers in Neurology and 
Neuroscience 44, 164–178.

Embretson, S. E., and Reise, S. P. (2013). Item Response Theory for psychologists. 
New York: Psychology Press.

Fabrigar, L. R., Wegener, D. T., MacCallum, R. C., and Strahan, E. J. (1999). Evaluating 
the use of exploratory factor analysis in psychological research. Psychol. Methods 4, 
272–299. doi: 10.1037/1082-989X.4.3.272

Fenn, J., Tan, C. S., and George, S. (2020). Development, validation and translation of 
psychological tests. BJPsych Adv. 26, 306–315. doi: 10.1192/bja.2020.33

Fernandes, B., Goodarzi, Z., and Holroyd-Leduc, J. (2021). Optimizing the diagnosis 
and management of dementia within primary care: a systematic review of systematic 
reviews. BMC Family Practice 22:166. doi: 10.1186/s12875-021-01461-5

Fiorenzato, E., Cauzzo, S., Weis, L., Garon, M., Pistonesi, F., Cianci, V., et al. (2024). 
Optimal MMSE and MoCA cutoffs for cognitive diagnoses in Parkinson's disease: a 
data-driven decision tree model. J. Neurol. Sci. 466:123283. doi: 10.1016/j.
jns.2024.123283

Floyd, F. J., and Widaman, K. F. (1995). Factor analysis in the development and 
refinement of clinical assessment instruments. Psychol. Assess. 7, 286–299. doi: 
10.1037/1040-3590.7.3.286

Folstein, M. F., Folstein, S. E., and McHugh, P. R. (1975). “Mini-mental state”: a 
practical method for grading the cognitive state of patients for the clinician. J. Psychiatr. 
Res. 12, 189–198. doi: 10.1016/0022-3956(75)90026-6

Freitas, S., Prieto, G., Simões, M. R., and Santana, I. (2014). Psychometric properties 
of the Montreal cognitive assessment (MoCA): an analysis using the Rasch model. Clin. 
Neuropsychol. 28, 65–83. doi: 10.1080/13854046.2013.870231

Freitas, S., Simões, M. R., Alves, L., and Santana, I. (2013). Montreal cognitive 
assessment: validation study for mild cognitive impairment and Alzheimer disease. 
Alzheimer Dis. Assoc. Disord. 27, 37–43. doi: 10.1097/WAD.0b013e3182420bfe

Freitas, S., Simoes, M. R., Marôco, J., Alves, L., and Santana, I. (2012). Construct 
validity of the Montreal cognitive assessment (MoCA). J. Int. Neuropsychol. Soc. 18, 
242–250. doi: 10.1017/S1355617711001573

Garrido, C. C., González, D. N., Urbano, L. S., and Piera, P. J. F. (2019). 
Multidimensional or essentially unidimensional? A multi-faceted factor-analytic 
approach for assessing the dimensionality of tests and items. Psicothema 4, 450–457. doi: 
10.7334/psicothema2019.153

Goretzko, D., Pham, T. T. H., and Bühner, M. (2021). Exploratory factor analysis: 
current use, methodological developments and recommendations for good practice. 
Curr. Psychol. 40, 3510–3521. doi: 10.1007/s12144-019-00300-2

https://doi.org/10.3389/fpsyg.2025.1727202
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org
https://doi.org/10.1007/s40520-022-02161-5
https://doi.org/10.1002/14651858.CD010783.pub2
https://doi.org/10.2147/CIA.S114100
https://doi.org/10.2147/CIA.S178943
https://doi.org/10.2147/NDT.S53425
https://doi.org/10.2147/NDT.S53425
https://doi.org/10.2147/NDT.S55706
https://doi.org/10.1016/j.parkreldis.2017.05.023
https://doi.org/10.1016/j.parkreldis.2017.05.023
https://doi.org/10.1177/1073191118778896
https://doi.org/10.1007/s40520-017-0727-6
https://doi.org/10.12740/PP/45368
https://doi.org/10.1177/0891988715598236
https://doi.org/10.1007/s10072-014-1921-3
https://doi.org/10.1007/s10072-021-05716-y
https://doi.org/10.1037/h0040957
https://doi.org/10.1007/s00702-023-02663-0
https://doi.org/10.1007/s00702-023-02663-0
https://doi.org/10.1002/gps.5227
https://doi.org/10.3390/jdad2020019
https://doi.org/10.3390/jdad2020019
https://doi.org/10.1093/arclin/acad084
https://doi.org/10.1093/arclin/acad084
https://doi.org/10.1111/ijpp.12600
https://doi.org/10.1037/1082-989X.4.3.272
https://doi.org/10.1192/bja.2020.33
https://doi.org/10.1186/s12875-021-01461-5
https://doi.org/10.1016/j.jns.2024.123283
https://doi.org/10.1016/j.jns.2024.123283
https://doi.org/10.1037/1040-3590.7.3.286
https://doi.org/10.1016/0022-3956(75)90026-6
https://doi.org/10.1080/13854046.2013.870231
https://doi.org/10.1097/WAD.0b013e3182420bfe
https://doi.org/10.1017/S1355617711001573
https://doi.org/10.7334/psicothema2019.153
https://doi.org/10.1007/s12144-019-00300-2


Sergi et al.� 10.3389/fpsyg.2025.1727202

Frontiers in Psychology 11 frontiersin.org

Hambleton, R. K., Merenda, P. F., and Spielberger, C. D. (2004). Adapting educational 
and psychological tests for cross-cultural assessment. Mahwah, New Jersey (USA). 
Mahwah, New Jersey (USA): Psychology Press.

Hemrungrojn, S., Amrapala, A., and Maes, M. (2024). Construction of a short version 
of the Montreal cognitive assessment (MoCA) rating scale for the Thai population using 
partial least squares analysis. Int. J. Neurosci. 134, 16–27. doi: 
10.1101/2022.05.05.22274726

Hernández-Medrano, A. J., Cervantes-Arriaga, A., Correa-Medina, E. I., 
Sánchez-Dinorín, G., Rodríguez-Violante, M., and Solís-Vivanco, R. (2025). 
Establishing a MoCA cut-off point for cognitive impairment detection in Mexican 
people living with Parkinson's disease: a comprehensive assessment (level II) 
approach. Parkinsonism Relat. Disord. 132:107265. doi: 10.1016/j.
parkreldis.2025.107265

Howieson, D. (2019). Current limitations of neuropsychological tests and assessment 
procedures. Clin. Neuropsychol. 33, 200–208. doi: 10.1080/13854046.2018.1552762

Hu, L. T., and Bentler, P. M. (1999). Cutoff criteria for fit indexes in covariance 
structure analysis: conventional criteria versus new alternatives. Struct. Equ. Model. 
Multidiscip. J. 6, 1–55. doi: 10.1080/10705519909540118

International Test Commission Guidelines (2017). The ITC guidelines for translating 
and adapting tests. Second Edn. Leuven, Belgium: International Test Commission (ITC)

Italian National Institute of Health (2025). Newsletter DELL’OSSERVATORIO 
DEMENZE DELL’ISTITUTO SUPERIORE di SANITÀ. Leuven, Belgium: International 
Test Commission (ITC). Available online at: https://www.demenze.it/it-schede-10077-
newsletter_1 (Accessed August 1, 2025).

Jia, X., Wang, Z., Huang, F., Su, C., Du, W., Jiang, H., et al. (2021). A comparison of 
the Mini-mental state examination (MMSE) with the Montreal cognitive assessment 
(MoCA) for mild cognitive impairment screening in Chinese middle-aged and older 
population: a cross-sectional study. BMC Psychiatry 21:485. doi: 10.1186/
s12888-021-03495-6

Jorm, A. F., and Jacomb, P. A. (1989). The Informant Questionnaire on Cognitive 
Decline in the Elderly (IQCODE): socio-demographic correlates, reliability, validity and 
some norms. Psychological Medicine 19, 1015–1022.

Julayanont, P., Phillips, N., Chertkow, H., and Nasreddine, Z. S. (2013). Montreal 
cognitive assessment (MoCA): concept and clinical review. Cognitive screening 
instruments: A practical approach. Larner, A. J. (Ed.) London: Springer,  111–151.

Karim, M. A., and Venkatachalam, J. (2022). Construct validity and psychometric 
properties of the Tamil (India) version of Montreal cognitive assessment (T-MoCA) in 
elderly. Int. J. Gerontol. 16, 365–369. doi: 10.6890/IJGE.202210_16(4).0010

Karimi, L., Mahboub-Ahari, A., Jahangiry, L., Sadeghi-Bazargani, H., and 
Farahbakhsh, M. (2022). A systematic review and meta-analysis of studies on screening 
for mild cognitive impairment in primary healthcare. BMC Psychiatry 22:97. doi: 
10.1186/s12888-022-03730-8

Khan, G., Mirza, N., and Waheed, W. (2022). Developing guidelines for the translation 
and cultural adaptation of the Montreal cognitive assessment: scoping review and 
qualitative synthesis. BJPsych Open 8:e21. doi: 10.1192/bjo.2021.1067

Kline, T. (2005). Psychological testing: A practical approach to design and evaluation. 
Thousand Oaks, California: Sage.

Kline, P. (2015). A handbook of test construction (psychology revivals): Introduction 
to psychometric design. London: Routledge.

Krishnan, K., Rossetti, H., Hynan, L. S., Carter, K., Falkowski, J., Lacritz, L., et al. 
(2017). Changes in Montreal cognitive assessment scores over time. Assessment 24, 
772–777. doi: 10.1177/1073191116654217

Lee, J. (2023). Mild cognitive impairment in relation to Alzheimer’s disease: an 
investigation of principles, classifications, ethics, and problems. Neuroethics 16:16. doi: 
10.1007/s12152-023-09522-5

Li, C. H. (2016). Confirmatory factor analysis with ordinal data: comparing robust 
maximum likelihood and diagonally weighted least squares. Behav. Res. Methods 48, 
936–949. doi: 10.3758/s13428-015-0619-7

Li, S., and Savalei, V. (2025). Evaluating statistical fit of confirmatory bifactor 
models: Updated recommendations and a review of current practice. Washington, DC: 
Psychological Methods.

Limongi, F., Noale, M., Bianchetti, A., Ferrara, N., Padovani, A., Scarpini, E., et al. 
(2019). The instruments used by the Italian centres for cognitive disorders and dementia 
to diagnose mild cognitive impairment (MCI). Aging Clinical and Experimental Research 
31, 101–107. doi: 10.1007/s40520-018-1032-8

Linacre, J. (2011). A user's guide to winsteps: Rasch-model computer programs. 
Chicago, IL: Winsteps.com.

Luo, Y., Yu, J., Zhou, Y., and Chen, W. (2020). Applying Item Response Theory to the 
Montreal cognitive assessment in older adults with low education. Psychol. Assess. 32, 
972–983. doi: 10.1037/pas0000942

Ma, J., Zheng, M. X., Wu, J. J., Xing, X. X., Xiang, Y. T., Wei, D., et al. (2023). Mapping 
the long-term delayed recall-based cortex-hippocampus network constrained by the 
structural and functional connectome: a case-control multimodal MRI study. Alzheimer’s 
Research & Therapy 15:61. doi: 10.1186/s13195-023-01197-7

Malek-Ahmadi, M., and Nikkhahmanesh, N. (2024). Meta-analysis of Montreal 
cognitive assessment diagnostic accuracy in amnestic mild cognitive impairment. Front. 
Psychol. 15:1369766. doi: 10.3389/fpsyg.2024.1369766

Masters, G. N. (2016). “Partial credit model” in Handbook of Item Response Theory, 
New York: Taylor & Francis Group, 109–126.

Methley, A. M., Campbell, S., Chew-Graham, C., McNally, R., and Cheraghi-Sohi, S. 
(2014). PICO, PICOS and SPIDER: a comparison study of specificity and sensitivity in 
three search tools for qualitative systematic reviews. BMC Health Serv. Res. 14, 1–10. doi: 
10.1186/s12913-014-0579-0

Mieling, M., Yousuf, M., and Bunzeck, N. (2025). Predicting the progression of MCI 
and Alzheimer’s disease on structural brain integrity and other features with machine 
learning. GeroScience, 1–25.

Mioshi, E., Dawson, K., Mitchell, J., Arnold, R., and Hodges, J. R. (2006). The 
Addenbrooke’s Cognitive Examination Revised (ACE-R): a brief cognitive test battery 
for dementia screening. International Journal of Geriatric Psychiatry 21, 1078–1085.

Morris, J. C., Heyman, A., Mohs, R. C., Hughes, J. P., van Belle, G., Fillenbaum, G. D., 
et al. (1989). The Consortium to Establish a Registry for Alzheimer’s Disease (CERAD). 
Part I. Clinical and neuropsychological assessment of Alzheimer’s disease. Neurology 39, 
1159–1165.

Nasreddine, Z. S., Phillips, N. A., Bédirian, V., Charbonneau, S., Whitehead, V., 
Collin, I., et al. (2005). The Montreal cognitive assessment, MoCA: a brief screening tool 
for mild cognitive impairment. J. Am. Geriatr. Soc. 53, 695–699. doi: 
10.1111/j.1532-5415.2005.53221.x

Nguyen, C. M., Rampa, S., Staios, M., Nielsen, T. R., Zapparoli, B., Zhou, X. E., et al. 
(2024). Neuropsychological application of the international test commission guidelines 
for translation and adapting of tests. J. Int. Neuropsychol. Soc. 30, 621–634. doi: 10.1017/
S1355617724000286

Öksüz, N., Ghouri, R., Taşdelen, B., Uludüz, D., and Özge, A. (2024). Mild 
cognitive impairment progression and Alzheimer’s disease risk: a comprehensive 
analysis of 3553 cases over 203 months. J. Clin. Med. 13:518. doi: 10.3390/
jcm13020518

Petersen, R. C., Smith, G. E., Waring, S. C., Ivnik, R. J., Tangalos, E. G., and Kokmen, E. 
(1999). Mild cognitive impairment: clinical characterization and outcome. Arch. Neurol. 
56, 303–308. doi: 10.1001/archneur.56.3.303

Pirani, A., Nasreddine, Z., Neviani, F., Fabbo, A., Rocchi, M. B., Bertolotti, M., et al. 
(2022). MoCA 7.1: multicenter validation of the first Italian version of Montreal 
Cognitive Assessment. Journal of Alzheimer’s Disease Reports 6, 509–520.

Pirrotta, F., Timpano, F., Bonanno, L., Nunnari, D., Marino, S., Bramanti, P., et al. 
(2015). Italian validation of Montreal cognitive assessment. Eur. J. Psychol. Assess. 31, 
131–137. doi: 10.1027/1015-5759/a000217

Preston, C. C., and Colman, A. M. (2000). Optimal number of response categories in 
rating scales: reliability, validity, discriminating power, and respondent preferences. Acta 
Psychol. 104, 1–15. doi: 10.1016/S0001-6918(99)00050-5

Randolph, C., Tierney, M. C., Mohr, E., and Chase, T. N. (1998). The Repeatable 
Battery for the Assessment of Neuropsychological Status (RBANS): preliminary clinical 
validity. Journal of Clinical and Experimental Neuropsychology 20, 310–319.

Raykov, T., and Marcoulides, G. A. (2011). Introduction to psychometric theory. 
New York: Routledge.

Richard, E., and Brayne, C. (2014). Mild cognitive impairment—not always what it 
seems. Nature Reviews Neurology 10, 130–131. doi: 10.1038/nrneurol.2014.23

Roalf, D. R., Moore, T. M., Wolk, D. A., Arnold, S. E., Mechanic-Hamilton, D., Rick, J., 
et al. (2016). Defining and validating a short form Montreal cognitive assessment 
(s-MoCA) for use in neurodegenerative disease. J. Neurol. Neurosurg. Psychiatry 87, 
1303–1310. doi: 10.1136/jnnp-2015-312723

Sala, G., Inagaki, H., Ishioka, Y., Masui, Y., Nakagawa, T., Ishizaki, T., et al. (2020). The 
psychometric properties of the Montreal cognitive assessment (MoCA). Swiss J. Psychol. 
79, 155–161. doi: 10.1024/1421-0185/a000242

Salemme, S., Lombardo, F. L., Lacorte, E., Sciancalepore, F., Remoli, G., Bacigalupo, I., 
et al. (2025). The prognosis of mild cognitive impairment: a systematic review and meta-
analysis. Alzheimers Dement. Diagn. Assess. Dis. Monit. 17:e70074. doi: 10.1002/
dad2.70074

Samejima, F. (2016). “Graded response models” in Handbook of Item Response 
Theory (Chapman and Hall/CRC), New York: Taylor & Francis Group, 95–107.

Santangelo, G., Siciliano, M., Pedone, R., Vitale, C., Falco, F., Bisogno, R., et al. (2015). 
Normative data for the Montreal cognitive assessment in an Italian population sample. 
Neurol. Sci. 36, 585–591. doi: 10.1007/s10072-014-1995-y

Schmucker, R., and Moore, S. (2025). The impact of item-writing flaws on difficulty 
and discrimination in Item Response Theory. Arxiv [Preprint]. doi: 10.48550/
arXiv.2503.10533

Sellbom, M., and Tellegen, A. (2019). Factor analysis in psychological assessment 
research: common pitfalls and recommendations. Psychol. Assess. 31, 1428–1441. doi: 
10.1037/pas0000623

Smith, C. R., Cavanagh, J., Sheridan, M., Grosset, K. A., Cullen, B., and Grosset, D. G. 
(2020). Factor structure of the Montreal cognitive assessment in Parkinson disease. Int. 
J. Geriatr. Psychiatry 35, 188–194. doi: 10.1002/gps.5234

https://doi.org/10.3389/fpsyg.2025.1727202
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org
https://doi.org/10.1101/2022.05.05.22274726
https://doi.org/10.1016/j.parkreldis.2025.107265
https://doi.org/10.1016/j.parkreldis.2025.107265
https://doi.org/10.1080/13854046.2018.1552762
https://doi.org/10.1080/10705519909540118
https://www.demenze.it/it-schede-10077-newsletter_1
https://www.demenze.it/it-schede-10077-newsletter_1
https://doi.org/10.1186/s12888-021-03495-6
https://doi.org/10.1186/s12888-021-03495-6
https://doi.org/10.6890/IJGE.202210_16(4).0010
https://doi.org/10.1186/s12888-022-03730-8
https://doi.org/10.1192/bjo.2021.1067
https://doi.org/10.1177/1073191116654217
https://doi.org/10.1007/s12152-023-09522-5
https://doi.org/10.3758/s13428-015-0619-7
https://doi.org/10.1007/s40520-018-1032-8
https://doi.org/10.1037/pas0000942
https://doi.org/10.1186/s13195-023-01197-7
https://doi.org/10.3389/fpsyg.2024.1369766
https://doi.org/10.1186/s12913-014-0579-0
https://doi.org/10.1111/j.1532-5415.2005.53221.x
https://doi.org/10.1017/S1355617724000286
https://doi.org/10.1017/S1355617724000286
https://doi.org/10.3390/jcm13020518
https://doi.org/10.3390/jcm13020518
https://doi.org/10.1001/archneur.56.3.303
https://doi.org/10.1027/1015-5759/a000217
https://doi.org/10.1016/S0001-6918(99)00050-5
https://doi.org/10.1038/nrneurol.2014.23
https://doi.org/10.1136/jnnp-2015-312723
https://doi.org/10.1024/1421-0185/a000242
https://doi.org/10.1002/dad2.70074
https://doi.org/10.1002/dad2.70074
https://doi.org/10.1007/s10072-014-1995-y
https://doi.org/10.48550/arXiv.2503.10533
https://doi.org/10.48550/arXiv.2503.10533
https://doi.org/10.1037/pas0000623
https://doi.org/10.1002/gps.5234


Sergi et al.� 10.3389/fpsyg.2025.1727202

Frontiers in Psychology 12 frontiersin.org

Spalletta, G., Piras, F., Sancesario, G., Iorio, M., Fratangeli, C., and Orfei, M. D. (2014). 
Neuroanatomical correlates of awareness of illness in patients with amnestic mild 
cognitive impairment who will or will not convert to Alzheimer’s disease. Cortex 61, 
183–195.

Stefana, A., Damiani, S., Granziol, U., Provenzani, U., Solmi, M., Youngstrom, E. A., 
et al. (2025). Psychological, psychiatric, and behavioral sciences measurement scales: 
best practice guidelines for their development and validation. Front. Psychol. 15:1494261. 
doi: 10.3389/fpsyg.2024.1494261

Sun, R., Ge, B., Wu, S., Li, H., and Lin, L. (2023). Optimal cut-off MoCA score for 
screening for mild cognitive impairment in elderly individuals in China: a systematic 
review and meta-analysis. Asian J. Psychiatr. 87:103691. doi: 10.1016/j.ajp.2023.103691

Tan, J. P., Li, N., Gao, J., Wang, L. N., Zhao, Y. M., Yu, B. C., et al. (2014). Optimal 
cutoff scores for dementia and mild cognitive impairment of the Montreal cognitive 
assessment among elderly and oldest-old Chinese population. J Alzheimer's Dis 43, 
1403–1412. doi: 10.3233/JAD-141278

Tan, E. C. K., Wu, Y., Zhang, D., Chen, C., and Ng, T. P. (2021). Item Response Theory 
analysis and computerised adaptive testing simulation of the Montreal cognitive 
assessment. Gener. Psychiatry 34:e100563. doi: 10.3233/JAD-141278

Terracciano, A., Stephan, Y., Luchetti, M., Albanese, E., and Sutin, A. R. (2017). 
Personality traits and risk of cognitive impairment and dementia. J. Psychiatr. Res. 89, 
22–27. doi: 10.1016/j.jpsychires.2017.01.011

Terracciano, A., Sutin, A. R., An, Y., O'Brien, R. J., Ferrucci, L., Zonderman, A. B., et al. 
(2014). Personality and risk of Alzheimer's disease: new data and meta-analysis. 
Alzheimers Dement. 10, 179–186. doi: 10.1016/j.jalz.2013.03.002

Thaipisuttikul, P., Jaikla, K., Satthong, S., and Wisajun, P. (2022). Rate of conversion 
from mild cognitive impairment to dementia in a Thai hospital-based population: a 
retrospective cohort. Alzheimers Dement. Transl. Res. Clinic. Interv. 8:e12272. doi: 
10.1002/trc2.12272

Thorpe, G. L., and Favia, A. (2012). Data analysis using Item Response Theory 
methodology: An introduction to selected programs and applications. Psychology Faculty 

Scholarship. Available online at: https://digitalcommons.library.umaine.edu/psy_facpub/20 
(Accessed July 29, 2025).

Tsai, C. F., Lee, W. J., Wang, S. J., Shia, B. C., Nasreddine, Z., and Fuh, J. L. (2012). 
Psychometrics of the Montreal cognitive assessment (MoCA) and its subscales: 
validation of the Taiwanese version of the MoCA and an Item Response Theory analysis. 
Int. Psychogeriatr. 24, 651–658. doi: 10.1017/S1041610211002298

Van de Vijver, F., and Tanzer, N. K. (2004). Bias and equivalence in cross-cultural 
assessment: An overview. Eur. Rev. Appl. Psychol. 54, 119–135. doi: 10.1016/j.
erap.2003.12.004

Waheed, W., Mirza, N., Waheed, M. W., Malik, A., and Panagioti, M. (2020). 
Developing and implementing guidelines on culturally adapting the Addenbrooke’s 
cognitive examination version III (ACE-III): a qualitative illustration. BMC Psychiatry 
20:492. doi: 10.1186/s12888-020-02893-6

Wallmark, J., Josefsson, M., and Wiberg, M. (2024). Introducing flexible monotone 
multiple choice Item Response Theory models and bit scales. Arxiv [Preprint]. doi: 
10.48550/arXiv.2410.01480

Wang, B. R., Zheng, H. F., Xu, C., Sun, Y., Zhang, Y. D., and Shi, J. Q. (2019). 
Comparative diagnostic accuracy of ACE-III and MoCA for detecting mild cognitive 
impairment. Neuropsychiatr. Dis. Treat. 15, 2647–2653. doi: 10.2147/NDT.S212328

Wen, S., Cheng, D., Zhao, N., Chen, X., Lu, X., Li, Y., et al. (2025). Psychometric 
properties of screening tools for mild cognitive impairment in older adults based on 
COSMIN guidelines: a systematic review. BMC Geriatr. 25:401. doi: 10.1186/
s12877-025-06030-4

Whittington, R., Pollak, C., Keski-Valkama, A., Brown, A., Haines-Delmont, A., 
Bak, J., et al. (2022). Unidimensionality of the strengths and vulnerabilities scales in the 
short-term assessment of risk and treatability (START). Int. J. Forensic Ment. Health 21, 
175–184. doi: 10.1080/14999013.2021.1953193

World Health Organization (2025). Dementia. Available online at: https://www.who.
int/en/news-room/fact-sheets/detail/dementia%EF%BB%BF?utm_source=chatgpt.com 
(Accessed August 1, 2025).

https://doi.org/10.3389/fpsyg.2025.1727202
https://www.frontiersin.org/journals/psychology
https://www.frontiersin.org
https://doi.org/10.3389/fpsyg.2024.1494261
https://doi.org/10.1016/j.ajp.2023.103691
https://doi.org/10.3233/JAD-141278
https://doi.org/10.3233/JAD-141278
https://doi.org/10.1016/j.jpsychires.2017.01.011
https://doi.org/10.1016/j.jalz.2013.03.002
https://doi.org/10.1002/trc2.12272
https://digitalcommons.library.umaine.edu/psy_facpub/20
https://doi.org/10.1017/S1041610211002298
https://doi.org/10.1016/j.erap.2003.12.004
https://doi.org/10.1016/j.erap.2003.12.004
https://doi.org/10.1186/s12888-020-02893-6
https://doi.org/10.48550/arXiv.2410.01480
https://doi.org/10.2147/NDT.S212328
https://doi.org/10.1186/s12877-025-06030-4
https://doi.org/10.1186/s12877-025-06030-4
https://doi.org/10.1080/14999013.2021.1953193
https://www.who.int/en/news-room/fact-sheets/detail/dementia%EF%BB%BF?utm_source=chatgpt.com
https://www.who.int/en/news-room/fact-sheets/detail/dementia%EF%BB%BF?utm_source=chatgpt.com

	Investigating the factor structure of the Montreal Cognitive Assessment: a qualitative review
	Introduction
	Method
	Results
	Classical test theory (CTT) results
	Item Response Theory (IRT) results
	Short forms of MoCA

	Discussion and conclusions
	Clinical implications


	References

