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ABSTRACT 

In this Ph.D. thesis, we focused on the normative data definition of two 

neuropsychological tests for the Italian population. Standardized measures and 

updated normative data are essential to detect cognitive impairment and to 

support clinical decisions. Nonetheless, many widely used neuropsychological 

tests lack updated and demographically representative norms. Our aim was to 

address this gap by developing robust normative data that could account for age, 

education, biological sex, and cognitive reserve as predictors of participants’ 

performance. In line with open science practices, all materials, procedures, and 

data were made fully accessible to promote transparency, reproducibility, and 

broader applicability in both clinical and research fields. 

In Chapter 1, a comprehensive overview of neuropsychological 

assessment is provided, outlining clinical targets, core cognitive domains, and 

methodological procedures. This theoretical framework clarifies how 

standardized measures can be developed and why their continual refinement 

remains critical for reliable clinical assessment. In the final section, the research 

hypotheses underlying the present Ph.D. thesis are introduced. 

In Chapter 2, the definition of Italian normative data for the Montreal 

Cognitive Assessment (MoCA 8.1; Nasreddine et al., 2005) and its Memory Index 

Score (MoCA-MIS) is presented. The motivation for updating the normative data 

is outlined, followed by a description of the recruitment strategy, methodological 

approach, and statistical procedures applied to compute Adjusted and Equivalent 

scores. The predictive role of demographic variables (e.g., age, education, 

biological sex) and cognitive reserve on participants’ performance is highlighted. 
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Participants’ performance was found to be significantly predicted by age, 

education, and occasionally biological sex, while cognitive reserve was generally 

not a significant predictor. Emphasis is placed on how the newly established 

norms can support the detection of cognitive decline and could lead to a more 

accurate differentiation between typical and pathological aging. 

In Chapter 3, the focus is on the standardization and the definition of Italian 

normative data for the GAB30, a new non-verbal test designed to assess fluid 

intelligence. The rationale behind the development of the test is presented, along 

with a description of the sample characteristics, administration procedures, and 

the steps followed to derive the standardized scores. The predictive role of 

demographic factors and cognitive reserve is examined: age, education, and 

biological sex were found to consistently predict participants’ performance on the 

GAB30, whereas cognitive reserve was never a significant predictor. Additionally, 

correlational analyses with MoCA subdomains are presented to explore the 

cognitive processes involved in participant’s performance on the GAB30. 

In Chapter 4, the main findings of the MoCA and GAB30 studies are 

reviewed and discussed. Particular attention is given to cognitive reserve, which 

did not significantly improve normative adjustments beyond age, education, and 

biological sex. This finding raises a few methodological and clinical 

considerations. The relevance of open science is also highlighted, especially in 

promoting transparency and accessibility in test development. Overall, the 

importance of updating normative data and sharing all the resources (e.g., 

materials, procedures, data, analyses, results) is emphasized to support reliable 

neuropsychological assessment and collaborative research. 
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CHAPTER 1: 

NEUROPSYCHOLOGICAL ASSESSMENT AND THE ROLE OF 

STANDARDIZED TESTING 

 

1.1. GENERAL INTRODUCTION TO NEUROPSYCHOLOGY 

 Neuropsychologists aims to understand the intricate relation between 

brain and behavior (Kandel et al., 2021), through the study of brain damaged 

patients of neurodevelopmental disorders. Historically, the roots of 

Neuropsychology can be traced back to the pioneering work of 19th-century 

neurologists, such as Paul Broca (1861) and Carl Wernicke (1874), whose 

studies on language deficits laid the groundwork for modern brain-behavior 

research. Later, influential neuropsychologists such as Alexander Luria 

expanded the scope of neuropsychological assessment by systematically 

documenting the cognitive consequences of brain injury (Luria, 1966; 1976).  

Today, Neuropsychology integrates principles from clinical psychology, 

neuroscience, and cognitive science to explore how different brain regions 

contribute to cognitive processes and behavioral outcomes (Kandel et al., 2021; 

Vallar & Papagno, 2007). Advances in structural/functional neuroimaging and 

computational methods have further enhanced our ability to map cognitive 

functions onto neural substrates. This approach has solidified neuropsychology’s 

critical role in both clinical practice and research (Donders, 2019; Goldstein & 

McNeil, 2004; Lezak et al., 2012). 

Neuropsychological assessment stands as a cornerstone in modern 

clinical practice and research (Donders, 2019). Indeed, neuropsychological 
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assessment is essential for identifying and monitoring cognitive impairments after 

brain injuries, neurodegenerative diseases, and developmental disorders 

(Donders, 2019; Lezak et al., 2012; Schoenberg & Scott, 2011). By employing 

standardized tests and comprehensive evaluation batteries, neuropsychologists 

can pinpoint specific cognitive deficits, thereby facilitating targeted interventions 

and rehabilitation strategies. Standardized testing provides a rigorous and 

reliable framework for evaluating diverse cognitive domains, ensuring that 

impairments are accurately identified and measured (Bianchi, 2013; Lezak et al., 

2012; Vallar & Papagno, 2007).  

 

1.2. THE NEUROPSYCHOLOGICAL ASSESSMENT 

1.2.1. Definition and Scope of the Neuropsychological Assessment 

The neuropsychological assessment encompasses a comprehensive 

evaluation of an individual’s cognitive and emotional capacities through records 

consultation, clinical interviews, and standardized tests (Bianchi, 2013; Lezak et 

al., 2012; Schoenberg & Scott, 2011; Vallar & Papagno, 2007, Wanlass, 2012). 

Through the neuropsychological assessment, the primary aim is to detect specific 

cognitive deficits and identify underlying neural dysfunctions following brain 

injuries, neurodegenerative conditions, or developmental disorders (Lezak et al., 

2012; Schoenberg & Scott, 2011; Vallar & Papagno, 2007; Wanlass, 2012). 

During the neuropsychological assessment, various cognitive domains are 

examined (e.g., perception, attention, memory, language, praxis, and executive 

functions), through a range of tools, from traditional pencil-and-paper tests to 

computerized tasks. The neuropsychological assessment is essential not only for 
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establishing accurate diagnoses and guiding personalized intervention 

strategies, but also for advancing our understanding of brain-behavior relations 

(Donders, 2019; Lezak et al., 2012; Schoenberg & Scott, 2011). 

Typically, the neuropsychological assessment involves a battery of tests 

designed to determine whether a person’s performance, on a given task, is within 

the normal range or falls below expected levels (Bianchi, 2013; Lezak et al., 2012; 

Wanlass, 2012). It is crucial that the examinee be matched with the normative 

sample (i.e., healthy controls) in terms of demographic variables (e.g., education, 

age, and biological sex). The aim is to ensure that the comparisons between the 

examinee’s performance and that of normative sample are valid and meaningful 

(Bianchi, 2013; Capitani & Laiacona, 2017; Maroof, 2012; Schoenberg & Scott, 

2011; for further details, see Section 1.4).  

 

1.2.2. Phases of the Neuropsychological Assessment 

The neuropsychological assessment is a structured, multi-phase process 

composed of specific, well-defined stages, designed to thoroughly assess an 

individual's cognitive and emotional functioning (Bianchi, 2013; Schoenberg & 

Scott, 2011; Wanlass, 2012). The procedure begins with a detailed review of the 

referral question and the available records, accompanied by a clinical interview 

and informal behavioral observations. This initial phase is crucial for 

understanding the context, identifying the key concerns that prompted the 

assessment, and guiding the selection of testing instruments (Bianchi, 2013; 

Wanlass, 2012). 
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Following the initial steps, the evaluation moves towards its core phase, 

i.e., the administration of a battery of neuropsychological tests. Typically, the 

process begins with a general screening test that offers a broad overview of the 

patient's cognitive status. Based on these initial results and ongoing behavioral 

observations, clinicians then select domain-specific tests to assess key domains 

such as visuospatial abilities, attention, language, memory, praxis, and executive 

functions. This comprehensive approach ensures that every relevant cognitive 

domain is explored (Schoenberg & Scott, 2011; Wanlass, 2012).  

The choice of specific tests is made flexibly to tailor the assessment to the 

individual’s unique profile and the particular deficits observed during the session. 

Such a strategy not only maximizes diagnostic sensitivity but also allows for 

efficient, personalized evaluation that can guide subsequent clinical decision-

making. In parallel with tests, usually also questionnaires are administered to 

evaluate the patient’s emotional and motivational state (Bianchi, 2013; Wanlass, 

2012).  

The testing session is usually performed in a controlled environment (e.g., 

a dedicated testing room where noise and lighting are regulated) to optimize the 

examinee’s performance. Neuropsychological tests yield quantitative, objective 

data that provide essential insights into cognitive functioning. Nevertheless, test 

scores alone do not capture the full picture. It is equally important to integrate 

qualitative information about how the patient performs the tests. This includes 

noting factors such as the strategies employed by the patients, their level of 

engagement, their emotional/motivational status, and any difficulties that patients 
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encountered during test completion (Goldstein & McNeil, 2004; Lezak et al., 

2012; Schoenberg & Scott, 2011; Wanlass, 2012).  

Observation of the patient is not limited to the testing session; rather, 

continuous observation throughout the entire assessment is fundamental. For 

instance, subtle signs like hesitation when responding, visible frustration, or 

unusual behavior can provide a crucial qualitative context that enriches the 

interpretation of the quantitative data. This approach ensures that the quantitative 

data from neuropsychological tests are enriched by qualitative insights regarding 

how the patient performed the tasks (Goldstein & McNeil, 2004; Lezak et al., 

2012; Schoenberg & Scott, 2011; Wanlass, 2012). 

In the next phase of the neuropsychological assessment, the examinee’s 

performance is interpreted in conjunction with information gathered through 

multiple channels, including anamnesis, instrumental exams (e.g., laboratory 

analyses and neuroradiological findings), clinical documentation, and behavioral 

observations. In this way, a comprehensive picture of the patient's cognitive and 

behavioral functioning can be obtained. Moreover, this process often involves a 

multidisciplinary perspective, integrating the expertise of neuropsychologists, 

neurologists, geriatricians, physiatrists, occupational therapists, physiotherapists 

and other professionals to inform well-tailored diagnostic and therapeutic 

decisions (Goldstein & McNeil, 2004; Lezak et al., 2012; Wanlass, 2012). 

The neuropsychological assessment is concluded with the preparation of 

a detailed report in which the patient’s performance across various cognitive 

domains is outlined, a diagnostic hypothesis is presented, and tailored 

recommendations are offered (Goldstein & McNeil, 2004; Lezak et al., 2012; 
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Schoenberg & Scott, 2011; Wanlass, 2012). Depending on the clinical picture, 

these findings can serve as the foundation for designing individualized 

rehabilitative treatment plans or further clinical interventions (Bianchi, 2013; 

Donders, 2019; Wanlass, 2012). Thus, the structured and controlled 

neuropsychological setting plays a critical role in transforming raw data into 

actionable clinical insights (Lezak et al., 2012; Wanlass, 2012). 

 

1.2.3. The Main Target of the Neuropsychological Assessment: 

Cognitive Functions 

Cognitive functions constitute the core focus of the neuropsychological 

assessment (Kandel et al., 2021; Lezak et al., 2012; Schoenberg & Scott, 2011). 

Understanding these functions, their underlying mechanisms, and how they are 

assessed is fundamental for the neuropsychologist to interpret test results and 

draw meaningful clinical and research conclusions (DeRight, 2022; Schoenberg 

& Scott, 2011). Cognitive functions encompass a broad spectrum of mental 

processes, including both high-level and low-level functions, that collectively 

enable individuals to acquire, store, manipulate, retrieve, and use information 

(DeRight, 2022; Schoenberg & Scott, 2011). Cognitive functions allow us to be 

engaged in a wide range of activities in daily life (Birle et al., 2021; Lezak et al., 

2012). 

The cognitive system is often conceptualized as hierarchically organized, 

with distinct levels of processing that range from basic sensory input to complex, 

goal-directed behavior. At lower levels, processes such as perception and 

attention operate rapidly and automatically to extract and filter relevant 
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information from the environment. Higher-level processes, such as working 

memory, reasoning, and executive control, integrate and manipulate this 

information to guide decision-making, problem-solving, and adaptive responses. 

This hierarchical organization allows for efficient information flow and 

coordination across levels, enabling the cognitive system to operate flexibly and 

coherently in dynamic contexts (Mesulam, 1998; Ward, 2015). 

Perception is the process of registering and processing sensory 

information. It involves the detection of external and internal stimuli through 

sensory organs and the transformation of these signals into meaningful 

representations via neural processing. Far from being a passive reception of 

input, perception is an active, inferential process shaped by prior knowledge, 

expectations, and attentional modulation (Goldstein & Brockmole, 2016). 

Attention is our capacity to selectively focus on relevant stimuli while 

filtering out distractive stimuli. It allows individuals to allocate mental resources 

efficiently, supporting goal-directed behavior and adaptive responses to 

environmental demands. Rather than a unitary mechanism, attention emerges 

from the dynamic interplay of specialized processes. The alerting process is 

fundamental, as it is associated with maintaining vigilance and readiness for 

cognitive engagement. Sustained attention refers to the capacity to maintain task-

focused processing over prolonged periods. The orienting process involves the 

direction of attention towards relevant stimuli and the appropriate allocation of 

cognitive resources. Selective attention refers to the prioritization of relevant 

information and the filtering out of distractors. Finally, divided attention 
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corresponds to our capacity to manage and distribute attentional resources 

across multiple tasks simultaneously (Posner & Petersen, 1990). 

Visuospatial abilities refer to our capacity to interpret and manipulate 

visuospatial information. These skills enable individuals to process spatial 

relations between objects, to navigate the environment, to mentally rotate 

shapes, and to perform tasks requiring spatial judgment and coordination. Visuo-

spatial abilities rely on the integration of visual perception with spatial processing 

(Hegarty & Waller, 2005). 

Language is the process that enables us to effectively communicate 

through the comprehension and production of spoken or written words. It involves 

the coordinated use of several components, such as phonetics, phonology, 

morphology, syntax, semantics, and pragmatics that allow individuals to 

understand and produce meaningful messages. Language supports a wide range 

of cognitive and social functions, including conversation, reading, writing, and the 

internal organization of thought (Harley, 2014). 

Memory is our ability to encode, store, and retrieve information across 

time. It can be subdivided into distinct systems. Working memory refers to the 

system responsible for the active processing and manipulation of information 

during specific tasks. Short-term memory (i.e., a component of working memory) 

involves the temporary retention of a limited amount of information. Long-term 

memory supports the preservation of information over extended periods of time, 

thus, providing access to past experiences and accumulated knowledge. Long-

term memory can be further divided into declarative memory (i.e., episodic 

memory for personal events and semantic memory for factual knowledge), and 
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non-declarative memory. The latter includes procedural memory, which is 

involved in the acquisition and execution of motor and cognitive routines, such as 

riding a bicycle or typing on a keyboard without looking (Baddeley, 2000; Tulving, 

2002). 

Executive functions refer to a set of high-order cognitive processes that 

support the regulation of thought and behavior in accordance with internal goals. 

Executive functions include planning, problem-solving, cognitive flexibility, 

inhibitory control, and abstract reasoning. These abilities are crucial for us to 

initiate and monitor actions, update strategies in response to feedback, suppress 

automatic or inappropriate responses, and manage competing demands. 

Executive functions play a central role in novel, complex, or non-routine 

situations, where automatic behaviors are insufficient. They also contribute to 

self-regulation, decision-making, and social competence. Although closely 

related, individual components of executive functioning are partially dissociable 

and can be selectively affected by neurological conditions or developmental 

trajectories (Diamond, 2013; Jurado & Rosselli, 2007; Zelazo & Müller, 2002). 

Specific tests have been developed to accurately measure each cognitive 

domain (Lezak et al., 2012; Schoenberg & Scott, 2011; Wanlass, 2012). This 

allows the neuropsychologist for the selection of the most appropriate 

assessment tools based on the individual’s profile, the nature of the cognitive 

deficit, or the specific objectives of a study (DeRight, 2022; Schoenberg & Scott, 

2011). Importantly, although the primary focus of the neuropsychological 

assessment is to examine cognitive functioning, the tests themselves do not 

measure these functions directly. Rather, they assess observable behaviors 
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elicited by specific stimuli. Then, careful clinical interpretation is required to infer 

the underlying cognitive processes (Bianchi, 2013; Lezak et al., 2012; 

Schoenberg & Scott, 2011; Wanlass, 2012). 

 

1.3. NEUROPSYCHOLOGICAL TESTS 

A neuropsychological test is a standardized instrument designed to 

objectively measure cognitive abilities and behaviors associated with brain 

functioning. These tests typically consist of structured tasks that evaluate specific 

domains (e.g., attention, language, memory, executive functions) by eliciting 

observable responses from the individual (Lezak et al., 2012; Schoenberg & 

Scott, 2011; Wanlass, 2012).  

 

1.3.1. Neuropsychological Screening Tests 

Neuropsychological screening tests provide a concise and fast evaluation 

of an individual's global cognitive status, rendering them essential in both clinical 

and research settings. Although brief, these tools are designed to explore multiple 

cognitive domains, such as attention, memory, language, executive functions, 

and visuospatial abilities. Thus, neuropsychological screening tests provide a 

preliminary, yet comprehensive, overview of an individual’s cognitive functioning 

(Isella & Apollonio, 2019; Lezak et al., 2012; Wanlass, 2012).  

The effective use of neuropsychological screening tests makes them 

particularly valuable in healthcare environments, where quick yet reliable 

cognitive evaluations are needed to guide clinical decisions (Isella & Apollonio, 

2019; Wanlass, 2012). Moreover, sometimes a comprehensive 
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neuropsychological evaluation could be impractical, because of time constraints, 

resource limitations, or the patient’s capacity to engage with lengthy assessments 

(Vaccaro et al., 2024; Wanlass, 2012). In all these cases, a short cognitive 

screening serves as a valuable alternative (Isella & Apollonio, 2019; Plass et al., 

2010; Vallar & Papagno, 2007). 

Several neuropsychological screening instruments have gained 

widespread use because of their robust design and ease of administration. For 

instance, the Mini-Mental State Examination (MMSE; Folstein et al., 1975) is one 

of the most commonly employed screening tools. The MMSE evaluates domains 

such as spatio-temporal orientation, memory, attention, calculation, language, 

and visuospatial skills, in a brief 5 to10-minutes session (Folstein et al., 1975). 

Similarly, the Montreal Cognitive Assessment (MoCA; Nasreddine et al., 2005) 

was developed to detect mild cognitive impairment by assessing a broad range 

of functions, including executive abilities, memory, language, and visuo-

constructional skills.  

The Addenbrooke’s Cognitive Examination-Revised (ACE-R; Mioshi et al., 

2006) incorporates the core components of the MMSE and expands upon them 

with additional tasks, mainly related to the domains of perception, memory, and 

language. These additional tasks allow for a broader and more detailed profile of 

cognitive functioning of the examinees. The structure of the ACE-R improves 

sensitivity in detecting signs of mild cognitive impairment (MCI) and early 

dementia. Moreover, in the ACE-R the tasks are grouped into five cognitive 

domains: attention and orientation, memory, verbal fluency, language, and 

visuospatial abilities. The availability of these domain-specific sub-scores 
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supports the identification of selective cognitive deficits (Mioshi et al., 2006; 

Siciliano et al., 2016). 

The Global Examination of Mental Status (GEMS; Mondini et al., 2022) 

represents a recent advancement in cognitive screening. The GEMS provides a 

comprehensive evaluation of the cognitive status, by assessing multiple cognitive 

domains, briefly (i.e., 10-15 minutes). The GEMS could be particularly useful for 

detecting age-related cognitive decline and neurodegenerative conditions. 

Indeed, the test incorporates cognitive reserve1 as a variable in score correction, 

thus, improving its accuracy in differentiating between normal and pathological 

aging (Mondini et al., 2022). 

The aforementioned neuropsychological screening tests exemplify the 

balance between brevity and comprehensiveness, to enable clinicians to 

efficiently screen the cognitive status and monitor changes over time (Isella & 

Apollonio, 2019; Wanlass, 2012). In addition to their clinical utility, 

neuropsychological screening tests play a significant role in research. For 

instance, they are commonly employed to verify inclusion and exclusion criteria 

and to assess the effects of experimental variables on cognition (Rodrigues et 

al., 2019; Roebuck-Spencer et al., 2017).  

The widespread adoption of neuropsychological screening tests, in both 

clinical services and research settings, is further supported by studies showing 

that concise cognitive evaluations can help clinicians to effectively monitor 

treatment outcomes and the progression of various pathologies (Donders, 2019; 

 
1 Cognitive reserve refers to the brain’s capacity to cope with damage or age-related changes by 

using pre-existing cognitive processing strategies or by activating compensatory mechanisms 

(Stern, 2009). 
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Lezak et al., 2012; Malloy et al., 1997; Schoenberg & Scott, 2011). Consequently, 

neuropsychological screening tests represent a practical and efficient approach 

to cognitive assessment, offering essential insights that drive both patient care 

and scientific inquiry (Isella & Apollonio, 2019; Wanlass, 2012). 

 

1.3.2. Domain-Specific Tests 

Domain-specific tests are standardized tools designed to assess individual 

cognitive abilities in isolation. They focus on distinct domains, such as attention, 

language, memory, executive functions. Often, each domain is further divided, 

and assessed, into subdomains to capture its full complexity (Lezak et al., 2012; 

Schoenberg & Scott, 2011; Wanlass, 2012). 

Attention is usually assessed through tests that require individuals to 

maintain focus over time (i.e., sustained attention) or discriminate relevant stimuli 

from distractions (i.e., selective attention; Lezak et al., 2012; Schoenberg & Scott, 

2011; Wanlass, 2012). An example is the Attentional Matrices Test (Della Sala et 

al., 1992), which assesses sustained and selective attention through cancellation 

tasks requiring the identification of target stimuli among distractors. Visuospatial 

abilities are generally assessed by tasks that require copying or manipulating 

visual stimuli. For example, a figure copying task (e.g., the Rey-Osterrieth 

Complex Figure Test: ROCF; Osterrieth, 1944) demands that a participant 

accurately reproduces a complex drawing, thereby gauging spatial perception 

and construction skills. 

Language assessment is typically used to explore both comprehension 

and production (Lezak et al., 2012; Schoenberg & Scott, 2011; Wanlass, 2012). 
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Language comprehension is assessed through tasks that require the individual 

to follow verbal or written instructions and answer related questions. For instance, 

the Token Test (De Renzi & Vignolo, 1962) assesses language comprehension 

by asking the individual to follow verbal instructions in order to touch, move, or 

select colored stimuli of different shapes, colors, and sizes. Conversely, language 

production is usually evaluated through tasks that require the individual to name 

visual stimuli or generate words under time constraints. The Boston Naming Test 

(Kaplan et al., 1983) is a well-established instrument, because it assesses lexical 

retrieval and verbal production by asking participants to correctly identify and 

denominate a series of depicted objects.  

As mentioned in Section 1.2.3., memory encompasses several 

subdomains, notably working memory (composed by short-term memory and the 

central executive) and long-term memory (Baddeley, 2000; Tulving, 2002). 

Working memory tests, on the one hand, often involve the temporary storage and 

manipulation of information, such as repeating a sequence of digits forwards and 

backwards (Digit span; Wechsler, 1955). Long-term memory, on the other hand, 

is evaluated through tasks that require encoding, retention, and delayed recall of 

information for time intervals ranging from minutes to years. The Rey Auditory 

Verbal Learning Test (RAVLT; Rey, 1964) is a classical example, as it involves 

learning a list of words with immediate recall followed by a delayed recall phase, 

thereby providing insight into both immediate and long-term memory functioning.  

Memory assessments can further include verbal and visuospatial memory 

tests. Verbal memory tests, such as the abovementioned RAVLT (Rey, 1964), 

assess the ability to encode, store, and retrieve verbal information. In contrast, 
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visuospatial memory tests evaluate the recall of non-verbal material, such as 

spatial locations or abstract designs (e.g., ROCF; Osterrieth, 1944). Finally, in 

addition to traditional measures, ecologically valid memory tests are used to 

assess memory function in real-world contexts. An example is the Rivermead 

Behavioural Memory Test (RBMT; Wilson et al., 1985), which evaluates everyday 

memory abilities of the examinee through tasks that simulate daily activities, such 

as remembering an appointment or recognizing a face. 

As mentioned in Section 1.2.3., executive functions include several sub-

domains, such as planning, problem-solving, cognitive flexibility, inhibitory 

control, and abstract reasoning (Diamond, 2013); these domains can be 

separately assessed. Tests for the assessment of executive functions typically 

include task switching (e.g., Trail Making Test [TMT] B; Reitan, 1955), 

suppression of automatic responses (e.g., Stroop Test; Stroop, 1935), cognitive 

flexibility (e.g., Wisconsin Card Sorting Test; Heaton et al., 1993), and strategic 

problem-solving/planning (e.g., Tower of London; Shallice 1982). In addition to 

these traditional measures, ecologically valid tests are used to assess executive 

functions in real-world contexts, to capture their impact on daily life activities. An 

example is the Behavioral Assessment of the Dysexecutive Syndrome (BADS; 

Wilson et al., 1996), which includes tasks designed to evaluate planning, 

multitasking, and cognitive flexibility in practical, everyday scenarios.  

Each domain-specific test, though providing quantitative data on specific 

cognitive domains, also contributes to a broader, integrated understanding of an 

individual’s cognitive functioning (Lezak et al., 2012; Schoenberg & Scott, 2011; 

Wanlass, 2012). Indeed, cognitive functions are inherently multidimensional. 
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Thus, they do not operate in isolation but, rather, interact dynamically. Cognitive 

functioning, indeed, emerges from the dynamic interaction of multiple brain 

systems and subsystems. In this sense, cognitive functioning can be 

conceptualized as a distributed and self-organizing phenomenon shaped by 

flexible and nonlinear network dynamics (Birle et al., 2021; Schoenberg & Scott, 

2011). 

In this context, it is important to highlight that although domain-specific 

tests are designed to target a particular cognitive component, no test can fully 

isolate a single function (Wanlass, 2012). For instance, a lengthy language 

assessment that requires reading and processing of written stimuli, also relies, 

beyond language, on intact visual perception and sustained attention. If 

participants struggle to attend to the instructions or to accurately perceive the 

stimuli, their performance may suffer despite having relatively preserved 

language abilities (Lezak et al., 2012; Wanlass, 2012).  

Similarly, a poor performance on a memory test may not solely indicate a 

memory deficit. Instead, it could reflect that the individual failed to attend 

adequately during the encoding phase or experienced perceptual difficulties, 

such as auditory deficits that prevented proper stimulus processing. These 

examples underscore the importance of having preliminary tested all input/output 

factors affecting the examinee’s performance on a test. In this way, clinicians are 

enabled to determine whether a deficit in a specific cognitive domain is primary 

or secondary to issues involving other cognitive domains (Lezak et al., 2012; 

Wanlass, 2012). 
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1.3.3. Psychometric Properties of Neuropsychological Tests 

Psychometric properties represent the quantitative metrics used to assess 

the quality and effectiveness of a test. They encompass reliability and validity 

measures. Reliability refers to the consistency and stability of test scores over 

time or across different evaluators. Validity measures whether a test accurately 

assesses the target cognitive domain. Additional key aspects of a test include 

sensitivity (i.e., the power to correctly detect abnormal performance) and 

specificity (i.e., the power to correctly detect normal performance), which 

contribute to establishing the overall utility of the test in both clinical and research 

settings (Cohen & Swerdlik, 2018; Kaplan & Saccuzzo, 2017; Maroof, 2012; 

Strauss et al., 2006). 

 

Reliability 

Reliability refers to the consistency and stability of a participants’ scores 

on a test across different occasions, evaluators, or sets of items. It ensures that 

a measurement tool provides dependable and reproducible results; this is 

essential for both clinical and research applications. Reliability encompasses 

various sub-types, including internal consistency, test-retest reliability, and inter-

rater reliability (Cohen & Swerdlik, 2018; Kaplan & Saccuzzo, 2017; Maroof, 

2012). 

Internal consistency refers to the degree to which items within a test 

measure the same underlying construct. When a test has high internal 

consistency, responses to its items are highly correlated. This would indicate that 
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the items all assess the same concept or attribute (Cohen & Swerdlik, 2018; 

Kaplan & Saccuzzo, 2017; Maroof, 2012).  

Test-retest reliability refers to the stability of test scores over time by 

administering the same test to the same group of individuals on two separate 

occasions, divided by a time interval. High test-retest reliability indicates that the 

test produces similar outcomes under consistent conditions, thereby confirming 

its temporal stability. This measure is critical when assessing constructs that are 

expected to remain stable over time, ensuring that observed changes in scores 

reflect true changes in the construct rather than inconsistencies in the 

measurement tool (Cohen & Swerdlik, 2018; Kaplan & Saccuzzo, 2017; Maroof, 

2012). 

Inter-rater reliability measures the level of agreement between different 

examiners or raters when they score participants’ performance on the same test 

or while they assess the same behavior. This construct is particularly important 

for tests that involve subjective judgment or qualitative scoring. High inter-rater 

reliability indicates that different examiners produce similar scores under 

standardized conditions, thus, enhancing the overall credibility and reproducibility 

of the assessment process (Cohen & Swerdlik, 2018; Kaplan & Saccuzzo, 2017; 

Maroof, 2012). 

 

Validity 

Validity is the degree to which a test accurately measures what it has been 

designed to assess. Establishing validity is essential for ensuring the 

meaningfulness of the participants’ results on a test and to guarantee a correct 
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data interpretation. Validity includes several sub-types, each addressing different 

aspects of measurement accuracy (Cohen & Swerdlik, 2018; Kaplan & Saccuzzo, 

2017; Maroof, 2012). 

Content validity determines whether the test items comprehensively 

represent the domain of interest; it ensures that the test items are comprehensive 

and relevant, typically evaluated through expert judgment or theoretical analysis. 

Construct validity refers to the extent to which a test accurately measures the 

theoretical construct it is intended to evaluate. This involves examining whether 

participants’ performance on the test correlates with that on other measures with 

which the test should be theoretically related (convergent validity) and does not 

correlate with measures from which the test should theoretically differ 

(discriminant validity; Cohen & Swerdlik, 2018; Kaplan & Saccuzzo, 2017; 

Maroof, 2012) 

 

Sensitivity and Specificity 

Sensitivity is the power of a test to correctly identify individuals who have 

a pathological condition or deficit, yielding true positive results. In other words, 

sensitivity is the measure in which a patient could be diagnosed as a patient. In 

neuropsychology, high sensitivity is crucial because it minimizes the likelihood of 

failing to detect subtle cognitive impairments. A sensitive test ensures that those 

with even minor deficits are flagged for further evaluation. This point is particularly 

important in early detection and intervention (Cohen & Swerdlik, 2018; Kaplan & 

Saccuzzo, 2017; Maroof, 2012). 
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Specificity refers to the power of a test to correctly identify individuals who 

do not have a pathological condition, yielding true negative results. In other 

words, sensibility is the measure in which a healthy person could be diagnosed 

as a healthy person. Thus, a test with high specificity accurately excludes 

individuals without cognitive deficits, reducing the risk of false positives. A 

balance between sensitivity and specificity is of paramount importance for 

ensuring that the test provides a precise assessment of cognitive status without 

overestimating impairments (Cohen & Swerdlik, 2018; Kaplan & Saccuzzo, 2017; 

Maroof, 2012). 

 

1.4. STANDARDIZATION OF NEUROPSYCHOLOGICAL TESTS 

The assessment of neuropsychological functioning, through psychometric 

tests, necessitates transforming and interpreting raw scores in relation to a 

reference population of healthy participants. This approach allows for the 

comparison of an individual’s performance with that of a demographically similar 

group, after considering factors such as age, education, and biological 

sex/gender. To achieve and accomplish a standardization, normative data must 

be established based on the performance of a sample of cognitively healthy 

individuals (delCacho-Tena et al., 2024; Ilardi et al., 2023; Maroof, 2012). 

 

1.4.1. Standardization Procedure 

Standardization is a fundamental process in the development and 

implementation of neuropsychological tests, to ensure that the administration, 

scoring, and interpretation of tests are consistent, reliable, and valid across 
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diverse settings and populations (Bianchi, 2013; Lezak et al., 2012). The process 

begins with the creation of a detailed administration manual that provides clear, 

step-by-step instructions on how to administer the test. This manual is crucial for 

harmonizing administration procedures and minimizing variations in testing 

conditions and examiners’ behaviors, thereby reducing potential sources of bias. 

By standardizing the instructions and procedures, every examinee would 

experience a uniform testing environment, which is essential for obtaining 

comparable results (Lezak et al., 2012; Strauss et al., 2006). 

Comprehensive training programs must be implemented to ensure that all 

examiners adhere strictly to the standardized administration procedures. This 

training typically involves practice sessions, calibration exercises (e.g., simulation 

of real-case scenarios of both testing and correction sessions), video-recording 

sessions for feedback, and ongoing supervision to reduce inter-rater variability 

and maintain high standards of test delivery. By doing so, the integrity of the 

testing process is preserved, and the reliability of the collected data is enhanced 

(Lezak et al., 2012; Maroof, 2012). 

Once the administration protocol is established, the next critical step is the 

collection of normative data from a representative sample of the target 

population. Indeed, Raw scores obtained on neuropsychological tests cannot be 

directly interpreted to derive meaningful conclusions. For instance, achieving a 

score of 23 out of 30 on the MoCA test (Nasreddine et al., 2005) does not provide 

specific information on its own, unless there is a framework for interpreting its 

relative meaning. Indeed, an individual’s performance on a test is not interpreted 

per se, but rather in comparison to a demographically matched reference 
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population of healthy participants. That is, a relatively poor absolute performance 

of an examinee, on a given neuropsychological test, might still be considered 

normal for certain demographic groups (Capitani & Laiacona, 2017; Maroof, 

2012).  

To facilitate these comparisons, neuropsychological assessment typically 

relies on Adjusted scores rather than on Raw scores. Adjusted scores are Raw 

scores that have been statistically corrected for demographic and biological 

variables such as age, education, and biological sex (Lezak, et al., 2012; Strauss 

et al., 2006; Maroof, 2012). In fact, Raw scores reflect not only the possible 

impact of cognitive impairment but also the possible predictive role of these 

demographic factors on participants’ performance (Capitani & Laiacona, 2017; 

Heaton et al., 2009). By means of Adjusted scores, in contrast, clinicians can 

isolate and highlight the potential impact of cognitive impairment alone, by 

removing the confounding effects of demographic variables (Heaton et al., 2009; 

Lezak et al., 2012). 

Adjusted scores, moreover, offer an efficient solution to the challenge of 

defining normative values without the need for extremely large samples. Rather 

than comparing a participant’s performance to subgroups stratified by each 

demographic characteristic, a procedure that would require thousands of 

participants, this method statistically removes the influence of such variables from 

Raw scores. As a result, only a few hundred participants are needed to establish 

reliable norms (Facchin et al., 2022a). 

In this context, the mean test score for a given demographic cohort is 

assumed to represent a typical, normal performance, thus, serving as a reference 
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point for evaluating individual results (Capitani & Laiacona, 2017). For example, 

when assessing the cognitive performance of a 52-year-old, college-educated, 

female patient, her test scores are compared to those of other females within a 

similar age range (e.g., 50–55 years old) who have attained a comparable level 

of education (e.g., a college degree or higher). By comparing an individual’s 

performance with that of the normative group, it becomes possible to determine 

whether the individual’s performance deviates from the norm, thus, inferring the 

potential meaning of the observed score (Heaton et al., 2009).  

Various methods exist to establish reference normative scores; among 

these, clinical cut-offs are particularly useful in facilitating the interpretation of an 

individual's observed performance (Capitani & Laiacona, 2017; Strauss et al., 

2006). The cut-off is the score separating a normal performance from an 

abnormal one. Cut-off scores are typically derived from a reference sample of 

healthy individuals, commonly termed the "normative sample" (Capitani & 

Laiacona, 2017). This normative sample must be sufficiently large and 

representative to encompass variations in demographic characteristics and 

cultural background and to capture the full spectrum of the expected normal 

performance range (Capitani & Laiacona, 2017).  

To ensure a meaningful comparison, normative data should closely match 

the patient’s characteristics, thereby enabling an accurate estimation of expected 

performance and the identification of deviations that may signal cognitive 

dysfunction (Capitani & Laiacona, 2017). For this reason, normative data and cut-

off scores almost always take demographic and biological variables into account, 

because these are easily collected in clinical settings and are known to predict 
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cognitive performance (Strauss et al., 2006). The most commonly considered 

demographic and biological variables in the development of normative data 

include age, education, and biological sex (see Section 1.4.2.). 

Standardization is not a one-time effort but a continuous process. Periodic 

re-evaluation and updating of normative data are necessary to account for 

demographic shifts, evolving educational backgrounds, cultural/technological 

transformations, and other societal changes that could influence cognitive 

performance (Jefferson et al., 2011). As populations become increasingly diverse 

and dynamic (e.g., variations in age distributions, socioeconomic status, linguistic 

backgrounds), the normative benchmarks established in earlier studies may no 

longer accurately reflect current performance levels. Continuous quality control 

measures and regular normative data updates are necessary to ensure that 

neuropsychological tests remain relevant, accurate, specific, and sensitive to the 

evolving characteristics of the population (Jefferson et al., 2011).  

 

1.4.2. Demographic Variables in Normative Studies 

A fundamental aspect of the standardization process is the systematic 

consideration of demographic variables that could predict participants’ 

performance on test performance. The primary demographic and biological 

factors traditionally accounted for in the standardization of neuropsychological 

tests include age, education, and biological sex/gender. Indeed, each of these 

variables can significantly predict cognitive functioning and, consequently, the 

interpretation of test scores. Incorporating these factors into standardization 

protocols allows to generate normative data that more accurately reflect the 
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diverse cognitive profiles present in the general population (Heaton et al., 2009; 

Maroof, 2012).  

 

1.4.2.1. Age 

Age is one of the most influential predictive demographic factors in 

neuropsychological assessment. Cognitive abilities change over the lifespan 

because physiological brain aging, which affects behavioral, cognitive, and 

neurological functions (Hohman et al., 2017; Jockwitz et al., 2019; Madden et al., 

2020). In early life, brain development leads to rapid improvements in cognitive 

functions. During adolescence, these abilities stabilize, setting the foundation for 

the cognitive functioning expected in adulthood.  

As individuals transition into older age, a general decline in cognitive 

performance is observed, particularly in domains, such as processing speed and 

episodic memory, which tend to deteriorate over time (Salthouse, 1993, 1996). In 

contrast, other abilities, such as vocabulary and crystallized intelligence, may 

remain stable or even improve with age (Verhaeghen, 2003). Notably, the effect 

of age on cognitive performance can follow different trajectories. It may be linear, 

with cognitive abilities increasing or decreasing at a constant rate, or non-linear, 

where performance stabilizes at a certain point or changes at different rates over 

time (Arcara & Bambini, 2016; Arcara et al., 2019). 

 

1.4.2.2. Education 

Education, typically measured in years of formal schooling, is another key 

variable in the development of normative data. It significantly influences cognitive 
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abilities and test performance, with higher educational attainment generally 

associated with better results on neuropsychological tests (Le Carret et al., 2003, 

2005). Indeed, individuals with more education may develop more effective 

cognitive strategies and exhibit greater familiarity with test formats. For instance, 

tests requiring abstract reasoning or complex problem-solving may advantage 

those with higher educational backgrounds, potentially leading to an 

overestimation of cognitive deficits in individuals with lower educational 

attainment.  

Adjusting normative data for education helps reduce these biases, 

ensuring that test scores more accurately reflect cognitive ability rather than 

differences in educational opportunities. The relation between education and test 

participants’’ performance of a test might follow different patterns. For instance, 

it can be linear, with cognitive performance increasing proportionally with years 

of education, or non-linear, where with cognitive performance reaching a plateau 

or varying across different educational levels (e.g., Arcara & Bambini, 2016; 

Arcara et al., 2019). 

 

1.4.2.3. Biological sex 

Biological sex is another variable often included in normative data 

(Halpern, 1996; Mann et al., 1990; Reilly et al., 2016). Although it remains 

debated whether cognitive differences between males and females are related to 

brain differences or socio-cultural factors, examinees’ performance on specific 

tests can vary between the biological sexes (Yeudall et al., 1986; Zhang et al., 

2017). For example, women often outperform men in tasks involving verbal 
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stimuli (e.g., verbal fluency or verbal memory tasks). In contrast, men might show 

advantages in spatial and numerical abilities (e.g., visuo-construction or 

subtraction tasks, respectively; Engedal et al., 2021).  

Biological sex differences are generally modest and can be influenced by 

various factors, such as cultural expectations, educational background, and test 

design. Thus, whenever present, it is important to account for biological sex 

differences to ensure a fair assessment. This is typically done by creating 

separate normative data for males and females or by statistically adjusting scores 

to control for biological sex-related variance. 

 

1.4.3. Cognitive Reserve in Normative Studies 

In the previous sections, the role of education in predicting cognitive 

performance was highlighted. Nonetheless, the commonly observed positive 

association between education and cognitive functioning does not necessarily 

imply a direct causal relation. For instance, socioeconomic status and other 

contextual factors may contribute to both higher educational attainment and 

sustained cognitive abilities across the lifespan (Jefferson et al., 2011). 

Consequently, the relation between education and cognitive performance may, 

at least in part, reflect broader socio-cultural influences rather than a direct and 

isolated effect of formal education itself. 

Beyond its independent role, education is often considered within the 

broader and more complex framework of cognitive reserve. The cognitive reserve 

hypothesis suggests that the brain can adapt to age-related changes or 

pathological processes by utilizing pre-existing cognitive resources or engaging 
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compensatory mechanisms (Stern, 2009). Individuals with higher cognitive 

reserve may be more resilient to neurological damage and display better 

cognitive performance despite equivalent levels of brain pathology compared with 

other individuals (Stern et al., 2018). Neural efficiency, synaptic flexibility, and the 

ability to recruit alternative networks have been proposed as some underlying 

mechanisms of cognitive reserve (Stern, 2009). This concept helps explain why 

individuals with comparable brain alterations can exhibit different cognitive 

trajectories (Barulli & Stern, 2013; Cabeza et al., 2018). 

Although education is one of the most used proxies for cognitive reserve, 

it is unlikely that it fully captures the complexity of this construct (Mondini et al., 

2022; Nucci et al., 2012). The results of several studies have emphasized the 

importance of additional cognitively-stimulating experiences throughout life, 

including high occupational attainment and rich leisure activities (Livingston et al., 

2017; Reed et al., 2011). For example, job complexity, professional 

responsibilities, and cognitively engaging leisure activities (e.g., learning new 

skills in music or art, reading, traveling, etc.) have been linked to better cognitive 

outcomes (Snowdon, 1997; Stern et al., 1995). The impact of these activities on 

cognitive reserve depends on factors such as their cognitive demands, 

frequency, and consistency (Scarmeas & Stern, 2003). 

Given its protective role in cognitive aging, incorporating cognitive reserve, 

as performance predictor, could enhance the accuracy of normative data and cut-

off scores. In this sense, normative data definition could benefit from integrating 

a composite measure of cognitive reserve rather than relying solely on education 

(Mondini et al., 2022; Montemurro et al., 2022). Accordingly, the results of recent 
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studies have highlighted that cognitive reserve is a more effective predictor of 

neuropsychological test performance than education alone (Mondini et al., 2022; 

Montemurro et al., 2022). This might have significant implications for the 

standardization of neuropsychological tests, suggesting that the inclusion of 

cognitive reserve as a corrective variable could enhance the accuracy and 

reliability of cognitive assessments. 

 

1.4.4. Standardized Scores: the Equivalent Scores 

To accurately interpret neuropsychological test performance, it is 

necessary to employ standardized metrics that allow meaningful comparisons 

across individuals and diverse assessment tools. Standardized scores (e.g., z 

scores, T scores, etc.) represent transformed values that express an individual's 

performance on a test relatively to the mean and variability of a reference 

population’s performance (Cohen & Swerdlik, 2018). For instance, z scores are 

computed by subtracting the normative sample mean from an individual's Raw 

score, and then dividing this difference by the normative sample standard 

deviation (Cohen & Swerdlik, 2018; Kaplan & Saccuzzo, 2017). These scores 

convert raw data into a common and interpretable metric. As a result, they allow 

direct comparisons across the results on different tests and cognitive domains, 

even if the tests originally have different scoring scales or measurement units 

(Cohen & Swerdlik, 2018; Kaplan & Saccuzzo, 2017; Maroof, 2012).  

Adjusted scores, which are raw scores corrected for demographic and 

biological variables, significantly enhance the accuracy of individual performance 

interpretation. Nonetheless, they are insufficient on their own when comparisons 
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across tests with different measurement scales are necessary. Indeed, Adjusted 

scores from different tests still reflect distinct scoring scales, thus, complicating 

integrated interpretation and direct comparison (Lezak et al., 2012; Strauss et al., 

2006; Maroof, 2012). 

To overcome this limitation, Equivalent scores have been proposed as a 

specific and widely used category of standardized scores in neuropsychological 

practice (Capitani & Laiacona, 2017). The use of Equivalent scores addresses 

the non-normal distribution of raw scores in neuropsychological tests by 

converting them into standardized, ordinal metrics for easier clinical 

interpretation. Indeed, because of both ceiling and floor effects, as well as 

significant interindividual variability, neuropsychological test scores often deviate 

from standard distributional assumptions (Aiello & Depaoli, 2022; Scherr et al., 

2016). As a result, non-parametric techniques, such as the Equivalent scores 

method, are generally preferred for deriving norms (Capitani & Laiacona, 2017). 

Indeed, by being derived non-parametrically, Equivalent scores are independent 

of raw score dispersion, preserving the properties of an ordinal scale.  

The Equivalent scores method can be defined as a regression-based 

approach to standardize neuropsychological tests by non-parametrically drawing 

cut-offs, thus, minimizing inferential errors (Aiello & Depaoli, 2022; Capitani & 

Laiacona, 1997; Facchin et al., 2022b). The procedure consists of two key 

phases. First, a regression analysis is conducted to quantify the predictive effect 

of demographic variables (e.g., age, education, and biological sex), allowing for 

the computation of Adjusted scores. In the second phase, the Adjusted scores 

are used to define impairment thresholds and Equivalent scores categories 
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based on non-parametric tolerance limits. The tolerance limits framework is 

based on two key thresholds: the outer tolerance limit (oTL) and the inner 

tolerance limit (iTL). The oTL serves as the impairment cut-off, ensuring, with 

95% confidence, that no more than 5% of the reference population scores below 

it. Conversely, the iTL represents the threshold for normal performance, ensuring 

that at least 95% of the population scores above it. A score below the oTL is 

indicative of potential impairment, whereas a score above the iTL suggests an 

intact cognitive functioning.  

Equivalent scores map the percentile distribution of Adjusted scores onto 

an ordinal five-point system (Capitani & Laiacona, 2017), by clinically 

categorizing test performance as follows: Equivalent scores = 0 (abnormal), 

Equivalent scores = 1 (borderline), Equivalent scores = 2 (low-normal), and 

Equivalent scores = 3-4 (normal). Specifically, Adjusted scores are classified into 

Equivalent score categories based on oTL and iTL. A score below the oTL is 

assigned an Equivalent score of 0, whereas scores at or above the median 

receive an Equivalent score of 4. Intermediate Equivalent score values (i.e., 1, 2, 

3) are determined by partitioning the range between the oTL and the median into 

three equal segments, using a z-score-based approach.  

The key advantages of the Equivalent scores method include: 1) a 

standardized five-level classification system that facilitates comparisons across 

different tests; 2) a non-parametric approach that accounts for sampling 

variability in normative thresholds; 3) a regression-based adjustment for 

demographic/biological predictors (i.e., age, education, and biological sex); and 
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4) the use of tolerance limits (i.e., oTL and iTL) to account for inferential 

uncertainty while defining thresholds (Arcara, 2024). 

The Equivalent scores method is a cornerstone regarding 

neuropsychological assessment, in Italy, thus, bridging the gap between raw data 

and clinical interpretation. By translating complex, continuous scores into 

discrete, standardized categories, Equivalent scores offer a clear, freely available 

framework for evaluating cognitive performance (Capitani & Laiacona, 2017). 

 

1.5. OPEN SCIENCE MOVEMENT 

 The open science movement can be defined as a paradigm that seeks to 

make research processes/procedures, data, and results available to all, thereby 

fostering a culture of transparency, reproducibility, and collaboration (National 

Academies of Science, 2018; Open Science Collaboration, 2015). At its core, 

open science emphasizes transparency by encouraging the public sharing of 

methodologies, data, and findings. This openness not only enhances research 

credibility but also allows the scientific community to trace the evolution of ideas 

and verify conclusions with greater ease.  

Reproducibility, a central principle of this approach, is achieved by making 

all data and experimental protocols available, thus, ensuring that studies can be 

independently repeated to confirm their validity. This practice mitigates the risk of 

irreproducible findings and strengthens the overall reliability of scientific research. 

Furthermore, the practice of data sharing transforms isolated datasets into 

common resources, thereby fostering secondary analyses, meta-analyses, and 

interdisciplinary projects that can yield novel insights. Collaboration, another key 
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element of open science, transcends traditional disciplinary and geographical 

boundaries, allowing researchers from diverse fields and Institutions to work 

together. This collective effort accelerates innovation and provides the 

multifaceted expertise needed to address complex research questions (National 

Academies of Science, 2018; Open Science Collaboration, 2015). 

The open science movement can be particularly relevant to 

neuropsychological assessment, where the availability of testing materials is 

often restricted by proprietary platforms. The increasing commercialization of 

neuropsychological tests has, indeed, raised concerns about accessibility, 

limiting the ability of researchers and clinicians to use, validate, and develop 

assessment tools (Zanon & Priftis, in press; 

https://www.altrapsicologia.it/articoli/test-contro-le-formule-segrete/). Applying 

open science principles to neuropsychological testing could facilitate broader 

access to assessment instruments still maintaining scientific rigor (Zanon & 

Priftis, in press).  

Zanon and Priftis (in press) take a critical position on the ethical 

implications of using psychological tests without accessible normative data, by 

arguing that such practices undermine the core principles of the Psychologists’ 

Code of Ethics. Zanon and Priftis argue that the lack of access to normative 

samples, scoring algorithms, and psychometric properties of tests violates 

essential ethical requirements, including informed consent, professional 

autonomy, and the accuracy of clinical evaluations.  

By drawing on both national legislation (e.g., Law 219/2017) and the Code 

of Ethics for psychologists and medical professionals, Zanon and Priftis (in press) 

https://www.altrapsicologia.it/articoli/test-contro-le-formule-segrete/
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emphasize that psychologists must be able to fully understand and communicate 

the basis of their diagnostic results. The inability to access core psychometric 

information compromises the clinician’s responsibility and control over the 

diagnostic process, thereby likening it to using a black-box device with no 

possibility of verifying or adjusting outputs. In this viewpoint, commercial 

restrictions on normative transparency not only limit the clinician’s ethical practice 

but also degrade the scientific rigor and accountability of psychological 

assessment. 

In their proposed solutions to the ethical and professional issues arising 

from the use of psychological tests without accessible norms, Zanon and Priftis 

(in press) outlined three strategic pathways: 1) negotiation with publishers; 2) the 

development of a shared ethical and technical code; and 3) the creation of an 

open-access test market. Despite acknowledging the potential value of 

negotiation, they point out its limited effectiveness because of the asymmetry of 

interests between test users and commercial entities. The authors view the 

establishment of a shared code, developed through structured, consensus-based 

processes, as a more robust but currently unrealistic option, given the lack of 

cooperation even at preliminary stages.  

As a more viable alternative, Zanon and Priftis (in press) proposed an 

“Open Test” model, inspired by the principles of open science, advocating for 

transparent access to test construction, normative data, scoring algorithms, and 

psychometric properties. This model would not only restore professional 

autonomy and ethical integrity but also support scientific progress and improve 

the quality of psychological assessment. Overall, sharing neuropsychological 
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tests with appropriate licenses would enable professionals and researchers to 

freely obtain, apply, and refine these instruments, thereby promoting more 

transparent and reproducible research (Zanon & Priftis, in press). Openly 

available test materials and normative datasets would enhance the comparability 

of studies, allow independent validation, and encourage international 

collaborations for cross-cultural adaptation (Miller & Barr, 2017).  

 

1.6. THE PRESENT STUDY 

With this Ph.D. project, we addressed the need for updated Italian 

normative data of two neuropsychological tests: the latest version of the MoCA 

(i.e., 8.1) and the GAB30, a new test for measuring non-verbal intelligence. The 

project can be considered as original, in several key aspects. 

First, on the one hand, we defined the Italian normative data of the MoCA 

(8.1) across all cognitive subdomains, including the MoCA Memory Index Score 

(MoCA-MIS), a sensitive index of clinical utility in the neuropsychology of 

neurodegenerative diseases (Julayanont et al., 2014; Kaur et al., 2018). On the 

other hand, the GAB30 is a new non-verbal intelligence test designed to provide 

an alternative tool for assessing fluid intelligence, thereby addressing a gap in 

current neuropsychological testing. Although Raven’s Progressive Matrices 

(RPM; Raven, 1938) remain the gold standard for measuring fluid intelligence, 

the lack of updated and freely available normative data could determine 

significant limitations. Second, in both normative studies (i.e., MoCA [8.1] and 

GAB30), cognitive reserve has been included as a predictor of participants’ 

performance, alongside age, education, and biological sex.  
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This approach might provide valuable insights into the factors predicting 

cognitive performance, thereby enhancing our understanding of age-related 

cognitive decline (Mondini et al., 2022; Montemurro et al., 2022). Moreover, my 

Ph.D. project has been conducted in accordance with the core principles of the 

open science movement (see Section 1.5. of Chapter 1). By integrating open 

science principles into the standardization process and into the normative data 

definition, it was ensured the full accessibility to methodologies and raw data, 

thereby fostering transparency and reproducibility.  

In designing and conducting this Ph.D. thesis, special attention was also 

given to several quality criteria consistent with the European Federation of 

Psychologists’ Associations (EFPA) model for the review and evaluation of 

psychological and educational tests (EFPA, 2024). Efforts were made to ensure 

the adequacy and transparency of the normative procedures, the demographic 

representativeness of the sample, and the clarity of administration and scoring 

methods. Although not all components outlined in the EFPA model were fully 

addressed (e.g., equivalence between digital and paper formats or extended 

validation across diverse populations), key principles related to norming, 

interpretability of scores, and psychometric documentation were addressed. This 

approach reflects a commitment to methodological rigor and to the development 

of tools that meet international standards for psychological assessment. 

In the following chapters, it will be provided a detailed presentation of the 

studies that led to the first definition of Italian normative data for the MoCA (8.1) 

and to the first Italian standardization of the GAB30 (including its normative data 

definition), outlining the methodologies, statistical analyses, and key findings. It 
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will be presented a comprehensive examination of the data, accompanied by 

discussions on the implications of these results for clinical and research 

applications. Overall, in the present Ph.D. thesis, it will be highlighted the 

importance of standardized and transparent research in neuropsychology. This 

approach supports the development of valid, reproducible, and accessible 

cognitive assessment tools, in line with recommendations on open science 

(Zanon & Priftis, in press) and formal normative methods (Capitani & Laiacona, 

2017). 
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CHAPTER 2: 

THE MONTREAL COGNITIVE ASSESSMENT (MoCA) 8.1 VERSION, 

INCLUDING THE MEMORY INDEX SCORE (MoCA-MIS): ITALIAN NORMS 

 

2.1. INTRODUCTION 

Neurodegenerative progressive disorders, commonly referred to as 

dementia (from Latin, “without mind”), consist in chronic, progressive, and 

irreversible impairments of the central nervous system (Alzola et al., 2024; 

Papagno & Bolognini, 2020). These conditions are characterized by a significant 

decline in cognitive functions that ultimately compromises functional autonomy in 

daily life (Alzola et al., 2024; Papagno & Bolognini, 2020).  

Neurodegenerative disorders are a major public health concern worldwide, 

if one considers their irreversible progression and the current lack of effective 

treatment options. Additionally, the prevalence and incidence of 

neurodegenerative diseases rise dramatically with age. Given that life 

expectancy continues to increase, the number of affected individuals is projected 

to grow, thereby imposing substantial medical, economic, and social burdens. It 

is noteworthy that the number of people living with dementia worldwide is 

projected to increase from 57.4 million in 2019 to nearly 153 million by 2050 

(Alzola et al., 2024). 

In the fifth edition of the Diagnostic and Statistical Manual of Mental 

Disorders (DSM-5, 2013) the framework for diagnosing dementia has been 

updated by renaming it “Major Neurocognitive Disorder.” This new definition 

offers a broader perspective than the classical concept of dementia. To meet the 
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diagnostic criteria, there must be a significant cognitive decline from a previous 

level of performance in one or more cognitive domains, interfering with activities 

of daily living. Evidence for this decline should be based on concerns raised by 

the individual or a reliable informant (e.g., a relative or clinician) and confirmed 

through standardized neuropsychological testing (DSM-5, 2013). 

Dementia-related brain changes are known to begin years before clinical 

diagnosis (Beason-Held et al., 2013). Various constructs have been developed 

to describe the transitional phase between normal cognitive aging and dementia 

(i.e., predementia). Among these, MCI is recognized as one of the principal 

transitional states (Alzola et al., 2024; Papagno & Bolognini, 2020). 

 

2.1.1. MCI 

The concept of MCI was originally introduced by Petersen et al. (1999) to 

indicate individuals experiencing isolated memory deficits, who showed an 

increased risk of progressing to Alzheimer’s disease (AD). Later, the International 

Working Group on Mild Cognitive Impairment (IWGMCI) refined this definition. 

The IWGMCI clarified that the presence of subjective memory complaints is not 

mandatory and that impairments in other cognitive domains (e.g., language or 

executive functions) can occur independently, leading to various cognitive 

phenotypes (Petersen et al., 2018; Winblad et al., 2004). These new criteria 

include the distinction between amnestic and non-amnestic MCI subtypes.  

Amnestic MCI primarily affects memory (Petersen, 2004), whereas non-

amnestic MCI impairs cognitive domains other than memory. Additionally, further 

classification distinguished whether the cognitive impairment is confined to a 
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single domain (i.e., single-domain MCI) or affects multiple domains (i.e., multiple-

domain MCI); this distinction offers valuable etiological and prognostic insights 

for clinical practice.  

 MCI typically involves a modest decline in one or more cognitive domains 

(e.g., attention, executive functions, memory, language, perceptuo-motor skills, 

or social cognition), whereas basic activities of daily living remain largely 

preserved (Papagno & Bolognini, 2020). Conversion rates to AD are estimated 

at 10–15% within two years from diagnosis (Papagno & Bolognini, 2020). Among 

the various subtypes, amnestic MCI shows the strongest association with later 

AD diagnosis, thereby carrying, approximately, twice the risk compared to non-

amnestic profiles (Papagno & Bolognini, 2020).  

Notably, although MCI is often associated with the potential for 

progression to AD, it is not invariably a prodromal phase of dementia (Di Nuovo, 

2015). In a systematic review and meta-analysis encompassing 89 cohorts 

(33,115 participants), Salemme et al. (2025) showed that 41 % of memory-clinic 

MCI cases progressed to dementia over an average of five years, whereas 8.7% 

reverted to cognitively normal status (Salemme et al., 2025). In community-based 

cohorts, the pattern was different: the conversion rate fell to 27%, and the 

likelihood of reversion almost tripled to 28%. Roughly half the individuals in either 

setting remained clinically stable. Reversion was more common in population 

studies, probably because there were included milder or transient cognitive 

profiles (e.g., those driven by depression, medications, or sleep problems) that 

are under-represented in specialist clinics (Salemme et al., 2025).  
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Crucially, reversion does not imply definitive recovery. Indeed, reverters 

can still exhibit a higher incidence of future cognitive decline and often carry latent 

biological vulnerabilities (e.g., sub-threshold neurodegenerative pathology, 

limited cognitive reserve, or disrupted functional connectivity; Salemme et al., 

2025). For this reason, guidelines advocate continued longitudinal monitoring 

(typically at annual rather than six-monthly intervals) and management of 

modifiable risk factors (e.g., hypertension, diabetes, physical inactivity, hearing 

loss, and sleep disorders; Salemme et al., 2025). These “oscillating” trajectories 

(MCI to normality and occasionally back again) highlight the prognostic 

heterogeneity of MCI and support an early-intervention strategy that aims not only 

to delay progression but also to promote reversion whenever reversible factors 

are present (Salemme et al., 2025). 

In 2024, the Alzheimer’s Association Workgroup reframed MCI within a 

six-stage numeric clinical staging of AD. In this schema, Stage 2 captures subtle, 

newly emergent cognitive or neuro-behavioral change with no measurable test 

impairment and minimal functional impact. Stage 3, by contrast, is an objective 

cognitive impairment (i.e., abnormal performance on standardized tests in any 

domain), not yet severe enough to compromise basic activities of daily living (i.e., 

functional impact is limited to complex instrumental tasks), with decline from 

baseline documented for at least 6 months. Syndromically, Stage 3 corresponds 

to what has traditionally been called MCI, whereas Stage 2 parallels the “pre-

MCI” condition (Jack et al., 2024). The new framework also stresses that 

cognitive decline may involve any domain and that phenotypic variants should be 

documented but do not alter staging (Jack et al., 2024).  
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A crucial point is that once an individual meets biological AD criteria (i.e., 

≥ 1 “Core 1” biomarker such as amyloid-PET or plasma p-tau 217 is abnormal), 

the Workgroup no longer labels this phase “prodromal”; it is considered “AD, 

clinical Stage 3.” The same reasoning applies to cognitively unimpaired 

individuals with abnormal AD biomarkers: under this framework, they are 

classified as “AD, clinical stage 1 or 2” rather than as “at risk for AD,” because 

they already meet the biological criteria for the disease. Accordingly, MCI is now 

embedded within the AD continuum rather than treated as a risk state (Jack et 

al., 2024). 

The 2024 Italian Guidelines on the diagnosis and treatment of dementia 

and Mild Cognitive Impairment (Sistema Nazionale Linee Guida – Istituto 

Superiore di Sanità, 2024) have adopted the same continuum view. They 

recommend systematic multidomain cognitive screening (e.g., MoCA), 

comprehensive functional assessment, and, when possible, early biomarker 

profiling. In addition, structured follow-up is advised at six- to twelve-month 

intervals. 

 

2.1.2. Neuropsychological Screening Tests and MCI 

Neuropsychological testing can be extremely useful in diagnosing MCI and 

monitoring the progression of cognitive symptoms over time (Vaccaro et al., 

2024). Among the main screening tools used in the assessment of individuals 

showing cognitive decline there are the MMSE (Folstein et al., 1975) and the 

MoCA (Nasreddine et al., 2005). 
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The MMSE, developed by Folstein et al. (1975), is a concise, portable tool 

designed to rapidly assess cognitive impairment. Its validity was established 

through studies that showed significantly lower scores in individuals with major 

neurocognitive disorders compared to healthy individuals, with scores below 20 

typically indicating severe impairment and scores of 24 or above considered as 

normal (Folstein et al., 1975). The MMSE has been found to be particularly well-

suited for assessing severe cognitive deterioration, like AD. Nonetheless, the 

MMSE is characterized by limited sensitivity for detecting MCI and executive 

deficits (Pendlebury et al., 2010). Additionally, although Folstein et al. (1975) 

reported high inter-rater reliability, subsequent studies have shown that the 

MMSE is not sufficiently sensitive to detect subtle cognitive changes (Bowie et 

al., 1999).  

The MoCA was developed as a more sensitive tool for MCI, incorporating 

executive and attention tasks not included in the MMSE (Nasreddine et al., 2005). 

In their review, Pinto et al. (2019) highlighted that, even though both the MMSE 

and MoCA could effectively differentiate healthy individuals from those with major 

neurocognitive disorder, the MoCA is more accurate than the MMSE in 

distinguishing individuals with MCI from healthy controls. For instance, Jia et al. 

(2021) reported that a ceiling effect occurred in 46.3% of MMSE’s administrations 

compared to 26.2% of MoCA’s. Moreover, even though with both instruments 

MCI was diagnosed in 23.5% of individuals tested, an additional 12.7% of 

individuals, who were classified as normal with the MMSE, were identified as 

having MCI when assessed with the MoCA. 
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2.1.3. MoCA 

The MoCA (Nasreddine et al., 2005) is among the most widely used 

neuropsychological screening tests for various pathological conditions, such as 

MCI, dementia (e.g., AD, Lewy body dementia, fronto-temporal dementia, 

Parkinson’s disease dementia, Huntington’s disease dementia), amyotrophic 

lateral sclerosis, multiple sclerosis, epilepsy, and stroke; for a brief review, see 

Kessels et al., 2022. In particular, the MoCA has shown high sensitivity and 

specificity in identifying MCI (Trzepacz et al., 2015). This is likely due to the wide 

range of cognitive domains that can be investigated, including visuospatial 

abilities, attention, working memory, language, long-term verbal memory, 

executive functions, and orientation to space and time.  

The high sensitivity and specificity of MoCA in detecting MCI was 

evidenced since the original study by Nasreddine et al. (2005). Nasreddine et al. 

(2005) recruited 93 patients with mild AD, 94 with MCI, and 90 healthy elderly 

persons to evaluate their performance on the MoCA, the MMSE, and a 

comprehensive neuropsychological battery. Their analysis revealed that tasks 

such as the TMT, cube copying, clock drawing, naming, delayed recall, phonemic 

fluency, abstraction, and orientation effectively distinguished between AD, MCI, 

and healthy controls (with AD patients performing worst and MCI patients 

showing intermediate deficits). Notably, tests of digit span, letter detection by 

tapping, and serial subtraction of sevens differentiated AD from both MCI and 

healthy controls, whereas MCI individuals performed not differently from controls 

on these measures, thereby suggesting a relatively preserved attentional 
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processes. Both AD and MCI groups were equally impaired on sentence 

repetition, though delayed recall was particularly compromised in MCI. 

Despite a high correlation between the MMSE and the MoCA, many MCI 

individuals, and some patients with mild AD, scored within the normal range on 

the MMSE. By contrast, abnormal scores were more frequent on the MoCA 

(Nasreddine et al., 2005). Sensitivity analyses demonstrated that the MMSE had 

low sensitivity for detecting MCI (18%) and moderate sensitivity for AD (78%). By 

contrast, the MoCA showed 90% sensitivity for MCI and 100% for AD, albeit with 

slightly lower specificity (87% for MCI versus 100% for AD; Nasreddine et al., 

2005). 

 

2.1.3.1. Italian Normative Studies of the MoCA 

The instructions for administering and scoring the MoCA (7.1) were 

originally translated and adapted into Italian by Pirani et al. (2006; 2022). Several 

Italian normative studies of the MoCA have been conducted in Italy (e.g., Aiello 

et al., 2022; Conti et al., 2015; Montemurro et al., 2022; Santangelo et al., 2015; 

Siciliano et al., 2019).  

Santangelo et al. (2015) were the first to provide normative data for all 

subtest scores of the Italian version of the MoCA (Italian translation by Pirani et 

al., 2006). They examined the effects of age, education, and biological sex on 

performance in 415 healthy participants (age range: 21–95 years; education 

range: 1–21 years) from various Italian regions (mostly in Naples, Milan, and 

Siena). Each participant completed the MoCA (7.1) followed by the MMSE 

(Measso et al., 1993). Education significantly predicted performance across all 
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cognitive domains, whereas age influenced all domains except attention. 

Biological sex affected memory (with males performing better) and attention (with 

females performing better). The mean MoCA score (21.98) was lower than the 

original Canadian mean of 27.4 (Nasreddine et al., 2005), and the cut-off was set 

at 15.5 rather than 26. It is important to note that the cut-off identified by 

Santangelo et al. (2015) was derived using a substantially different 

methodological approach. Specifically, the authors defined the cut-off using a 

non-parametric inferential method, i.e., by identifying the lower bound of the 

normative distribution (≤ 15.5) based on Equivalent scores. In contrast, 

Nasreddine et al. (2005) established the original cut-off (≥ 26) through an 

approach grounded in assessing clinical sensitivity and specificity in detecting 

MCI and mild AD. Therefore, the lower cut-off reported in the Italian normative 

study is more likely a result of the normatively derived statistical threshold, rather 

than a diagnostic parameter established to distinguish clinical conditions.  

Conti et al. (2015) conducted a second normative study focusing 

exclusively on an elderly sample. The study included 225 healthy Italian 

participants aged 60–80 years, with an education range of 5–23 years. Initially, 

the MMSE (Measso et al., 1993) and the Prose Memory Test (PMT; Spinnler & 

Tognoni, 1987) were administered. After a 15-minute interval, participants 

completed the MoCA (Italian translation by Pirani et al., 2006). The findings 

revealed that age and education significantly influenced performance, whereas 

biological sex did not. The cut-off score determined in this study was 17.36. 

Aiello et al. (2022) updated the normative data for the Italian MoCA 7.1, in 

response to demographic and sociocultural changes in Italy. They administered 
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the MoCA to 579 healthy individuals from Northern Italy (age range: 21–96 years; 

education range: 1–25 years). The results showed that age was inversely related 

to MoCA scores (total and subtests) and that significant sex differences emerged 

in the attention, language, and visuospatial domains, with males achieving higher 

overall scores. However, when biological sex, age, and education were 

considered simultaneously, only age and education predicted performance 

across all domains, except for orientation, which was predicted solely by age. 

The cut-off score defined was 18.58. 

The Italian normative studies by Siciliano et al. (2019) and Montemurro et 

al. (2022) fill two methodological gaps left by the earlier norms of Santangelo et 

al. (2015), Conti et al. (2015), and Aiello et al. (2022). Siciliano et al. (2019) 

provided independent norms for MoCA Forms 2 and 3 after showing, in a pilot 

sample of 78 healthy volunteers, that the three Italian versions are not fully 

parallel. Separate normative cohorts were then recruited: 302 participants for the 

MoCA-2 and 413 for the MoCA-3. Multiple regressions showed significant effects 

of age and education, whereas sex was non-significant. Equivalent-score 

procedures yielded cut-offs of 17.49 (MoCA-2) and 18.34 (MoCA-3). 

Montemurro et al. (2022) provided Italian norms for the MoCA 8.1 

including, for the first time, a composite cognitive reserve index (i.e., the CRIq) 

among the predictors. Drawing on a sample of 440 healthy Italian adults (aged 

50–90), they found that regression models incorporating the CRIq outperformed 

those relying on education alone. Accordingly, the authors provided regression-

based norms that adjust performance on the MoCA not only for age, sex, and 

education but also for cognitive reserve (see Section 2.4.2. for further details). 
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Because the different Italian normative studies used different cohorts and 

correction models, their MoCA thresholds are not interchangeable. Indeed, each 

cut-off can guide clinical interpretation only within the normative framework from 

which they were derived. Therefore, caution should be placed when comparing 

values across studies. 

 

2.1.3.2. MoCA-MIS 

The MoCA-MIS is a memory-specific index derived from the MoCA that 

quantifies an individual’s memory performance. It incorporates both free and 

cued recall tasks, as well as recognition task, to generate a comprehensive score 

reflecting long-term verbal learning. The MoCA-MIS provides a 0–15 score, 

assigning more points for words retrieved spontaneously (i.e., free recall) and 

progressively fewer points for words recalled only after semantic cueing or upon 

recognition. Because it draws on material already included in the MoCA (i.e., the 

five-word delayed-recall task), the MoCA-MIS adds minimal or no additional 

administration time. Full scoring details are provided in Section 2.2.2.2. The 

MoCA-MIS has been found to be particularly sensitive in differentiating amnestic-

MCI from normal aging conditions (Kaur et al., 2018) and in identifying people 

with MCI at high risk of conversion to AD (Julayanont et al., 2014).  

Julayanont et al. (2014) conducted a retrospective study on 165 individuals 

diagnosed with MCI to evaluate the predictive utility of the MoCA-MIS for 

conversion to AD. After an 18-month follow-up, 69.1% of the participants had 

progressed to AD. This progression was associated with an annual decline of 

2.19 ± 0.39 points on the MoCA total score and 1.08 ± 0.37 on the MoCA-MIS. 
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Based on these data, the authors proposed an algorithm using cut-off scores of 

20 for the MoCA total score and 7 for the MoCA-MIS. Notably, subjects scoring 

below these thresholds exhibited a 90.5% risk of progression after 18 months, 

compared to 52.8% for those above. They also identified that subtests evaluating 

naming, backward digit span, serial subtraction, abstraction, and free recall were 

particularly predictive of conversion to AD.  

Kaur et al. (2018) compared participants’ performance on the delayed 

recall of the MoCA word list (taking into consideration also the MoCA-MIS) with 

that on the delayed recall of a story paragraph. The MoCA-MIS yielded a 

sensitivity of 80% and a specificity of 69.1% in the classification of individuals with 

amnestic MCI versus healthy controls. In comparison, the story paragraph 

showed a lower sensitivity of 62.8%. 

 

2.1.4. The Present Study 

As discussed in the previous paragraph, the MoCA is one of the most 

widely used neuropsychological screening tests, particularly sensitive in 

detecting MCI. Several versions of the MoCA have been developed. The most 

recent version is the 8.1 (https://mocacognition.com/paper/), which is 

distinguished from version 7.1 by improved scoring guidelines, clear instructions 

for calculating the MoCA-MIS, partially different stimuli in the letter detection by 

tapping, and revised procedures for the verbal fluency and abstraction tasks 

(https://mocacognition.com/faq/). 

To date, no studies have addressed the definition of Italian normative data 

for the MoCA (8.1). Moreover, none of the previous Italian normative studies 

https://mocacognition.com/paper/
https://mocacognition.com/faq/
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included the MoCA-MIS. We aimed to fill this gap, by providing updated normative 

data of the latest version of the MoCA (i.e., 8.1). For the Italian translation, see 

Bonansea & Gallo (2018); note, however, that this translation was based on that 

of version 7.1 (Pirani et al., 2006).  

The primary aim of the present study was to provide updated and freely 

available normative data for the Italian population of the latest version of the 

MoCA (8.1), including the total score and all the subdomains (see Section 2.2.2.2. 

for details). A common limitation of screening tests is that their total score 

aggregates all subtask items without weighting them equally, which can obscure 

specific cognitive deficits (Lezak et al., 2012; Mondini et al., 2022). For example, 

in the MoCA, the visuospatial/executive section contributes 5 points, whereas the 

naming section accounts for 3 points. By providing norms for each cognitive 

subdomain, the present study addresses this limitation, allowing for a more 

nuanced interpretation of cognitive performance beyond the total score. This 

approach enhances the clinical utility of the MoCA by enabling a more precise 

evaluation of domain-specific impairments. A representative sample of the Italian 

population was recruited from various regions, covering diverse age groups and 

educational levels, with an equal balance of biological sexes.  

The present study has three main novelty points with respect to the 

previous Italian norms of the MoCA (i.e., 7.1): 

1) First, our data were collected from participants from different Italian regions 

(distributed in the North, Center, and South of Italy). The scope was to provide 

normative data possibly more representative of the whole Italian population.  
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2) Second, our study incorporated normative data specifically related to the 

MoCA-MIS, a score derived from the memory subtest of the MoCA. Notably, 

no previous Italian studies provided normative data for the MoCA-MIS. 

3) Third, we included the Cognitive Reserve Questionnaire (CRIq; Nucci et al., 

2012), among the possible predictors of participants’ performance on the 

MoCA. The CRIq is a measure of cognitive reserve, i.e., “the adaptability that 

helps to explain differential susceptibility of cognitive abilities or day-to-day 

function to brain aging, pathology, or insult” (Stern et al., 2020). Individuals 

with higher cognitive reserve could exhibit better cognitive performance 

and/or a slower rate of cognitive decline during the life-span, as compared to 

those with lower cognitive reserve (Stern, 2009). It has been suggested that 

normative data could improve if cognitive reserve is considered in the 

calculation of cut-off scores (Mondini et al., 2022). For instance, Montemurro 

et al. (2022) reported that cognitive reserve outperformed education as a 

predictor of participants’ performance on the MoCA.  

 

2.2. METHOD 

2.2.1. Participants 

We recruited 668 healthy, Italian participants (344 females; age range: 18-

99 years, M age: 56 years, SD = 21 years; education range: 1-30 years; M 

education: 13.4 years, SD = 4.6 years; see Table 1).  
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Table 1. Distribution of the participants as a function of age, education, and biological sex. 

 
 

 

 

All participants were recruited, voluntarily, and tested from February to 

September 2023. Four hundred eighty-eight participants were recruited in 

northern Italy, 30 participants were recruited in central Italy, and 150 participants 

were recruited in southern Italy (see Table 2). 

 

Table 2. Distribution of the participants as a function of the Italian regions of their origin. 

Northern  
regions 

Participants Central  
regions 

Participants Southern  
regions 

Participants 

Friuli-Venezia Giulia 123 Lazio 20 Basilicata 3 

Lombardia 37 Toscana 7 Calabria 60 

Piemonte 38 Umbria 1 Campania 7 

Trentino-Alto Adige 2 Abruzzo 1 Puglia 13 

Veneto 221 Marche 1 Sardegna 59 

Emilia-Romagna 61   Sicilia 8 

Liguria 6     

TOTAL 488  30  150 
 

 

Inclusion criteria consisted of the absence of confirmed diagnosis of 

neurological and/or psychiatric disorders; no substance abuse; no intake of 

psychotropic drugs; no other medical conditions possibly affecting cognition (e.g., 

acquired immunological deficiency syndrome, severe sleep apnea, non-
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neurological chemotherapy and/or radiotherapy concluded less than one year 

before recruitment), normal or corrected-to-normal vision and hearing, and an 

Adjusted score > 26 on the MMSE (Foderaro et al., 2022; Folstein et al., 1975). 

Finally, all participants should have been born in Italy. The study was carried out 

according to the Declaration of Helsinki and was approved by both the local 

Ethics Committee and the MoCA Test Inc. (www.mocatest.org). All participants 

provided their written informed consent to take part in the study.  

 

2.2.2. Materials 

2.2.2.1. Anamnestic Interview 

The anamnestic interview was composed of two sections. In the first 

section, the focus of the examiner was on collecting general information about 

the participants. For instance, participants were asked to provide their first and 

last names, date of birth and age, education level, biological sex (i.e., male or 

female), handedness (i.e., right-handed, left-handed, or ambidextrous), and 

professional occupation.  

In the second section, detailed information was gathered about the 

participants’ health status. The goal of the examiner was to determine whether 

participants were affected by any pathological conditions or if they were taking 

medications. Initially, the examiner investigated for the presence of visual and/or 

auditory deficits and whether these were corrected with eyeglasses or hearing 

aids. This ensured that the participant could see and hear well before being 

administered the full protocol.  

http://www.mocatest.org/
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The examiner comprehensively investigated whether participants had any 

health problems, with reference to neurological and psychiatric disorders (e.g., 

stroke, traumatic brain injury, seizures, depression, anxiety, etc.). The examiner 

also explored whether participants ever had neurological, psychological, or 

psychiatric consultations/diagnoses. Participants were also asked if they had 

ever used, or they were currently using, drugs and/or abusing alcohol. Finally, 

participants were asked whether they had trouble sleeping or suffered from 

insomnia. The main aim of the anamnestic interview was to identify any potential 

exclusion criteria. 

 

2.2.2.2. MoCA  

The MoCA (8.1; https://mocacognition.com/paper/) is a paper-and-pencil 

screening test consisting of a series of subtests administered in the following 

order: TMT, cube copy, clock drawing, denomination, immediate verbal memory 

recall, forward digit span, backward digit span, letter detection by tapping, serial 

backward subtraction, two sentences repetition, verbal abstraction, delayed 

verbal memory recall, and spatial-temporal orientation. Administration lasts for 

about 10 minutes and the total score ranges from 0 to 30 points. 

We derived the total score (MoCA-TOT) and the scores of the following 

subdomains, grouped as proposed by Aiello et al. (2022): Visuo-spatial (MoCA-

V: cube copy, clock drawing); Language (MoCA-L: denomination, two-sentence 

repetition); Attention (MoCA-A: digit span, letter detection by tapping, and serial 

backward subtraction); Executive functions (MoCA-E: TMT, phonemic fluency, 



 70 

and verbal abstraction); Memory (MoCA-DR: delayed recall) and Orientation 

(MoCA-O: spatial and temporal orientation).  

The MoCA-MIS was also included in the analyses. The MOCA-MIS is 

derived from the memory subtest. On this subtest, participants were presented 

with a list of five words and were instructed to remember as many words as 

possible, both immediately (for two consecutive repetitions) and after a delay of 

five minutes (i.e., delayed recall subtest). In the delayed recall subtest, in case 

the participants did not freely recall one or more words, the examiner provided 

categorical cues (i.e., semantic categories related to the words to be 

remembered) and, eventually, multiple-choice recognition cues (i.e., a list of three 

words: the presented word and two distractors). The MoCA-MIS was calculated 

with reference to the delayed recall subtest. More in detail, the MoCA-MIS was 

determined by the sum of the words remembered in the delayed recall subtest 

multiplied by three, plus the words remembered with categorical cues multiplied 

by two, plus the words recognized through multiple-choice cues multiplied by one 

(range: 0-15). 

 

2.2.2.3. CRIq 

The CRIq (Nucci et al., 2012; https://www.cognitivereserveindex.org/) is a 

semi-structured interview developed to evaluate the level of cognitive reserve of 

a person. Participants were presented with questions to investigate formal 

education, job activities, and leisure activities, by reporting the frequency and 

years of practicing each activity. The total score (i.e., CRIq total score) provided 

the overall level of cognitive reserve (Stern, 2009). 
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2.2.2.4. MMSE 

The MMSE is a rapid (10-minute) paper-and-pencil screening test. The 

total score ranges from 0 to 30 points. It assesses general cognitive functioning 

by examining spatial-temporal orientation, immediate and delayed verbal 

memory recall, attention and calculation, language and visuospatial ability. The 

MMSE was included to rule out the presence of cognitive impairment, according 

to the administration and scoring guidelines provided by Foderaro et al. (2022; 

see also Folstein et al., 1975). 

It is important to acknowledge potential interferences that may arise from 

administering both the MoCA and the MMSE in the same session. Indeed, the 

overlap in cognitive domains assessed by the MoCA and MMSE might result in 

redundant or overlapping information, potentially influencing participants' 

performance and introducing bias into the evaluation process. To mitigate these 

concerns, the tests were presented in a fixed order, with the MoCA administered 

first and the MMSE second, spaced out by the administration of the CRIq. 

 

2.2.3. Procedure 

Data collection was performed by trained examiners. Each examiner 

underwent the official training provided on the MoCA website 

(https://mocacognition.com/training-certification/), obtaining the related 

certificate. The training was then further completed through additional videos, 

showing the correct procedure of administration of each part of the protocol (i.e., 

anamnestic interview; MoCA, CRIq, MMSE). Several simulations and training 

sessions were also run to ensure that each examiner had correctly learned the 
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procedure. During data gathering, systematic controls were scheduled to ensure 

a continuous and rigorous oversight by expert supervisors, who personally 

validated each research protocol and the integrity of the entire procedure.  

Each participant was evaluated, alone and in a quiet room, in a single 

session lasting about 40 minutes. Each session started with participants giving 

their written informed consent to take part in the study. Then, participants 

received the anamnestic interview to evaluate whether all inclusion criteria had 

been correctly met. Subsequently, participants were administered, in the 

following fixed order, the MoCA (8.1), the CRIq, and the MMSE. The examiner 

read aloud all the instructions to the participants. Participants’ responses were 

audio-recorded, for the examiner to control offline the correctness and 

completeness regarding the coding and scoring of the participants’ answers. 

 

2.2.4. Statistical Analyses 

We first tested for the effect of biological sex on participants' performance, 

through t-tests for independent measures. Then, we conducted Pearson’s 

product-moment correlations to determine significant predictors of the 

participants’ performance (Age: non-transformed, logarithm with base 10, natural 

logarithm, natural logarithm [100 - Age]; Education: non-transformed, square 

root, inverse). Correlations were run separately for the total score on the MoCA 
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and for the scores in each subdomain2. Thereafter, the best predictors were 

simultaneously entered into multiple linear regressions, separately for the total 

score on the MoCA and for the scores in each subdomain. After correcting with 

Bonferroni3, significant predictors were used to compute equations for 

transforming Raw scores into Adjusted scores. Finally, Adjusted scores were 

placed in ascending order to be transformed into Equivalent scores.   

We conducted all statistical analyses with JASP, version 0.18.3 (JASP 

Team 2024). We performed separate analyses on the total score (MoCA-TOT), 

on the MoCA-MIS, and on the other subdomains (Aiello et al., 2022): Visuospatial 

(MoCA-V), Attention (MoCA-A), Language (MoCA-L), Executive functions 

(MoCA-E), Delayed recall (MoCA-DR), and Orientation (MoCA-O).  

A post-hoc power analysis was carried out a posteriori with G*Power 3.1 

(F tests → Linear multiple regression: fixed model, R² deviation from zero). To 

ensure a conservative estimate of our sensitivity, we based a post hoc power 

analysis on the lowest R² observed across all MoCA models, which corresponds 

to an effect size f² = 0.155. Setting α = .05, sample size = 668 and number of 

 
2 Although best practices call for using bivariate regressions to identify both optimal 

transformations and significant univariate predictors before fitting the full multivariate model, we 

initially relied on Pearson correlations for simplicity, also considering that in a bivariate linear 

model the standardized slope equals the correlation coefficient (β = r). To verify that this shortcut 

did not bias our selection, we ran formal bivariate regressions for each demographic predictor 

and each MoCA outcome. In every case, the significant predictors (and the transformations we 

chose) were identical to those suggested by the correlations. Thus, while we report the more 

straightforward correlation-based screening in the main text, this approach was fully validated 

also by the regression-based approach. The bivariate regression analyses were conducted with 

R Studio (R Core Team, 2024) and are available at this link.  

 
3 Even though there are other approaches for selecting significant predictors, such as ANOVA-

based comparisons or model selection guided by information criteria (AIC, BIC), we decided to 

apply Bonferroni correction in order to control the family-wise error rate when evaluating multiple 

demographic predictors, as previously suggested (Aiello & Depaoli, 2022; Spinnler & Tognoni, 

1987). 

 

https://drive.google.com/drive/folders/1QizfhMbRPCPwyd-9qV6jFMQeeEXHregD?usp=sharing
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predictors = 4 (i.e., Age, Education, Biological sex, and CRIq), the analysis 

yielded an achieved power of > .99. Thus, even subtle demographic contributions 

to MoCA performance would have been identified with the present sample size 

(analyses available at this link). 

 

2.3. RESULTS 

2.3.1. Descriptive Statistics 

The descriptive statistics for the MoCA-TOT and the subdomains are 

reported in Table 3. All eight scores were normally distributed, with skewness and 

kurtosis statistics4 within the acceptable range of -2 and +2 (except A: kurtosis = 

4.719). All Raw scores are reported in Supplemental data 2 

(https://osf.io/b2eqn/). 

 

 

 

 

 

 

 

 

 
4 There is no universal consensus on exact cut-offs for univariate normality. Some authors 

consider acceptable for both skewness and kurtosis a range between -2 and +2, to flag 

distributions as approximately normal (e.g., George & Mallery, 2010). Others report different 

ranges (i.e., -/+2 for skewness and -/+ 7 for kurtosis; Kim, 2013). Given these differing 

benchmarks, we examined both sets of thresholds and supplemented them with graphical 

inspections to ensure the adequacy of residual normality for our regression models. 

https://drive.google.com/drive/folders/1QizfhMbRPCPwyd-9qV6jFMQeeEXHregD?usp=sharing
https://osf.io/b2eqn/
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Table 3. Descriptive statistics of MoCA-TOT and subdomains. 

  MoCA- 
V 

MoCA- 
A 

MoCA- 
L 

MoCA- 
E 

MoCA- 
     DR 

MoCA- 
O 

MoCA-
MIS 

MoCA-
TOT 

Valid  668  668  668  668  668  668  668  668  
Mdn  3.000  6.000  4.000  3.000  3.000  6.000  12.000  24.000  
M  3.066  5.293  4.353  2.587  2.993  5.475  11.648  23.771  
SEM  0.038  0.040  0.030  0.046  0.061  0.024  0.120  0.160  
95% CI M Upper  3.141  5.371  4.412  2.677  3.112  5.521  11.884  24.086  
95% CI M Lower  2.990  5.216  4.295  2.497  2.873  5.428  11.412  23.456  
SD  0.994  1.023  0.769  1.187  1.575  0.610  3.106  4.143  
Skewness  -0.794  -1.916  -1.255  -0.604  -0.449  -0.835  -1.059  -0.960  
SE of Skewness  0.095  0.095  0.095  0.095  0.095  0.095  0.095  0.095  
Kurtosis  -0.316  4.719  1.812  -0.459  -0.787  0.308  0.706  0.807  
SE of Kurtosis  0.189  0.189  0.189  0.189  0.189  0.189  0.189  0.189  
Minimum  0.000  0.000  1.000  0.000  0.000  3.000  1.000  8.000  
Maximum  4.000  6.000  5.000  4.000  5.000  6.000  15.000  30.000  

 
Note. TOT: Total; MIS: Memory Index Score; V: Visuospatial; A: Attention, L: Language, E:  

Executive functions; DR: Delayed recall; O: Orientation.  

 

 
         2.3.2. Inferential Statistics 

2.3.2.1. T-Tests on Biological Sex 

For MoCA-TOT and all the other subdomains, we conducted independent-

samples t-tests to investigate for significant differences in participants’ 

performance, depending on biological sex (Supplemental data 2; 

https://osf.io/b2eqn/). All differences were not significant except for the 

subdomains MoCA-V, MoCA-A, and MoCA-MIS. For the MoCA-V and the MoCA-

A, males outperformed females. On the contrary, for the MoCA-MIS, females 

outperformed males.  

 

2.3.2.2. Correlations 

         For all MoCA scores (i.e., TOT and subdomains), we ran Pearson’s 

product-moment correlations to find the best predictors of the participants’ 
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performance (Age: non-transformed, logarithm with base 10, natural logarithm, 

natural logarithm [100 - Age]; Education: non-transformed, square root, inverse). 

According to the results of previous studies (e.g., Santangelo et al., 2015, 

Siciliano et al., 2019), for most correlations, the best predictors (i.e., significant 

and higher Pearson’s r) were both Age (natural logarithm [100 - Age]) and 

Education (squared root). The only exception was for MoCA-DR, in which the 

best predictors were non-transformed Age and Education (squared root). All 

correlations are reported in Supplemental data 2 (https://osf.io/b2eqn/). 

 

2.3.2.3. Multiple Linear Regressions with Predictors: Age, Education, 

and Biological Sex 

For each MoCA score (i.e., total score and subdomains), we performed 

multiple linear regressions with the best predictors (Age: non-transformed, 

natural logarithm [100 - age]; Education: squared root). Furthermore, we 

considered biological sex (females vs. males) as a categorical predictor 

(Supplemental data 2; https://osf.io/b2eqn/). To control for the family-wise error, 

all ps were corrected with Bonferroni (.05/3 predictors: alpha = .017). 

 For all regression models, the variance inflation factor values were all lower 

than 5 and the tolerance limits were all higher than .02. Thus, the results of these 

analyses suggested that there were no substantial concerns with multicollinearity. 

Finally, our regression models were characterized by the independence of errors 

(Durbin-Watson range = 1.5/2.5). 

The results of multiple linear regressions showed that Age (non-transformed 

or natural logarithm [100 - age]) and Education (squared root) were significant 
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predictors of all MoCA scores, except for the MoCA-O subdomain, in which only 

Age was a significant predictor. Finally, Biological sex was not a significant 

predictor of performance, except for two subdomains: MoCA-A and MoCA-MIS 

(Supplemental data 2; https://osf.io/b2eqn/). On the basis of the results of multiple 

linear regressions, we transformed Raw scores into Adjusted scores through the 

equations reported in Table 4. 

 

Table 4. Regression equations for transforming Raw score into Adjusted scores. 

MoCA scores (TOT and subdomains) Regression equations 

MoCA-TOT Adjusted score = Raw score - 3.485 X (natural logarithm [100 - Age] 

- 3.608) - 1.914 x (Education squared root - 3.602) 

MoCA-MIS (females) Adjusted score = Raw score - 2.681 x (natural logarithm [100 - Age] 

- 3.608) - 0.594 x (Education squared root - 3.602) - 0.687 

MoCA-MIS (males) Adjusted score = Raw score - 2.681 x (natural logarithm [100 - Age] 

- 3.608) - 0.594 x (Education squared root - 3.602) + 0.687 

MoCA-V Adjusted score = Raw score - 0.576 x (natural logarithm [100 - Age] 

- 3.608) - 0.215 x (Education squared root - 3.602) 

MoCA-A (females) Adjusted score = Raw score - 0.459 x (natural logarithm [100 - age] 

- 3.608) - 0.352 x (Education squared root - 3.602) + 0.198 

MoCA-A (males) Adjusted score = Raw score - 0.459 x (natural logarithm [100 - age] 

- 3.608) - 0.352 x (Education squared root - 3.602) - 0.198 

MoCA-L Adjusted score = Raw score - 0.344 x (natural logarithm [100 - age] 

- 3.608) - 0.297 x (Education squared root - 3.602) 

MoCA-E Adjusted score = Raw score - 0.462 x (natural logarithm [100 - age] 

- 3.608) - 0.737 x (Education squared root - 3.602) 

MoCA-DR Adjusted score = Raw score + 0.043 x (Age [non transformed] - 

56.355) - 0.212 x (Education squared root - 3.602) 

MoCA-O Adjusted score = Raw score - 0.298 x (natural logarithm [100 - age] 

- 3.608) 

Note. TOT: Total; MIS: Memory Index Score; V: Visuospatial; A: Attention, L: Language, E:  

Executive functions; DR: Delayed recall; O: Orientation.  

 

From Raw scores, we calculated Adjusted scores, through the 

spreadsheets available in Supplemental data 3 (https://osf.io/b2eqn/). The 

Adjusted scores were then ordered from the smallest to the highest. Finally, we 
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calculated Equivalent scores, by means of this software: 

https://egdp.shinyapps.io/tolLimits/ (Aiello & Depaoli, 2022; Supplemental data 4; 

https://osf.io/b2eqn/). All Equivalent scores are reported in Table 5. 

 

Table 5. Equivalent scores for each MoCA score (i.e., MoCA-TOT and subdomains). 

Equivalent 
scores 

MoCA-TOT MoCA-MIS MoCA-V MoCA-A 

0 ≤ 17.947 ≤ 5.382 ≤ 1.186 ≤ 3.329 
1 17.948-20.640 

(ITL = 19.803) 

5.383-7.604 

(ITL = 6.513) 

1.187-1.856 

(ITL = 1.591) 

3.330-4.183 

(ITL = 3.857) 

2 20.641-22.348 7.605-9.808 1.857-2.600 4.184-4.931 

3 22.349-24.085 9.809-11.551 2.601-3.274 4.932-5.491 

4 ≥ 24.086 ≥ 11.552 ≥ 3.275 ≥ 5.492 
     

Equivalent 
scores 

MoCA-L MoCA-E MoCA-DR MoCA-O 

0 ≤ 2.966 ≤ 0.584 ≤ 0.662 ≤ 4.289 
1 2.967-3.600 

(ITL = 3.309) 

0.585-1.378 

(ITL = 1.026) 

0.663-1.521 

(ITL = 1.048) 

4.290-4.841 

(ITL = 4.785) 

2 3.601-3.862 1.379-2.114 1.522-2.231 4.842-5.024 

3 3.863-4.566 2.115-2.651 2.232-3.110 5.025-5.781 

4 ≥ 5.492 ≥ 4.567 ≥ 3.111 ≥ 5.782 

 
Note. TOT: Total; MIS: Memory Index Score; V: Visuospatial; A: Attention, L: Language, E:  

Executive functions; DR: Delayed recall; O: Orientation; ITL: Inner Tollerance Limit. 

 

 
 
        The range of the Adjusted scores, within each Equivalent score (i.e., 0-4), is 

reported in Supplemental data 3 (https://osf.io/b2eqn/). Starting from the Raw 

scores, clinicians can use this spreadsheet to calculate the Adjusted scores 

(Supplemental data 3; https://osf.io/b2eqn/). Finally, the Adjusted scores can be 

classified on the scale of the Equivalent scores (range: 0-4; 0 = abnormal 

performance; 1 = borderline performance; 2 – 4 = normal performance; Capitani 

& Laiacona, 2017). When the same Adjusted score was observed at the threshold 

between two Equivalent scores, the last observation within the lower Equivalent 

score was shifted to the next smaller Adjusted score, for Equivalent score 0, but 

https://egdp.shinyapps.io/tolLimits/
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to the next larger Adjusted score for Equivalent scores 1 - 4 (Capitani & Laiacona, 

2017). A video explaining the use of the spreadsheets to calculate Adjusted and 

Equivalent scores is available (Supplemental video; https://osf.io/b2eqn/). 

 

2.3.2.4. Multiple Linear Regressions with Predictors: Age, Education, 

Biological Sex, and the CRIq Total Score 

We conducted multiple linear regressions to test whether the addition of the 

CRIq total score was a significant predictor of performance, beyond Age, 

Education, and Biological sex. To control for the family-wise error all ps were 

corrected with Bonferroni (.05/4 predictors: alpha = .012). These analyses are 

reported in Supplemental data 5 (https://osf.io/b2eqn/). The CRIq total score was 

not a significant predictor of performance for the MoCA-TOT score and all 

subdomains, except for the MoCA-E and the MoCA-DR. Nonetheless, in both 

cases, the increase of Adjusted R2 was minimal. More in detail, for MoCA-E, 

Adjusted R2 was .338 without CRIq total score and .355 with CRIq total score. 

Finally, for the MoCA-DR score, Adjusted R2 was .388 without CRIq total score 

and .394 with CRIq total score. Therefore, we did not correct Raw scores for the 

CRIq total score. 

We, additionally, conducted in Jamovi (The jamovi Project, 2024) a series 

of model comparisons contrasting Model 1 (i.e., Age, Education, Biological sex) 

with Model 2 (i.e., Age, Education, Biological sex , and CRIq total score) for each 

MoCA outcome. Adding the CRIq score yielded a significant improvement only 

for the executive subscale (ΔR² = .0180, F(1, 663) = 18.6, p < .001) and delayed 

recall (ΔR² = .257, F(2, 663) = 141, p < .001); all other outcomes showed only 

https://osf.io/b2eqn/
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small, non-significant increments (all ΔR² < .00563; all F(1, 663) ≤ 4.87; all ps ≥ 

.028). The full analyses can be accessed at this link. 

 

2.3.2.5. Construct Validity and MoCA-MMSE Conversion 

To test for construct validity, we conduct a Pearson’s product-moment 

correlation between the total Raw scores on the MoCA and on the MMSE. 

Participants’ performance on the two tests was positively correlated (see Table 

6). 

 

Table 6. Pearson's correlation between MoCA and MMSE total scores. 

   n Pearson's r     p Lower 

95% CI 

Upper 

95% CI 

Effect size 

(Fisher's z) 

SE 
Effect 

size 

MoCA  -  MMSE  668     .592  < .001  0.541  0.640  0.681              0.039  

   

 

 To facilitate bidirectional total score translation between the MMSE and 

MoCA raw scores. Predicting MoCA from MMSE (R² = .351, F(1, 666) = 360.26, 

p < .001) yielded: MoCA = −25.52 + (1.741×MMSE). The reverse model (R² = 

.351, F(1, 666) = 360.26, p < .001) was: MMSE = 23.51 + (0.202×MoCA). A 

potential limitation is that every participant in our study completed the MoCA 

before the MMSE, which might have introduced order effects. In future studies, 

therefore, the administration order should be counterbalanced to rule out any 

sequencing biases. The analyses are available at this link. 

 

 

https://drive.google.com/drive/folders/1QizfhMbRPCPwyd-9qV6jFMQeeEXHregD?usp=sharing
https://drive.google.com/drive/folders/1QizfhMbRPCPwyd-9qV6jFMQeeEXHregD?usp=sharing
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2.4. DISCUSSION 

We provided Italian normative data of the latest version of the MoCA (i.e., 

8.1; Nasreddine et al., 2005), including the MoCA-MIS and the other cognitive 

subdomains (i.e., MoCA-V, MoCA-A, MoCA-L, MoCA-E, MoCA-DR, and MoCA-

O). Normative data were collected from a large sample of 668 healthy Italian 

participants. The sample featured a balanced biological sex distribution, a wide 

age range (18-99 years), with evenly represented age groups, and varied 

educational backgrounds (1-30 years). Moreover, participants were recruited 

from 18 Italian regions, encompassing northern, central, and southern Italy, to 

guarantee comprehensive geographic representation. 

 

2.4.1. Demographic Variables: Age, Education, and Biological Sex 

We found that age, education, and, occasionally, biological sex were 

significant predictors of participants’ performance. Our findings are broadly in 

accordance with those of the Italian norms of the previous version of the MoCA 

(i.e., 7.1; Aiello et al., 2022; Conti et al., 2015; Santangelo et al., 2015; but see 

Aiello et al., 2022, for some differences among the previous Italian norms). Those 

norms included the MoCA total score (Aiello et al., 2022; Conti et al., 2015; 

Santangelo et al., 2015) and scores on various subdomains of the MoCA (e.g., 

Aiello et al., 2022; Santangelo et al., 2015), but not the MoCA-MIS. Note, 

however, that, in agreement with our findings, Kessels et al. (2022) reported that 

age, education, and biological sex were significant predictors of the MoCA-MIS.  
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2.4.1.1. Comparison among Italian Norms 

We compared the Equivalent scores yielded in our normative study with 

those provided by the normative studies of the MoCA (7.1; Aiello et al., 2022; 

Conti et al., 2015; Santangelo et al., 2015). For consistency, the cross-study 

comparison is limited to the three studies that provide conventional age- and 

education-adjusted norms for the standard Italian MoCA Form 1 (i.e., Santangelo, 

Conti, and Aiello’s norms). The alternate-form norms of Siciliano et al. (2019) and 

the cognitive-reserve–adjusted norms of Montemurro et al. (2022) are therefore 

not included.  

With reference to the MoCA-TOT, our Equivalent scores aligned most 

closely with those of Aiello et al. (2022) and least closely with that of Santangelo 

et al. (2015; see Table 7). To provide a concrete example, if we consider a 

hypothetical 63-year-old female with 13 years of education, scoring 24 on the 

MoCA-TOT, this person would obtain an Equivalent score of 4 according to 

Santangelo et al. (Adjusted score = 22.91), but an Equivalent score of 3 according 

to Conti et al. (Adjusted score = 21.57), Aiello et al. (Adjusted score = 22.82), and 

our study (Adjusted score = 23.98). Other examples of hypothetical patients’ 

classifications are provided in Table 8. 

 

Table 7. Comparison among the Equivalent Scores classification of Adjusted Scores provided by 

the different Italian normative studies on the MoCA total score. 

 

MoCA-TOT 
Equivalent 

Scores 
Santangelo et al.  

(2015) 
Conti et al.  

(2015) 
Aiello et al. 

(2022) 
Present  
study 

0 ≤ 15.5 ≤	17.362 ≤ 18.58 ≤ 17.947 

1 15.51–18.28 17.363–19.500 18.59–20.69 17.948-20.640 

2 18.29–20.25 19.501–21.562 20.7–22.56 20.641-22.348 

3 20.26–22.23 21.563–23.361 22.57–24.52 22.349-24.085 

4 ≥ 22.24 ≥ 23.362 ≥ 24.53 ≥ 24.086 
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Table 8. Classification of hypothetical patients according to the different MoCA’s Italian norms. 

 

 
Demographic 

Characteristics 

 Santangelo et al. 
(2015) 

Conti et al.  
(2015) 

Aiello et al.  
(2022) Present Study 

Raw 
scores 

Adjusted 
scores 

Equivalent 
scores 

Adjusted 
scores 

Equivalent 
scores 

Adjusted 
scores 

Equivalent 
scores 

Adjusted 
scores 

Equivalent 
scores 

Patient 

1 

40 years old 

8 years of education 

Male 

25 25.51 4 19.71 4 23.95 4 24.79 4 

Patient 

2 

85 years old 

5 years of education 

Female 

20 24.95 4 24.40 4 24.92 4 25.75 4 

Patient 

3 

63 years old 

13 years of education 

Female 

24 22.91 4 21.57 3 22.82 3 23.98 3 

Patient 

4 

27 years old 

16 years of education 

Male 

27 23.4 4 17.92 2 23.29 3 23.86 3 

Patient 

5 

76 years old 

18 years of education 

Male 

22 19.67 2 21.32 2 21.25 2 22.27 2 

 

With reference to the MoCA subdomains (see Table 9), a precise 

comparison of Equivalent scores classifications was possible only with the study 

by Aiello et al. (2022). This is because we adopted the subdomain grouping 

proposed by Aiello et al., which differs from that used by Santangelo et al. (2015), 

because the latter included the phonemic fluency test also within the Language 

subdomain. Finally, Conti et al. (2015) did not provide Equivalent scores for the 

MoCA subdomains. Overall, our classification of Equivalent scores was very 

similar to that provided by Aiello et al. (2022). Notably, in addition to including the 

MoCA-MIS, a unique feature of our study is the provision of Equivalent scores for 

the memory domain (i.e., delayed recall), which were absent in Santangelo et al. 

(2015) and only partially addressed by Aiello et al. (2022). 

The mild variability in the Equivalent score classification, among the 

different studies, highlights the fact that different normative studies might reflect 

some differences in population characteristics. In this respect, our study, being 
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the most recent, might potentially be the most representative of the current 

population. Notably, the proximity of our results to those of Aiello et al. (2022) 

likely reflects the temporal closeness of the two studies compared to those of 

Santangelo et al. (2015) and Conti et al. (2015), which are nearly a decade old. 

Furthermore, Conti et al. (2015) focused only on a normative sample aged 60-80 

years old, making it less generalizable to a younger population. Finally, a 

significant strength of our study lies in the recruitment of participants from several 

Italian regions (see Section 2.2.1), providing a more geographically diverse and 

inclusive normative sample. 
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Table 9. Comparison among the Equivalent scores classification of Adjusted scores provided by 

the different Italian normative studies on the subdomains of the MoCA. 

 
 

Equivalent 
scores 

Santangelo et al.  
(2015) 

Aiello et al. 
(2022) 

Present  
study 

Visuospatial 

0 ≤ 0.76 ≤ 1.36  ≤ 1.186 

1 0.77–1.35 1.37–2.03  1.187-1.856 

2 1.36–1.96 2.04–2.64  1.857-2.600 

3 1.97–2.52  2.65–3.22  2.601-3.274 

4 ≥ 2.53 ≥ 3.23  ≥ 3.275 

Executive 

functions 

0 ≤ 0.44  ≤ 1.07  ≤ 0.584 

1 0.45–1.10 1.08–1.87  0.585-1.378 

2 1.11–1.92 1.88–2.45  1.379-2.114 

3 1.93–2.53 2.46–3.07  2.115-2.651 

4 ≥ 2.54 ≥ 3.08  ≥ 2.652 

Language*  

0 ≤ 3.08  ≤ 2.98  ≤ 2.966 

1 3.09–3.87 2.99–3.71  2.967-3.600 

2 3.88–4.42 3.72–4.15  3.601-3.862 

3 4.43–5.12  4.16–4.71  3.863-4.566 

4 ≥ 5.13  ≥ 4.72  ≥ 4.567 

Attention 

0 ≤ 2.42  ≤ 3.44  ≤ 3.329 

1 2.43–3.56 3.45–4.5  3.330-4.183 

2 3.57–4.46 4.51–5.09  4.184-4.931 

3 4.47–5.21  5.1–5.66 4.932-5.491 

4 ≥ 5.22  ≥ 5.67 ≥ 5.492 

Memory 

0 - - ≤ 0.662 

1 - ≤ 0.45 0.663-1.521 

2 - 0.46–1.28 1.522-2.231 

3 - 1.29–2.29 2.232-3.110 

4 - ≥ 2.3  ≥ 3.111 

Orientation 

0 ≤ 5.03  ≤ 4.92  ≤ 4.289 

1 5.04–5.92 4.93–5.84  4.290-4.841 

2 5.93–5.94 5.85–5.93  4.842-5.024 

3 5.95–5.98  5.94–5.96  5.025-5.781 

4 ≥ 5.99  ≥ 5.97  ≥ 5.782 

 

Note. *In Aiello et al. (2022) and in our study, the Language subdomain included naming and 

sentence repetition. In Santangelo et al. (2015), the Language subdomain also included the 

phonemic fluency. 

 

It is important to note, however, that the comparison among the various 

studies should be interpreted cautiously. Indeed, Santangelo et al. (2015), Conti 

et al. (2015), and Aiello et al. (2022), each defined Italian normative data for the 

MoCA (7.1), whereas we established norms for the MoCA (8.1). There are some 

differences between the two versions of the MoCA (7.1 vs. 8.1). For instance, in 

version 8.1, there are revised instructions for the verbal fluency and abstraction 
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tasks. Furthermore, the stimuli on the letter detection by tapping (i.e., letter A) are 

partially different. Moreover, some instructions, although highly similar, are not 

exactly the same, in the two versions. Nevertheless, the differences between 

versions 7.1 and 8.1 are not substantial, and we believe that the overall alignment 

of our Equivalent score classifications with those of the MoCA (7.1) meaningfully 

supports the validity of our results. Notably, as previously mentioned (see Section 

2.1.3.1.), when comparing normative studies, it is tempting to treat their numerical 

cut-offs as interchangeable, yet each threshold is tied to a specific sample and 

correction model. That considered, nonetheless, placing our results alongside 

earlier norms remains informative in showing to what extent our results converge, 

or not, with the norms already available to Italian clinicians. 

 

2.4.2. MoCA and Cognitive Reserve 

In most analyses, cognitive reserve was not a significant predictor of our 

participants’ performance. In the only two analyses (i.e., MoCA-E and MoCA-DR) 

in which the CRIq total score predicted the participants’ performance, the 

increase of Adjusted R2 was minimal. Therefore, we did not adjust the Raw 

scores for the CRIq total score.  

 

Comparison between the current study and Montemurro et al. (2022) 

Montemurro et al. (2022) investigated the role of cognitive reserve in 

predicting MoCA performance, proposing that a composite measure of cognitive 

reserve (i.e., CRIq) would be a better predictor of cognitive performance than 

education alone. Accordingly, their results showed that cognitive reserve was a 
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stronger predictor of participants’ performance on the MoCA compared to 

education alone. They also found that the impact of cognitive reserve was 

particularly evident in older individuals, reinforcing the idea that cognitive reserve 

serves as a protective factor against age-related cognitive decline (Stern et al., 

2020).  

In the study by (Montemurro et al., 2022), sex differences emerged, with 

women appearing to benefit more from higher cognitive reserve in later life. Given 

that women historically have had less access to formal education and 

professional advancement, the authors suggest that their cognitive reserve may 

rely more on alternative life experiences, such as social and leisure activities. 

This could explain why the protective effect of cognitive reserve was more evident 

in women (Montemurro et al., 2022).  

In clear contrast with the results of Montemurro et al. (2022), in our study 

we did not find a significant effect of cognitive reserve on participants’ 

performance. Several factors might explain these divergent findings. A key 

difference lies in the characteristics of the samples. Montemurro et al. focused 

exclusively on older adults, ranging 50 to 90 years, whereas our study included 

a much broader age range, ranging from 18 to 99 years. Because the protective 

effect of cognitive reserve is theorized to manifest most strongly in aging 

populations (Lövdén et al. 2005; Stern et al., 2020), it is possible that the inclusion 

of younger participants in our study attenuated the relation between cognitive 

reserve and MoCA scores. If cognitive reserve primarily serves to mitigate age-

related cognitive decline rather than enhance baseline cognitive performance, its 
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effects may not be as pronounced in younger adults who have not yet 

experienced significant cognitive aging (Lövdén et al., 2005; Stern et al., 2020). 

Montemurro et al. (2022) also found an interaction between cognitive 

reserve and biological sex, with older women benefiting more from higher 

cognitive reserve than men. Even though we included biological sex as a 

predictor in regression models, we did not specifically analyze whether the effects 

of cognitive reserve varied between men and women. Taken together, both age- 

and sex-specific analyses could be valuable in future research, because the 

findings of Montemurro et al. (2022) suggest that cognitive reserve may not 

operate uniformly across demographic groups. 

Another crucial difference between the two studies is the methodology used 

to assess the predictive role of cognitive reserve. Both studies relied on the CRIq 

as a measure of reserve, yet Montemurro et al. (2022) employed generalized 

additive models (GAMs) and generalized linear models, which allow for the 

detection of non-linear relations and interactions between cognitive reserve, age, 

and MoCA performance. This statistical approach might have provided greater 

sensitivity in detecting subtle effects of cognitive reserve, particularly in older 

individuals. In contrast, our use of linear regression models may have been less 

suited to capturing complex, non-linear interactions. 

A further distinction concerns the version of MoCA used in the two studies. 

Montemurro et al. (2022) focused on an earlier version of the test (i.e., 7.1), 

whereas we focused on the MoCA (8.1). The differences between the two 

versions, even though minimal, may have influenced how cognitive reserve 

interacts with test performance.  
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Given the abovementioned considerations, although cognitive reserve is an 

important concept in neuropsychological evaluation (Devita et al., 2020), more 

studies are required to better understand whether cognitive reserve 

systematically outperforms other predictors of the participants’ performance on 

neuropsychological tests (e.g., age, education, and biological sex). 

 

2.4.3. Construct Validity  

Finally, construct validity was supported by the significant positive 

correlation between the Raw scores on the MoCA and on the MMSE. Formulas 

to convert the MoCA Raw total score to the MMSE Raw total score, and vice 

versa, were provided. 

 

2.4.4. Limits and Future Directions 

Although the present study could contribute to a robust and clinically 

relevant assessment of the cognitive profile in the Italian population, some 

limitations should also be acknowledged. First, a larger proportion of participants 

were recruited from Northern Italy. Though efforts were made to ensure 

comprehensive geographical coverage, this imbalance could limit the 

generalizability of the normative data, particularly in accounting for potential 

socioeconomic and cultural differences across Italian regions as advocated by 

Aiello et al. (2022), grounding in cross-cultural neuropsychology research (Manly, 

2008; Pedraza & Mungas, 2008). Future research should aim for a more evenly 

distributed sample to enhance the representativeness of the norms across the 

Italian population. 
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Another consideration relates to the assessment of cognitive reserve, which 

was based on a self-reported questionnaire (Nucci et al., 2012). Despite widely 

used in the literature, self-report measures may be subjected to response biases 

that could have influenced the findings regarding the relation between cognitive 

reserve and MoCA performance. Thus, the lack of a significant contribution of 

cognitive reserve in our study might reflect limitations in measurement rather than 

an actual absence of effect. That said, Corneille and Gawronski (2024) showed 

that when self-report measures are rigorously designed and administered with 

procedural safeguards (i.e., addressing contextual biases, desirability effects, 

demand artifacts, participant awareness, automaticity, associative nuances, and 

score stability), they can match implicit measures on internal consistency and 

test–retest reliability. Moreover, these optimized self-reports often surpass 

implicit tests in predictive validity for both deliberate and spontaneous behaviors 

and they might offer greater flexibility and adaptability without requiring 

specialized technology. It is also worth noting that we employed the original paper 

version of the CRIq; a newly available digital format (Mondini et al., 2023) might 

produce different results. Consequently, although the CRIq remains a useful 

index, refining its format and/or consider complementary behavioral or implicit 

proxies is necessary to better capture how cognitive reserve might influence 

participants’ performance on the MoCA. 

Lastly, even though the MoCA (8.1) includes some refinements compared 

to earlier versions, the differences from the MoCA (7.1) are relatively subtle. One 

might argue that the consistency between the new and old norms suggests that 

many previous findings remain valid. The inclusion of the MoCA-MIS, however, 



 91 

represents a notable enhancement. Additional studies are needed to further 

evaluate the clinical utility of the MoCA-MIS, as highlighted by previous research 

(Julayanont et al., 2014; Kaur et al., 2018), to determine whether it offers 

significant advantages over the standard MoCA score. 

 

2.4.5. Conclusions 

The latest version of the MoCA (i.e., 8.1) represents an updated contribution 

to the neuropsychological evaluation of the Italian population. In addition, with the 

present study it has been provided the first Italian norms of the MoCA-MIS index. 

It is now well established that tests that measure encoding and cueing sensitivity 

can be sensitive markers of hippocampal memory deficits of early AD (Frasson 

et al., 2011). In developing the MoCA, Julayanont et al. (2014) found that the 

MoCA-MIS could distinguish between amnestic MCI (aMCI) from normal 

cognition, in older adults. Consequently, the MoCA-MIS is a good prognostic 

index of the conversion from MCI to AD. The availability of MoCA-MIS norms is 

expected to be extremely useful in clinical settings. It will facilitate the early 

detection and precise monitoring of dementia-related memory impairments. This, 

in turn, will enhance diagnostic accuracy and inform therapeutic decision-making 

in dementia care. 
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CHAPTER 3: 

ITALIAN STANDARDIZATION AND NORMATIVE DATA DEFINITION OF 

THE GAB30, A NEW NON-VERBAL INTELLIGENCE TEST 

 

3.1. INTRODUCTION 

Intelligence is a multifaceted construct that encompasses a wide range of 

individual intellectual abilities. It involves the capacity to reason, plan, solve 

problems, think abstractly, understand complex ideas, and quickly learn from 

experience (Gottfredson, 1994; Neisser et al., 1996). Although intelligence plays 

a central role in many aspects of life and has long captivated the interest of 

psychologists, a universally accepted definition that fully captures its complexity 

remains elusive. 

 

3.1.1. Theories of Intelligence 

The complexity of defining intelligence has led to the development of 

various theories that have evolved significantly over time. Francis Galton (1884) 

warrants acknowledgment as a pioneer in intelligence research, whose seminal 

work laid the foundation for modern research in the field. He posited that certain 

families are biologically superior to others, suggesting that some individuals are 

innately endowed with greater strength or intelligence. He theorized that 

intelligence is fundamentally linked to exceptional sensory and perceptual skills, 

which are transmitted across generations. Since all information is acquired 

through the senses, Galton argued that individuals with more sensitive and 

accurate perceptual apparatuses would exhibit higher levels of intelligence 
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(Galton, 1884). It is estimated that between 1880 and 1890, Galton administered 

a comprehensive battery of tests, measuring variables such as head size, 

reaction time, visual acuity, auditory thresholds, and visual memory, to more than 

17,000 individuals. His findings did not support his initial hypotheses. He 

observed that eminent British scientists could not be distinguished from ordinary 

citizens based on head size, and measures such as reaction time did not 

correlate with other indices of intelligence. Although these tests did not prove to 

be particularly useful in assessing intelligence, Galton’s work paved the way for 

the study of intelligence. 

Early theories of intelligence, such as Galton’s (1884), conceptualized 

intelligence as a single, unitary phenomenon with a hereditary basis. Later 

theories, however expanded this view and presented intelligence as a more 

complex and multifaceted construct. Building on the work of Binet and Simon 

(1905; see Section 3.1.2. for details), several authors subsequently argued that 

intelligence consists of multiple distinct abilities rather than a single, unified entity 

(e.g., Gardner, 1983; Guilford, 1967; Thurstone, 1938). 

Spearman (1904) proposed that intelligence is best understood through a 

hierarchical theory. He proposed the existence of a general factor (g), 

hierarchically higher, which accounts for individual performance across various 

cognitive domains and tasks. At a lower level of the hierarchy, more specific 

factors (s) are identified, each corresponding to distinct cognitive abilities, which 

can be assessed by particular tests (e.g., arithmetic or vocabulary tests each 

measure a separate s). Factor ‘g’ is conceived as independent from cultural 

background, whereas factors ‘s’ can be influenced by education and context. 
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Cattell (1943; 1971) expanded on Spearman’s idea of general intelligence, 

by distinguishing between crystallized intelligence (gc) and fluid intelligence (gf). 

Crystallized intelligence refers to the accumulation of knowledge, skills, and 

experience that individuals acquire over their lifetime. It is shaped by education, 

culture, and life experiences, and it generally increases with age as people gain 

more information and expertise. Crystallized intelligence involves tasks that rely 

on accumulated knowledge, such as vocabulary tests or general knowledge 

assessments. It tends to remain stable or even improve with age, as individuals 

continue to build upon their existing knowledge (Horn & Cattell, 1966).  

Fluid intelligence refers to the ability to reason, solve novel problems, and 

think abstractly, particularly in unfamiliar or new situations. It is characterized by 

cognitive flexibility and is largely independent of prior knowledge or education. 

Fluid intelligence is thought to be influenced by genetic factors and is closely 

related to brain functions such as working memory and executive control. Fluid 

intelligence tends to decline with age, peaking in early adulthood and gradually 

diminishing as individuals grow older (Horn & Cattell, 1966).  

Carroll (1993) offered a hierarchical model of intelligence that integrates 

previous theories. His model includes three strata: Stratum III, representing 

general intelligence (g); Stratum II, comprising broad abilities like fluid and 

crystallized intelligence; and Stratum I, which contains specific abilities. This 

model reflects the multidimensional nature of intelligence, challenging earlier, 

more reductionist views. 
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3.1.2. Assessment of Non-Verbal Intelligence 

3.1.2.1. Intelligence Scale 

One of the earliest intelligence tests, the Binet-Simon Scale (1905; revised 

in 1908 and 1911), was developed by the French psychologist Binet, working in 

collaboration with Simon, in response to compulsory education reforms. 

Following the introduction of compulsory school attendance in 1881, the French 

government commissioned Binet to develop a test capable of identifying children 

whose cognitive development was insufficient for a standard curriculum. Binet 

conceptualized cognitive delay as a slower progression of mental growth, 

whereby a child with developmental delays would perform similarly to a younger 

child with typical development. Central to Binet’s methodology was the creation 

of a hierarchical scale of test items arranged by increasing difficulty. The highest 

level a child reached on this scale served as an estimate of their mental age, 

which was then compared to their chronological age. This method provided a 

quantitative measure of cognitive development relative to age, a concept that 

remains foundational in the assessment of intellectual functioning.  

Terman (1916) published the Stanford-Binet Intelligence Scale (revised in 

1937, 1960, 1972, 1986, and 2003). He adapted the Binet-Simon Scale for 

American schoolchildren by standardizing administration and establishing age-

level norms through large-scale testing. Terman retained Binet’s concept of 

mental age, wherein each test item was age-graded based on the level at which 

a substantial majority of children succeed. He then introduced the intelligence 

quotient (IQ) as an index of intellectual ability, calculating it as the ratio of mental 

age to chronological age multiplied by 100. This formulation ensured that an IQ 
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of 100 corresponds to a mental age equal to chronological age, with deviations 

reflecting either relative deficits or strengths. The 1986 revision of the Stanford-

Binet Scale reflects modern views of intelligence as a composite of distinct 

abilities. Its subtests are organized into four main domains: verbal reasoning, 

abstract/visual reasoning, quantitative reasoning, and short-term memory 

(Sattler, 1988). 

Wechsler (1939) introduced the Wechsler Adult Intelligence Scale (WAIS; 

revised in 1955 and 1981) in response to concerns that the Stanford-Binet Scale 

overemphasized language skills and was unsuitable for adults. The WAIS 

comprises distinct verbal and performance scales that provide both individual 

subtest scores and a composite full-scale IQ. Wechsler subsequently developed 

also the Wechsler Intelligence Scale for Children (WISC; 1958; revised in 1974 

and 1991). To date, the most diffused versions, used in clinical practice, are the 

WAIS-IV (Wechsler, 2008; Italian adaptation 2013) and the WISC-V (Wechsler, 

2014; Italian adaptation 2024). Both versions offer updated subtests, index 

scores, and contemporary normative data for the Italian population. 

 

3.1.2.2. RPM 

The RPM were developed in 1938 by Raven, to measure Spearman's ‘g’ 

factor, i.e., the general level of intelligence, independent from education and 

context (Spearman, 1904, 1946). As a non-verbal instrument, the RPM were 

designed to address the limitations of traditional intelligence scales (e.g., the 

Stanford-Binet), which relied heavily on verbal skills.  
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The RPM consists of matrices containing a series of elements, one of 

which is missing. The participant is required to deduce a rule based on the 

presented elements and use it to identify the missing part from the available 

alternatives. The items progressively increase in complexity, starting with simple, 

concrete figures and becoming increasingly abstract and complex. Solving the 

RPM requires conceptualizing spatial, design, and numerical relations between 

parts of each matrix (Lezak et al., 2012). 

The original version of the RPM (i.e., Raven's Standard Progressive 

Matrices, RSPM; 1938) was followed by the development of two other versions, 

tailored to different age groups and intellectual abilities: the Raven's Colored 

Progressive Matrices (RCPM; 1947) and the Raven's Advanced Progressive 

Matrices (RAPM; 1965). The RCPM was designed as a simplified and shorter 

version of the RSPM, intended for children aged five to eleven and elderly 

individuals over 65. The RAPM, on the other hand, was designed as a more 

complex version of the RSPM, suitable for individuals with above average 

intelligence. 

 

RSPM 

The RSPM (Raven, 1938) is organized into five distinct sets, with matrices 

grouped according to the underlying logic that governs their completion. The test 

is administered without a time limit and generally requires about 40 minutes for 

completion. Each set comprises 12 matrices that assess various facets of non-

verbal reasoning and visuo-perceptual abilities, amounting to a total of 60 

matrices. In every set, participants are presented with incomplete matrices and 
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must choose the figure that best completes the pattern from either six or eight 

alternatives. Specifically, Set A features matrices with incomplete shapes, 

requiring the identification of the missing component that completes the overall 

graphical pattern. The subsequent four sets are designed to evaluate reasoning 

by analogy: based on the figures presented in each matrix, participants must 

select the option that adheres to the same rule. Although the task remains 

consistent across these sets, the level of difficulty increases progressively, from 

relatively simple figures in Set B to more complex ones in the later sets.  

 

RCPM 

The RCPM (Raven, 1947) represents a simplified and shorter adaptation 

of the original test. The test duration is approximately 25 minutes; it comprises 

36 matrices, organized into three sets (i.e., A, AB, and B), each containing 12 

matrices. Set A assesses visuospatial skills, Set AB evaluates the ability to 

perceive figures as a whole (i.e., gestalt processing), and Set B examines the 

integrity of analogical reasoning and abstract thinking. Being designed for 

children aged five to eleven, and for elderly individuals over 65, the RCPM feature 

brightly colored backgrounds to enhance engagement and facilitate task 

completion. Due to its brief administration time and ease of use, the RCPM is 

commonly employed as a neuropsychological instrument.  

 

RAPM 

The RAPM (Raven, 1965) were specifically developed for individuals with 

above-average intelligence. The RAPM is structured into two parts. Set I 
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comprises 12 matrices intended to help participants getting familiar with the 

underlying logic of the test. Set II includes 36 matrices that adhere to the same 

principles and logic as those in Set I. The RAPM have a longer overall duration 

compared to the other two versions (i.e., RSPM, RCPM). Specifically, the 

administration of the RAPM takes approximately one hour: about 10 minutes for 

Set I and 40 to 50 minutes for Set II. 

 

RPM’s strength and limitations 

The RPM is one of the most widely used tests for assessing non-verbal 

fluid intelligence. Non-verbal intelligence, considered a specific component of 

fluid intelligence, involves cognitive abilities that enable individuals to solve 

problems and analyze information without relying on language. It encompasses 

visual and manual manipulation skills, which are critical for tasks that require 

spatial reasoning and abstract thinking. The RPM is regarded as a culture-fair 

tool for measuring general intelligence. Indeed, it does not depend on linguistic 

or academic skills. Additionally, the minimal verbal instructions further reduce the 

impact of a participant’s educational background and native language on test 

performance (Lezak et al., 2012). 

Despite its extensive application, the RPM presents limitations. A main 

issue is related to the lack of updated normative data for the Italian population. 

Previous Italian norms date back to more than twenty years ago (Basso et al., 

1987; Caffarra et al., 2003; Carlesimo et al., 1996; Spinnler & Tognoni, 1987). 

Even though more recent norms are available (Picone et al., 2017), they rely on 

normative data pertaining solely to the narrow age range of 6 to 18 years, thus 
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neglecting older age groups spanning from young adults to the elderly. Giunti 

Psychometrics has recently released Raven’s 2 – Edizione clinica (2024) on the 

Giunti OS platform, providing updated Italian norms (age 6–90) and automated 

scoring, which, however, are not freely available. Indeed, a second issue 

concerning the RPM is the lack of accessibility to the statistical analyses that 

convert the collected data into results, a functionality that, to date, has not been 

made available by the publishers (Zanon & Priftis, in press). Moreover, the tests 

themselves are not provided free of charge. This restricted availability has 

sparked controversy, with critics arguing that such limitations compromise the 

transparency, replicability, and overall utility of these measures in both research 

and clinical settings (Zanon & Priftis, in press).       

                                                                                                                                                                                           

3.1.3. The Present Study 

The present study is focused on the standardization and normative data 

definition of a new non-verbal fluid intelligence test, the GAB30. Even though 

RPM remains the gold standard for measuring non-verbal fluid intelligence, the 

lack of updated and freely available data poses significant limitations. The GAB30 

was developed as an alternative to the RPM, to which its development was 

inspired. The GAB30 is a matrix-based graphic tests designed to be culture-fair, 

meaning that the level of education and cultural background of individuals should 

minimally influence test performance. Similar to the RPM, the GAB30 was 

developed as a non-verbal measure of fluid intelligence, specifically assessing 

Spearman’s g factor (Spearman, 1904, 1946).  
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The GAB30 was designed for quick administration, ease of scoring, and 

brief training is sufficient for the examiner to correctly explain the task to the 

participant. Moreover, the GAB30 is characterized by an open distribution model, 

in accordance with open access principle (see Section 1.5. of Chapter 1). Indeed, 

it is intended to be readily available to professionals who require it, overcoming 

the limitations associated with the accessibility, scoring methods, and guidelines 

of the RPM. Specifically, once the normative study will be published, most test 

procedures and normative data will be available free of charge to qualified users. 

To safeguard test use integrity, however, access to the stimuli will be granted 

only to licensed psychologists (or psychology students working under university 

supervision). Accredited users must keep the test forms under their direct control 

(i.e., examinees may not take them home, photograph, copy or reproduce them 

in any form). In this way, administration, scoring, interpretation, and reporting 

would remain the exclusive responsibility of practitioners with proven competence 

in cognitive assessment, fully compliant with Italian Law 56/89. 

The primary aim of the study was to standardize and provide updated and 

freely available normative data of the GAB30 for the Italian population. A carefully 

selected sample representative of the Italian population was recruited from 

various regions of Italy and across different age and education groups. A 

balanced distribution of biological sex was also ensured.  

Two secondary aims were addressed. The first one was to evaluate the 

contribution of cognitive reserve (Stern, 2009) to participants’ performance at the 

GAB30, beyond traditional demographic factors such as age, education, and 

biological sex. As mentioned in Chapter 1, cognitive reserve refers to the brain's 
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capacity to compensate for aging or damage by recruiting alternative neural 

networks and cognitive strategies (Stern, 2009). Cognitive reserve is shaped by 

lifelong experiences (i.e., such as education, occupation, and engagement in 

stimulating activities), that can help mitigate the effects of aging or pathology 

(Stern et al., 2020). We aimed to determine whether individuals with higher 

cognitive reserve might exhibit enhanced performance on the GAB30, potentially 

indicating a protective effect against cognitive decline.  

The second one was to investigate correlations between GAB30 scores 

and the MoCA (Nasreddine et al., 2005) total score and subdomains. Through 

these analyses we aimed to identify the specific cognitive abilities (i.e., attention, 

memory, executive functions, and visuospatial processing) that are most critical 

for successfully solving the GAB30 matrices. Taken together, these secondary 

aims could provide a more comprehensive understanding of the cognitive 

processes underlying performance on the GAB30 and clarify the nature of the 

test. 

3.2. METHOD 

3.2.1. Participants 

We recruited 238 healthy, Italian-born participants (119 females; age 

range: 20-96 years, M age: 56 years, SD = 21 years; education range: 3-23 years; 

M education: 13 years, SD = 5 years; see Table 10). All participants were 

recruited, voluntarily, and tested from January 2023 to September 2024. 

Participants were recruited from several Italian regions, but mostly in the North of 

Italy (i.e., Lombardia, Liguria, Friuli-Venezia Giulia, Veneto, and Puglia). 
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Table 10. Distribution of the participants as a function of age, education, and biological 
sex. 

 
 

Exclusion criteria consisted in the presence of a confirmed diagnosis of 

neurological and/or psychiatric disorders; substance abuse; the use of 

psychotropic drugs; any medical condition that could potentially affect cognition 

(e.g., acquired immunological deficiency syndrome, severe sleep apnea, non-

neurological chemotherapy and/or radiotherapy completed less than one year 

before recruitment); impaired vision or hearing that could not be corrected; and 

an Adjusted score ≤ 18.58 on the MoCA (Aiello et al., 2022). The study adhered 

to the Declaration of Helsinki and received approval from the local Ethics 

Committee. Written informed consent was obtained from all participants. 

 

3.2.2. Materials 

3.2.2.1. Anamnestic Interview 

The anamnestic interview consisted of two sections. The first section 

collected general demographic and personal information, including participants’ 

name, age, education level, biological sex, handedness, and professional 

occupation. The second section focused on health status, assessing the 

presence of medical conditions, neurological or psychiatric disorders, medication 
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use, and substance or alcohol abuse. Additionally, participants were screened for 

visual or auditory impairments and sleep-related issues. The primary aim of this 

interview was to identify any potential exclusion criteria. A detailed description of 

the instrument is provided in Section 2.2.2.1 of Chapter 2. 

 

3.2.2.2. GAB30 

The GAB-30 consisted of 30 problems, each represented by a matrix. 

Each matrix contained nine elements, eight of which were present, whereas one 

was missing. The participant was asked to select the correct option from six 

possible alternatives that best completed the matrix and to say the corresponding 

number out loud. Additionally, for each matrix, the participant was asked to 

indicate the perceived level of difficulty (easy, medium, or hard). This evaluation 

did not contribute to the final score but provided qualitative insight into the 

participant's perception of the actual difficulty. The 30 matrices were designed 

according to following criteria: 

 

• Texture Matrix: The solution was determined by identifying the alternative 

that completed the overall graphical representation of the matrix. The first five 

matrices (i.e., 1, 2, 3, 4, and 5) followed this criterion (see Figure 1 for an 

example). 
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Figure 1. Example of a Texture Matrix. The arrow indicating the correct answer (i.e., 6) was 

added for explanatory purposes and is not present in the original test. 

 
 
 

• Serial Matrix: Each row and column contained an element that developed 

serially and progressively. To solve these matrices, the participant had to find 

the alternative that correctly completed the series both row-wise and column-

wise. Five matrices (i.e., 6, 7, 8, 9, and 10) followed the serial criterion (see 

Figure 2 for an example). 

 

Figure 2. Example of a Serial Matrix. The arrow indicating the correct answer (i.e., 3) was 

added for explanatory purposes and is not present in the original test. 
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• Serial and Combinatorial Matrix: Each row and column contained a 

recurring element, with an additional alternating pattern. Matrix 11 was built 

according to this criterion (see Figure 3 for an example). 

 

Figure 3. Example of a Serial and Combinatorial Matrix. The arrow indicating the correct 

answer (i.e., 5) was added for explanatory purposes and is not present in the original test. 

 

 

• Combinatorial Matrix: This criterion included four different types of matrices 

(see Figure 4 for an example).  

In the first type (i.e., 12), a cross was placed in only one of the possible 

positions within a square. The participant had to identify the missing position. 

In the second type (i.e., 24, 25, 26, 27, and 30), the matrices were constructed 

by combining two combinatorial criteria. For example, internal lines (vertical, 

horizontal, or absent) were combined with external traits (lateral, lower, or 

absent). 

In the third type (i.e., 28), three combinatorial criteria were combined (0, 1, or 

2 dashes, small squares, and rectangles inside the figure). 
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In the fourth type (i.e., 29), a cross occupied different rows and columns within 

the central square. 

 

Figure 4. Example of a Combinatorial Matrix. The arrow indicating the correct answer (i.e., 6) 

was added for explanatory purposes and is not present in the original test. 

 

 

• Overlay Matrix: In each row and column, two elements overlapped to 

generate a third. Four matrices followed this criterion (i.e., 13, 14, 15, and 16; 

see Figure 5 for an example). 

 

Figure 5. Example of a Overlay Matrix. The arrow indicating the correct answer (i.e., 4) was 

added for explanatory purposes and is not present in the original test. 
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• Rotation Matrix: The elements within the squares rotated of 90° along the 

rows and columns. Four matrices were constructed according to this criterion 

(i.e., 17, 18, 19, and 20; see Figure 6 for an example). 

 
 

 
Figure 6. Example of a Rotation Matrix. The arrow indicating the correct answer (i.e., 5) was 

added for explanatory purposes and is not present in the original test. 

 

 

• Mathematical Matrix: The elements in the first two squares were 

algebraically summed to obtain the third element. Three matrices followed this 

criterion (i.e., 21, 22, and 23; see Figure 7 for an example). 

 

Figure 7. Example of a Mathematical Matrix. The arrow indicating the correct answer (i.e., 5) 

was added for explanatory purposes and is not present in the original test. 
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The administrator presented the matrices one by one, and the participant 

was required to observe them and provide a response. Each correct answer was 

scored one point. Each participant had 30 minutes to complete as many matrices 

as possible. When the 30-minute limit expired, the participant was allowed to 

complete any remaining problems without a time constraint. Participants were 

given the option to change their answer once per matrix, with the administrator 

considering only the second response. Additionally, they had the option to 

temporarily skip a matrix and return to it later, only upon their explicit request, to 

try an answer. No other opportunities were provided to revisit previous problems 

once they had been completed. During the test administration, participants were 

allowed to receive a full or partial repetition of the instructions if they explicitly 

asked for clarification or showed signs of not understanding the task. By contrast, 

under no circumstances was the examiner allowed to provide hints or 

confirmations, either verbally or non-verbally, regarding the answers or the 

structure of the test. Before the test began, two examples were presented to 

ensure that participants understood the task and to help them familiarize with the 

matrices. A combinatorial matrix was presented as the first example and a serial 

matrix as the second example. 

From the GAB30, we derived three scores: 1) GAB30_AccTot: the total 

number of correct responses provided through the test; 2) GAB30_Acc30: the 

total number of correct responses provided within the 30 minutes; 3) 

GAB30_T/A: the total time taken to complete the test (T) divided by the total 

number of correct responses provided through the test (A; i.e., GAB30_AccTot). 

In the GAB30_T/A, the lower the value, the best the participants’ efficiency. 
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3.2.2.3. MoCA 

The MoCA (7.1; Aiello et al., 2022; Nasreddine et al., 2005) is a brief 

paper-and-pencil screening tool assessing various cognitive domains through 

subtests, including visuo-spatial abilities, language, attention, executive 

functions, memory, and orientation. It takes approximately 10 minutes to 

administer, with a total score ranging from 0 to 30. We computed the total score 

(MoCA-TOT) and subdomain scores as categorized by Aiello et al. (2022): Visuo-

spatial (MoCA-V: cube copy, clock drawing), Language (MoCA-L: denomination, 

sentence repetition), Attention (MoCA-A: digit span, letter detection by tapping, 

serial subtraction), Executive Functions (MoCA-E: TMT, phonemic fluency, 

verbal abstraction), Memory (MoCA-DR: delayed recall), and Orientation (MoCA-

O: spatial-temporal orientation). A more detailed description of the instrument is 

provided in the previous chapter (see Section 2.2.2.2. of Chapter 2). The MoCA 

was mainly included to rule out the presence of cognitive impairment, according 

to the normative study by Aiello et al. (2022).  

 

3.2.2.4. CRIq 

The CRIq (Nucci et al., 2012) is a semi-structured interview designed to 

assess an individual's cognitive reserve. It evaluates three key areas: formal 

education, occupational activities, and leisure activities, considering both the 

frequency and duration of engagement in each. The CRIq total score reflects the 

overall level of cognitive reserve. 
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3.2.3. Procedure 

Data collection was conducted by trained examiners who underwent 

extensive preparation before administering the protocol. Each examiner received 

in-depth training, including video materials demonstrating the correct 

administration procedures for each part of the protocol (i.e., anamnestic 

interview, GAB30, MoCA, and CRIq). They were required to study these 

materials thoroughly. Additionally, multiple training sessions and simulations 

were conducted to ensure each examiner completely masters the procedure. 

Throughout the data collection phase, systematic quality control measures were 

implemented. Expert supervisors continuously monitored the process, personally 

validating each research protocol, guaranteeing the integrity of the procedure. 

Each participant was assessed individually in a quiet room during a single 

session lasting approximately 90 minutes. At the beginning of the session, 

participants provided written informed consent to take part in the study. 

Afterwards, they were administered the anamnestic interview to verify adherence 

to all inclusion criteria. Following this, participants were administered, in a fixed 

order, the GAB30, the MoCA (7.1), and the CRIq. To ensure consistency, the 

examiner read all instructions aloud. Participants’ responses were audio-

recorded, allowing for offline verification of accuracy and completeness in coding 

and scoring. 

 

3.2.4. Statistical Analyses 

First, we run independent-samples t-tests to examine the impact of 

Biological sex on participants' performance on GAB30_AccTot, GAB30_Acc30, 
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and GAB30_T/A. Subsequently, we performed Pearson’s product-moment 

correlations to identify the best predictors of participants’ performance. 

Specifically, we tested different transformations of Age (non-transformed, base-

10 logarithm, natural logarithm, natural logarithm of [100 - Age], square root, and 

inverse), and Education (non-transformed, base-10 logarithm, natural logarithm, 

natural logarithm of [100 - Age], square root, and inverse). Correlations5 were 

performed separately for GAB30_AccTot, GAB30_Acc30, GAB30_T/A.  

We then performed regression analyses with demographic variables (i.e., 

Age, Education, and Biological sex) as predictors, and the scores on the GAB30 

(i.e., GAB30_AccTot, GAB30_Acc30, and GAB30_T/A) as dependent variables. 

The most significant predictors identified from the correlation analyses, were 

entered simultaneously into multiple linear regression models, run separately for 

GAB30_AccTot, GAB30_Acc30, and GAB30_T/A. After applying Bonferroni6 

correction, the significant predictors were used to generate equations for 

converting Raw scores into Adjusted scores. Finally, Adjusted scores were 

ranked in ascending order and transformed into Equivalent scores. We also 

 
5 Although best practices call for using bivariate regressions to identify both optimal 

transformations and significant univariate predictors before fitting the full multivariate model, we 

initially relied on Pearson correlations for simplicity, also considering that in a bivariate linear 

model the standardized slope equals the correlation coefficient (β = r). To verify that this shortcut 

did not bias our selection, we ran formal bivariate regressions for each demographic predictor 

and each GAB30 outcome. In every case, the significant predictors (and the transformations we 

chose) were identical to those suggested by the correlations. Thus, while we report the more 

straightforward correlation-based screening in the main text, this approach was fully validated 

also by the regression-based approach. The bivariate regression analyses were conducted with 

R Studio (R Core Team, 2024) and are available at this link.  

 
6 Even though there are various approaches for selecting significant predictors, such as ANOVA-

based comparisons or model selection guided by information criteria (AIC, BIC), we decided to 

apply Bonferroni correction in order to control the family-wise error rate when evaluating multiple 

demographic predictors, as previously suggested (Aiello & Depaoli, 2022; Spinnler & Tognoni, 

1987).  

  
 

https://drive.google.com/drive/folders/1QizfhMbRPCPwyd-9qV6jFMQeeEXHregD?usp=sharing
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performed regression analyses including among the predictors the CRIq total 

score, along with Age, Education, and Biological sex. 

Lastly, we performed Pearson’s product-moment correlations among the 

GAB30 variables and the MoCA total score and subdomains (i.e., MoCA-V, 

MoCA-L, MoCA-A, MoCA-E, MoCA-DR, MoCA-O). All statistical analyses were 

run using JASP, version 0.19 (Jasp Team, 2024). Separate analyses were run 

on GAB30_AccTot, GAB30_Acc30, GAB30_T/A.  

A post-hoc power analysis was also conducted for the GAB30 sample 

using G*Power 3.1 (F tests → Linear multiple regression: fixed model, R² 

deviation from zero). To remain conservative, we based the calculation on the 

smallest R² observed across all GAB30 models, yielding f² = = .280. With α = .05, 

sample size = 238, and 4 predictors (i.e., Age, Education, Biological sex, and 

CRIq), the analysis returned an achieved power of > .99. This confirms that our 

GAB30 sample likewise provides more than adequate sensitivity to detect 

significant effects (analyses are available at this link). 

 

3.3. RESULTS 

3.3.1. Descriptive Statistics 

The descriptive statistics for the dependent variables (i.e., GAB30_AccTot, 

GAB30_Acc30, GAB30_T/A) and the predictors (i.e., Age, Education, Biological 

sex, and CRIq total score) are reported in Table 11. The distribution of the scores 

was assessed for normality. All variables presented skewness and kurtosis 

https://drive.google.com/drive/folders/1QizfhMbRPCPwyd-9qV6jFMQeeEXHregD?usp=sharing
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values within the acceptable range (-2 to +2)7, suggesting no significant 

deviations from normality. The only exception was GAB30_T/A, with a kurtosis of 

8.193. 

 

Table 11. Descriptive statistics of GAB30 variables and demographic predictors. 

  Age Education CRIq total score GAB30_AccTot GAB30_Acc30 GAB30_T/A 

Valid  238  238  238  238  238  238  

Mdn  55.500  13.000  104.000  12.000  11.000  1.795  
M  55.769  12.643  107.269  13.487  12.563  2.241  

SEM  1.369  0.297  1.179  0.425  0.399  0.097  
95% CI M Upper  58.466  13.229  109.591  14.325  13.349  2.433  
95% CI M Lower  53.072  12.057  104.947  12.649  11.777  2.049  

SD  21.120  4.589  18.182  6.563  6.152  1.503  
Skewness  0.016  -0.129  0.863  0.341  0.436  2.405  

SE of Skewness  0.158  0.158  0.158  0.158  0.158  0.158  
Kurtosis  -1.173  -0.743  0.855  -1.171  -.956  8.193  

SE of Kurtosis  0.314  0.314  0.314  0.314  0.314  0.314  
Minimum  20.000  3.000  66.000  3.000  2.000  0.577  
Maximum  96.000  23.000  168.000  27.000  27.000  10.600  

 

 

3.3.2. Inferential Statistics 

3.3.2.1. T-Test on Biological Sex Differences 

Independent-samples t-tests were conducted to assess whether there 

were significant differences in GAB30_AccTot, GAB30_Acc30, GAB30_T/A 

scores between males and females (see Table 12). Males scored significantly 

higher than females on both GAB30_AccTot (females: M = 12.5, SD 6.3; males: 

M = 14.5, SD = 6.7; p < .05) and GAB30_Acc30 (females: M = 11.7, SD = 6; 

 
7 There is no universal consensus on exact cut-offs for univariate normality. Some authors 

consider acceptable for both skewness and kurtosis a range between -2 and +2, to flag 

distributions as approximately normal (e.g., George & Mallery, 2010). Others report different 

ranges (i.e., -/+2 for skewness and -/+ 7 for kurtosis; Kim, 2013). Given these differing 

benchmarks, we examined both sets of thresholds and supplemented them with graphical 

inspections to ensure the adequacy of residual normality for our regression models. 
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males: M = 13.4, SD = 6.2; p < .05). In contrast, no significant differences were 

found on GAB30_T/A. 

 

Table 12. Independent t-tests on biological sex differences. 

       
 

95% CI for Effect Size 
 

 Test Statistic df p Effect Size SE Effect Size Lower Upper 
         

GAB30_AccTot Student -2.333 236.000 .021 -0.302 0.131 -0.558 -0.047 
 Welch -2.333 235.356 .021 -0.302 0.131 -0.558 -0.047 

 Mann-
Whitney 5858.500  .021 -0.173 0.075 -0.311 -0.027 

         

GAB30_Acc30 Student -2.101 236.000 .037 -0.272 0.131 -0.527 -0.017 
 Welch -2.101 235.808 .037 -0.272 0.131 -0.527 -0.017 

 Mann-
Whitney 5991.500  .040 -0.154 0.075 -0.293 -0.008 

         

GAB30_T/A Student .787 236.000 .432 0.102 0.130 -0.152 0.356 
 Welch .787 223.731 .432 0.102 0.130 -0.152 0.356 

 Mann-
Whitney 7040.000  .940 -0.006 0.075 -0.152 0.140 

 
Note. For the Student t-test and Welch t-test, effect size is given by Cohen's d. For the Mann-

Whitney test, effect size is given by the rank biserial correlation. 

 

3.3.2.2. Correlations 

For all GAB30 scores (i.e., GAB30_AccTot, GAB30_Acc30, GAB30_T/A), 

we ran Pearson’s product-moment correlations to find the best predictors of the 

participants’ performance for both Age (non-transformed, base-10 logarithm, 

natural logarithm, natural logarithm of [100 - Age], square root, and inverse) and 

Education (non-transformed, base-10 logarithm, natural logarithm, natural 

logarithm of [100 - Age], square root, and inverse). For all GAB30 scores, the 

best predictors (i.e., significant and higher Pearson’s r) were non-transformed 

Age and Education (see Table 13). Age was negatively correlated with both 

GAB30_AccTot and GAB30_Acc30, and positively with GAB30_T/A, indicating a 

decline in performance with increasing age. Education showed significant 
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positive correlation with both GAB30_AccTot and GAB30_Acc30, and a negative 

correlation with GAB30_T/A, indicating that participants’ performance improves 

as years of education increase (see Figure 8).  

 

Table 13. Pearson’s correlations among GAB30 scores and Age/Education best predictors. 

                                         Pearsons’s r           p Lower 95%   
CI 

Upper 95% 
CI 

GAB30_AccTot  -  Age non-
transfomed 

 -.610***  < .001     -.684     -.523  

GAB30_AccTot  -  Education non-
transformed 

  .585***  < .001      .495      .663  

              

GAB30_Acc30  -  Age non-
transformed  -.638***  < .001     -.708     -.556  

GAB30_Acc30  -  Education non-
transformed   .582***  < .001      .492      .661  

              

GAB30_T/A  -  Age non-
transformed   .464***  < .001      .358      .558  

GAB30_T/A  -  Education non-
transformed  -.280***  < .001     -.393     -.159  
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Figure 8. Scatterplots showing the correlations between Age and Education with the GAB30 

scores (i.e., GAB30_AccTot, GAB30_Acc30, GAB30_T/A), including 95% CI. 
 

3.3.2.3. Multiple Linear Regression with Predictors: Age, Education, 

and Biological Sex 

For each GAB30 score (i.e., GAB30_AccTot, GAB30_Acc30, 

GAB30_T/A), we performed multiple linear regressions with the best predictors 

(Age: non-transformed; Education: non-transformed). Furthermore, we 

considered Biological sex (females vs. males) as a categorical predictor. To 
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control for the family-wise error, all ps were corrected with Bonferroni (.05/3 

predictors: alpha = .017). 

 For all regression models, the variance inflation factor values were all 

lower than 5 and the tolerance limits were all higher than .02, thus excluding 

concerns with multicollinearity. All the regression models were characterized by 

the independence of errors (Durbin-Watson range = 1.5/2.5). 

The results of multiple linear regressions showed that Age, Education, and 

Biological sex were significant predictors of all GAB30 scores, except for the 

GAB30_T/A, in which only Age was a significant predictor. For the 

GAB30_AccTot, the model explained approximately 48% of the variance in the 

data (R2 = 0.479, p < .001). For the GAB30_Acc30, the model was similarly 

strong, explaining almost 50% of the variance in the data (R2 = 0.498; p < .001). 

By contrast, for the GAB30_T/A, the model, despite significant, explained only 

22% of the variance, which is relatively modest compared to the previous models 

(R2 = 0.219; p < .001). All regressions analyses are reported in Appendix I.  

Based on the results of multiple linear regressions, we transformed Raw 

scores into Adjusted scores through the equations reported in Table 14. From 

Raw scores, we calculated Adjusted scores. GAB30_AccTot and GAB30_Acc30 

Adjusted scores were then ordered from the smallest to the highest; GAB30_T/A 

Adjusted scores were ordered from to the highest to the smallest. Finally, we 

calculated Equivalent scores, by means of the software 

https://egdp.shinyapps.io/tolLimits/ (Aiello & Depaoli, 2022). The Adjusted scores 

can be classified on the scale of the Equivalent scores (range: 0-4; 0 = abnormal 

https://egdp.shinyapps.io/tolLimits/
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performance; 1 = borderline performance; 2 – 4 = normal performance; Capitani 

& Laiacona, 2017). All Equivalent scores are reported in Table 15. 

 

Table 14. Regression equations for transforming Raw score into Adjusted scores. 

 
GAB30 scores 

 
Regression equations 

GAB30_AccTot  

females 

 

Adjusted score = Raw score + 0.129 x (Age – 55.769) - 0.500 x (Education – 12.643) + 

1.935 

 

males 

 

Adjusted score = Raw score + 0.129 x (Age – 55.769) - 0.500 x (Education – 12.643) - 

1.935 

 

GAB30_Acc30 

females 

 

Adjusted score = Raw score + 0.133 x (Age – 55.769) - 0.433 x (Education – 12.643) + 

1.643 

 

males 

 

Adjusted score = Raw score + 0.133 x (Age – 55.769) - 0.433 x (Education – 12.643) - 

1.643 

 

 

GAB30_T/A 

 

Adjusted score = Raw score - 0.032 x (Age – 55.769) 

 

 

Table 15. Equivalent scores for each GAB30 score. 

Equivalent 
scores 

GAB30_AccTot GAB30_Acc30 GAB30_T/A 

0 ≤ 3.658 ≤ 3.967 ≥ 5.297 

1 3.659-7.512 

(ITL = 6.609) 

3.968-7.012 

(ITL = 5.957) 

5.296-3.663 

(ITL = 3.96) 

2 7.513-10.336 7.013-9.590 3.662-2.586 

3 10.337-13.640 9.591-12.510 2.585-1.978 

4 ≥ 13.641 ≥ 12.511 ≤ 1.977 

 

 

3.3.2.4. Multiple Linear Regressions with Predictors: Age, Education, 

Biological Sex, and the CRIq Total Score 

We conducted multiple linear regressions to test whether the CRIq total 

score was a significant predictor of performance, beyond Age, Education, and 
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Biological sex. To control for the family-wise error all ps were corrected with 

Bonferroni (.05/4 predictors: alpha = .012). These analyses are reported in 

Appendix II. The CRIq total score was not a significant predictor of performance 

for any of the GAB30 scores. Therefore, we did not correct Raw scores for the 

CRIq total score. 

We, additionally, conducted in Jamovi (The jamovi Project, 2024) a model 

comparisons between Model 1 (i.e., Age, Education, Biological sex) and Model 2 

(i.e., Age, Education, Biological sex, and CRIq) which confirmed that adding the 

CRIq total score did not significantly improve fit for any of the GAB30 outcome 

(ΔR² < .005; F(1, 233) ≤ 2.16, all ps ≥ .143). The analyses can be accessed at 

this link. 

 

3.3.2.5. Correlations between MoCA and GAB30 

We performed Pearson correlation analyses to examine if subsist an 

association between the overall cognitive functioning, assessed through the 

MoCA, and the measures derived from the GAB30 (i.e., GAB30_AccTot, 

GAB30_Acc30, GAB30_Time). The MoCA total score and all the subdomains 

showed significant positive correlations with the GAB30 accuracy measures (i.e., 

AccTot and Acc30), suggesting a strong association between overall cognitive 

functioning and accuracy at the GAB30. In contrast, GAB30_T/A was significantly 

negatively correlated with all the MoCA scores, but the MoCA-O. Detailed 

correlation coefficients and significance levels are reported in Table 16.   

 

 

https://drive.google.com/drive/folders/1QizfhMbRPCPwyd-9qV6jFMQeeEXHregD?usp=sharing
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Table 16. Correlations among GAB30 and MoCA scores. 

 GAB30_AccTot GAB30_Acc30 GAB30_T/A 
MoCA-TOT .607*** .601*** - .320*** 

MoCA-V .286*** .285*** - .191** 

MoCA-A .394*** .390*** - .146* 

MoCA-L .344*** .371*** - .232*** 

MoCA-E .435*** .422*** - .249*** 

MoCA-DR .471*** .463*** - .250*** 

MoCA-O .286*** .280*** - .111 

 

Note. In the table, Pearson’s Correlation coefficients are reported. ***p < .001; **p < .01; *p < .05 

TOT: Total; V: Visuospatial; A: Attention, L: Language, E: Executive functions; DR: Delayed recall; 

O: Orientation.  

 

 

3.4. DISCUSSION 

In the present study, we standardized the GAB30, a new non-verbal test 

to assess fluid intelligence test, developed as an alternative to the RPM (Raven, 

1938). The RPM is indeed one of the most widely used neuropsychological tools 

for assessing non-verbal fluid intelligence across various populations. Despite 

RPM’s extensive application, the lack of updated and freely available normative 

data determines significant limitations. Indeed, previous Italian norms of the RPM 

are quite old, dating back to more than twenty years ago (Basso et al., 1987; 

Caffarra et al., 2003; Carlesimo et al., 1996; Spinnler & Tognoni, 1987). 

Additionally, more recent Italian norms for the adult population (Giunti 

Psychometrics, 2024) offer limited access to raw data and detailed statistical 

analyses, resulting in a lack of transparency that undermines reliability (Zenon & 

Priftis, in press). That considered, the GAB30 was developed ensuring both 

transparency and accessibility, thus providing professionals with a valid and 

reliable tool.  

The primary aim of this study was to provide updated and freely available 

normative data of the GAB30 for the Italian population. Additionally, two 
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secondary aims were addressed: 1) to assess the contribution of cognitive 

reserve on participants’ performance at the GAB30, beyond the traditional 

demographic factors (i.e., age, education, and biological sex); 2) to investigate 

whether subsist correlations with the MoCA total score and subdomains, to better 

understand which cognitive abilities are primarily involved in solving the GAB30 

matrices.  

We recruited 238 healthy, Italian-born participants (119 females) with an 

age range of 20–96 years and an education range of 3–23 years. The sample 

provided a balanced distribution across different age groups and diverse 

educational levels. Moreover, participants were recruited from various regions 

across Italy, ensuring a representative geographic coverage. 

 

3.4.1. Demographic Variables: Age, Education, and Biological Sex 

The results showed that age, education, and biological sex significantly 

predicted GAB30 performance. Specifically, with reference to the accuracy 

measures (i.e., GAB30_AccTot and GAB30_Acc30), age showed a negative 

correlation, suggesting a decline in performance with age, whereas education 

showed a positive correlation, indicating improved performance with higher levels 

of education. The significant effect of biological sex further suggests that gender 

differences should be considered when interpreting GAB30 scores, with males 

performing better than females. With reference to GAB30_T/A variable, only age 

was a significant predictor, with a decline in performance with increasing age. 

Additionally, the explained variance was higher for GAB30_AccTot and 

GAB30_Acc30 (i.e., 48–50%) compared to GAB30_T/A (i.e., 22%), suggesting 
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that other unmeasured factors, beyond demographic ones, may be influencing 

this specific outcome. 

The present findings highlight the importance of controlling the GAB30 

scores for demographic factors, as these variables can significantly influence the 

test outcomes. Therefore, based on the results of the regression analyses, Raw 

scores were adjusted using regression-based equations and Adjusted scores 

converted into Equivalent scores (0-4 scale; Capitani & Laiacona, 2017). 

The results of the present study are in line with those of the Italian 

normative studies of RPM, which also reported significant effects of age and 

education on performance (Basso et al., 1987; Caffarra et al., 2003; Carlesimo et 

al., 1996; Spinnler & Tognoni, 1987). Both for the GAB30 and the RPM, younger 

age and higher education levels are associated with better performance. 

However, whether for the RPM biological sex differences were absent (Basso et 

al., 1987; Caffarra et al., 2003; Carlesimo et al., 1996; Spinnler & Tognoni, 1987), 

the GAB30 showed also the influence of biological sex.  

 

3.4.2. GAB30 and Cognitive Reserve 

One of the secondary aims of the present study was to investigate whether 

cognitive reserve, measured with the CRIq (Nucci et al., 2012), had a role in 

predicting participants’ performance on GAB30. Indeed, previous studies have 

suggested that cognitive reserve may influence performance on 

neuropsychological tests beyond traditional demographic factors (Mondini et al., 

2022; Montemurro et al., 2022).  
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In the present study, the CRIq did not significantly predict performance on 

any of the GAB30 scores. Given the lack of a significant contribution, we did not 

adjust Raw scores for the CRIq. These results are in line with those of the study 

presented in Chapter 2, on the MoCA (8.1). Although cognitive reserve is a 

relevant factor in neuropsychological assessment (Devita et al., 2020), further 

research is needed to determine whether it systematically influences 

performance on non-verbal intelligence tests such as the GAB30. 

The fact that the GAB30 does not correlate with cognitive reserve, but 

does with education, might seem contradictory and raises questions about the 

nature of these constructs and their relation both with each other and with non-

verbal fluid intelligence. A plausible explanation for the observed correlation with 

education is that higher education enhances cognitive strategies and problem-

solving skills necessary for successfully completing tasks like the GAB30 

matrices. Another explanation is the one proposed by Caffarra et al. (2003). The 

authors found, consistently with previous Italian norms (Basso et al., 1987; 

Caffarra et al., 2003; Carlesimo et al., 1996; Spinnler & Tognoni, 1987), that 

performance on the RPM, although generally considered independent of specific 

academic achievements, was indeed influenced by education. They suggested 

that this effect may reflect the fact that individuals with higher intellectual abilities 

tend to attain higher levels of education, thereby indirectly confirming the test’s 

validity as a measure of intellectual ability.  

The absence of a correlation with cognitive reserve suggests that the latter 

may not exert a direct influence on non-verbal reasoning as measured by the 

GAB30. Moreover, participants with high cognitive reserve may have been using 
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different cognitive strategies, rather than simply performing better. This aligns 

with studies suggesting that high-reserve individuals may rely on more efficient 

neural networks or alternative problem-solving approaches, even when their 

overall accuracy remains comparable to that of low-reserve individuals (Barulli & 

Stern, 2013). Another possibility is that the operationalization of cognitive reserve 

in the present study does not fully capture the aspects that might influence 

GAB30 performance. In this sense, future studies should explore whether 

different measures of cognitive reserve reveal a more nuanced relation with non-

verbal fluid intelligence. 

 

3.4.3. Is GAB30 a Culture- Fair Test? A Critical Reflection 

Besides the contradictory findings regarding the correlations of education 

and cognitive reserve with GAB30 performance, the fact that education has been 

found a significant predictor of GAB30 performance, might undermine the test's 

presumed culture-fair nature. Indeed, non-verbal fluid intelligence is supposed to 

be relatively independent from cultural factors (Horn & Cattell, 1966). 

Consequently, tests designed to measure non-verbal fluid intelligence, such as 

the GAB30, should be culture-fair, thus minimizing the influence of cultural, 

linguistic, and educational factors on performance. But what does it really mean 

for a test to be culture-fair? The term is often used ambiguously.  

One key characteristics of a culture-fair test should be the minimization of 

linguistic demands (Lezak et al., 2012). These tests should reduce or eliminate 

the use of verbal language, to prevent advantages or disadvantages related to 

the examinees’ native language or literacy level. Accordingly, culture-fair tests 
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should rely on minimal verbal instructions and on the use of figures, patterns, and 

matrices as stimuli (Lezak, et al., 2012). Consequently, cultural-fair tests allow to 

test primarily cognitive abilities such as logical reasoning, visuospatial memory, 

and abstract problem-solving (Cattell, 1971). However, minimizing verbal and 

linguistic demands does not eliminate all cultural influences, as examinees’ 

strategies and familiarity with abstract problem-solving can still be shaped by their 

environment and experiences. For example, people who have had more 

experience with puzzles or logic games might have an advantage in solving 

matrices as the ones presented in the RPM or in the GAB30. 

Another aspect that qualifies a test culture-fair is that individuals from 

diverse cultural backgrounds perform similarly, assuming equal cognitive abilities 

(Lezak et al., 2012). According to this perspective, an important feature of 

cultural-fair test should be the use of stimuli and procedures that are independent 

of specific cultural knowledge. The test items should not require familiarity with 

symbols, words, or historical references tied to a particular culture, ensuring that 

individuals from diverse backgrounds can perform under comparable conditions.  

The last consideration is that a culture-fair test should not be influenced by 

formal education (Lezak et al., 2012). This latter perspective is the most 

controversial considering that, as mentioned above, education has been found a 

significant predictor of performance at the RPM (Basso et al., 1987; Caffarra et 

al., 2003; Carlesimo et al., 1996; Spinnler & Tognoni, 1987), which are 

considered a culture-fair test. In this sense, it is important to highlight that higher 

education may enhance problem-solving strategies, exposure to abstract 
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reasoning tasks, and familiarity with test-like settings, indirectly affecting 

performance.  

Given the abovementioned considerations, although the GAB30 

performance is influenced by education, this does not completely undermine its 

cultural fairness. The GAB30 was designed to avoid relying on complex linguistic 

instructions, linguistic stimuli, or culturally specific knowledge, which are key 

elements of culture-fair design. Moreover, higher levels of education may simply 

reflect greater familiarity with testing contexts and problem-solving tasks, or, in 

accordance with the interpretation of Caffarra et al. (2003), indicate that higher 

intelligence leads to better academic outcomes. 

 

3.4.4. GAB30 Score-Range and Cuf-Offs  

In our sample the normality cut-offs were low and no participant achieved 

a perfect score, being the highest raw score obtained 27 out of 30. These data 

provide evidence against a ceiling effect, indicating that the GAB30 is challenging 

enough to differentiate among high performers, without clustering scores at the 

upper limit. These findings align with the recommendations for 

neuropsychological assessment, which emphasize the importance of avoiding 

ceiling effects to maintain test sensitivity and accurate cognitive assessment 

(Lezak et al., 2004; Strauss et al., 2006). 

Considering the range score in our study, one might argue that the GAB30 

may not be particularly useful for assessing individuals with cognitive 

impairments, as its complexity might limit its discriminative power in this 

population. Nonetheless, the GAB30 may be particularly useful in specific 
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context. Given its design, which minimizes linguistic demands and emphasizes 

abstract reasoning, the GAB30 may be used for assessing individuals from 

different linguistic and cultural backgrounds (Lezak et al., 2012). Because of its 

relatively high level of difficulty, however, the GAB30 may be more appropriate 

for populations with above-average cognitive abilities. For instance, it might be 

valuable for assessing individuals with high cognitive abilities or in research 

settings where distinguishing performance at the upper end of the intelligence 

spectrum is necessary. In this sense, the GAB30 might be considered as an 

alternative to the RAPM (Raven, 1965) more than the RSPM (Raven, 1938). 

Further validation studies should explore its applicability in different populations 

to determine its optimal use and interpretability in various assessment contexts. 

 

3.4.5. GAB30 and MoCA 

One of the secondary aims of the present study was to identify the specific 

cognitive abilities involved in solving the GAB30 matrices. Correlational analyses 

showed that MoCA scores, both total and subdomains, were significantly 

associated with GAB30 performance. In particular, higher scores in executive 

functions, memory, and attention corresponded to better outcomes on the 

GAB30. These findings suggest that the test engages multiple cognitive domains, 

and that successful performance depends on a combination of distinct abilities 

rather than on a single cognitive process (Unsworth et al., 2014). 

 



 130 

3.4.6. Limits and Future Directions 

Despite the GAB30 being a useful tool for assessing non-verbal fluid 

intelligence, it presents some limitations. In the following paragraphs, I will detail 

the main issues that future revisions should address. By tackling these aspects, 

future studies can contribute to the development of a more refined, 

psychometrically sound, and culturally fair version of the GAB30, ultimately 

enhancing its validity as a measure of non-verbal fluid intelligence. 

 

Structural improvements 

One issue lies in the lack of progressive difficulty in item presentation. 

Unlike the RPM (Raven, 1938; 1947; 1965), where problems gradually increase 

in complexity, in the GAB30 the difficulty level does not follow a clear progression. 

The absence of a structured cognitive challenge may affect test performance by 

failing to adapt to the respondent’s problem-solving capacity.  

Another important issue is the uneven distribution of construction rules 

across matrices. Some problem-solving rules are overrepresented (e.g., 

combinatorial matrices), whereas others appear less frequently (e.g., 

mathematical matrices). Moreover, the overrepresentation of certain rules may 

create a practice effect (Calamia et al., 2012), making these matrices easier to 

solve compared to those based on underrepresented rules.  

The sequential presentation of rule types, where the first five matrices rely 

on one rule, the next five on another, and so on, introduces a predictable pattern 

that may influence test performance (Calamia et al., 2012). This structure might 

encourage a learning effect, where respondents become accustomed to applying 
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the same rule repeatedly. However, when the rule changes, they may be 

disadvantaged, struggling to adapt quickly to the new challenge and thus failing 

to fully show their ability to spontaneously identify and switch between different 

reasoning strategies. 

Finally, the distribution of correct answers across response positions is not 

random. Ideally, in a well-designed multiple-choice test, correct answers should 

be evenly distributed across all response options to prevent response biases 

(Attali & Bar-Hillel, 2003). Nevertheless, in the GAB30, certain positions may 

contain correct answers more frequently than others, potentially leading to 

systematic response tendencies that could affect validity. 

 

Qualitative analyses of participants’ performance 

Beyond the structural modifications listed above, further research should 

also focus on qualitative analysis of responses to individual matrices (Smirni, 

2020). Examining which matrices tend to elicit correct or incorrect responses 

across different participants can provide insight into potential design flaws or 

unexpected patterns in problem-solving strategies. Particular attention should be 

given to identifying matrices where errors are systematically absent or where they 

are overwhelmingly frequent, as this may indicate issues with item difficulty 

calibration or rule clarity. Notably, a qualitative analysis of GAB30 performance 

could increase its clinical usefulness by highlighting which specific cognitive 

abilities contribute to success or failure on different items. As demonstrated in a 

study on the RCPM, grouping items into distinct cognitive clusters—such as basic 

perceptual skills, gestalt processing, and abstract analogical reasoning—allowed 
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for a more nuanced interpretation of performance and offered meaningful 

diagnostic insights beyond the total score (Smirni, 2020).  

 

Validation, cross-cultural, and longitudinal studies 

To establish the validity of the test, future studies should administer the 

GAB30 alongside the gold-standard measures of non-verbal intelligence, such 

as RPM, likely in their advanced version (RAPM; Raven, 1965). By comparing 

performance across tests, it could be assessed whether the GAB30 effectively 

captures the same underlying cognitive constructs and determined its convergent 

validity. This validation process is crucial to ensuring that GAB30 provides an 

accurate and reliable assessment of non-verbal fluid intelligence (Cohen & 

Swerdlik, 2018; Kaplan & Saccuzzo, 2017).  

Another interesting aspect that could be addressed by future research is 

to explore cross-cultural validation to evaluate GAB30 performance across 

different cultural backgrounds. Future studies should investigate whether 

performance patterns remain stable among diverse populations. This 

investigation would provide valuable insights into the test’s cultural fairness and 

generalizability. Lastly, it might be interesting to design longitudinal studies to 

further examine the contribution of cognitive reserve (Stern, 2009), investigating 

how it might influence GAB30 performance over time. Our study did not find any 

significant correlations between cognitive reserve and GAB30 scores. 

Longitudinal research could provide valuable insights into whether cognitive 

reserve plays a role in maintaining non-verbal fluid intelligence as assessed by 

the GAB30, or if its protective effects are confined to other cognitive domains.  
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3.4.7. Conclusions 

In conclusion, through the present study, we provided updated and freely 

available normative data for the Italian population of a new non-verbal fluid 

intelligence test, the GAB30. The GAB30 performance was significantly 

influenced by demographic factors such as age, education, and biological sex, 

with younger age and higher education predicting better outcomes. Importantly, 

although education correlated with performance, this does not undermine the 

test’s culture-fair design, as the GAB30 minimizes linguistic demands and 

culturally specific content (Lezak et al., 2012). Overall, the data suggest that the 

GAB-30 is a valuable tool for assessing non-verbal fluid intelligence, thus acting 

as a good alternative to the RPM. 

 

 

  



 134 

  



 135 

CHAPTER 4: 

GENERAL DISCUSSION 

 

With the present Ph.D. thesis, we aimed to contribute to the field of 

neuropsychological test standardization and normative data definition through 

the provision of updated and freely available norms for the latest version of the 

MoCA (8.1; Nasreddine et al., 2005) and the GAB30, a newly developed non-

verbal intelligence test. Several key aspects could make this Ph.D. project 

original: 

1. First, it is expected to contribute significantly to the current state of the art in 

neuropsychological testing, addressing the need for updated normative data, 

with a focus on making these data representative of the current Italian 

population. Additionally, efforts were made in collecting data from numerous 

regions across the North, Center, and South of Italy.  

2. Second, the Ph.D. project has been conducted in adherence to the open 

science movement (National Academies of Science, 2018; Open Science 

Collaboration, 2015) to ensure full accessibility of materials, scoring 

procedures and psychometric data, thereby fostering transparency and 

reproducibility.  

3. Lastly, cognitive reserve was included among potential predictors of 

participants’ performance. Given its role in modulating cognitive aging and 

resilience to neurodegenerative processes (Stern, 2009; Stern et al., 2020), it 

was examined whether cognitive reserve could improve the accuracy of 

normative adjustments beyond traditional demographic and biological factors 
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(i.e., age, education, and biological sex). This approach could provide new 

insights into the factors influencing cognitive performance. Additionally, it may 

enrich our understanding of age-related cognitive decline. 

These advances aimed to not only improve the applicability of the MoCA 

(8.1) and the GAB30 in clinical settings but also to address the need for freely 

available neuropsychological tests (https://www.altrapsicologia.it/articoli/test-

contro-le-formule-segrete/). By providing updated and openly available normative 

data, the aim was to contribute to the reliability and validity of neuropsychological 

testing, enhancing its diagnostic accuracy and clinical utility across diverse 

populations in the face of evolving demographic and cultural changes. 

 

4.1. Theoretical Background and Rationale 

In Chapter 1, the theoretical background for the present Ph.D. research 

was outlined, by providing a comprehensive overview of the principles of 

neuropsychological assessment and test standardization. This introduction 

emphasized the need for standardized procedures to ensure consistent and 

interpretable results (Bianchi, 2013). There was also examined the predictive 

power of demographic variables on cognitive performance and the consequent 

need for statistical adjustments to ensure accurate test score interpretation 

(Heaton et al., 2009). In particular, age and education have been shown to 

significantly predict participants’ performance across various cognitive domains, 

whereas biological sex differences may emerge on specific tasks (Heaton et al., 

2009).  

https://www.altrapsicologia.it/articoli/test-contro-le-formule-segrete/
https://www.altrapsicologia.it/articoli/test-contro-le-formule-segrete/
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Another critical factor discussed was cognitive reserve, a construct that 

reflects an individual’s ability to compensate for brain aging and pathology (Stern, 

2009; Stern et al., 2020). Introducing this concept was considered particularly 

relevant as it has been suggested that the inclusion of cognitive reserve could 

refine the development of normative data (Mondini et al., 2022; Montemurro et 

al. 2022).  

In Chapter 1, beyond the methodological aspects of standardization, we 

also addressed a key issue in contemporary neuropsychology; that is, the 

availability of cognitive assessment tools. Many standardized tests are subject to 

restrictions because of copyright and licensing policies, thereby limiting their 

availability to clinicians and researchers. This lack of availability hinders 

reproducibility, thus, raising concerns about the transparency of 

neuropsychological tests’ standardization 

(https://www.altrapsicologia.it/articoli/test-contro-le-formule-segrete/). 

Another important point is that commercial restrictions on the accessibility 

of normative data and scoring procedures undermines ethical practice. Indeed, 

these restrictions hinder transparency and compromise clinical autonomy (Zanon 

& Priftis, in press). In response, the open science movement advocates for the 

free distribution of research materials, including neuropsychological tests and 

their relative normative datasets (National Academies of Science, 2018; Open 

Science Collaboration, 2015; Zanon & Priftis, in press). Following this principle, 

the present Ph.D. thesis has been conducted with the aim to provide freely 

available and transparent normative data, thereby promoting their use in both 

clinical practice and research. 

https://www.altrapsicologia.it/articoli/test-contro-le-formule-segrete/
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Building on the aforementioned theoretical foundation, the present 

research was developed along two main studies. One study was focused on the 

first Italian normative data definition of the latest version of the MoCA (i.e., 8.1; 

Nasreddine et al., 2005); indeed, current Italian norms are based on the earlier 

version (i.e., 7.1). This study also included for the first time Italian normative data 

for the MoCA-MIS, a critical index for detecting early memory impairment 

(Julayanont et al., 2014; Kaur et al., 2018).  

The second study aimed at providing Italian norms for the GAB30, a new 

test designed to assess non-verbal intelligence. This test was developed as an 

updated and freely available alternative to the RPM (Raven, 1938). Its design is 

conceived to minimize cultural and linguistic biases and to maintain a strong 

theoretical foundation in fluid intelligence research. In the following sections, we 

will discuss the findings of the two studies, thereby highlighting their implications 

for clinical and research contexts. 

 

4.2. Normative Study on the MoCA (8.1): A Summary 

In Chapter 2, the normative data definition of the MoCA (8.1; Nasreddine 

et al., 2005) was described. The MoCA is one of the most widely used 

neuropsychological screening tests, particularly sensitive in detecting early 

cognitive decline (for a review, see Pinto et al., 2019). Previous Italian norms 

(e.g., Aiello et al., 2022; Conti et al., 2015; Santangelo et al., 2015;) were based 

on version 7.1 of the MoCA. By contrast, no studies had yet provided Italian 

normative data for the MoCA (8.1). This new version (i.e., 8.1) introduces some 

changes, by including improved instructions and scoring guidelines, clearer 
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stimuli on the letter detection by tapping, revised procedures for the verbal 

fluency and abstraction tasks, and instructions for calculating the MoCA-MIS 

(https://mocacognition.com/faq/). 

With the present study, updated and freely available Italian norms for the 

MoCA (8.1) were provided, including both the MoCA total score and the MoCA 

cognitive subdomains (i.e., visuospatial abilities, language, attention, executive 

functions, memory, and orientation). Providing norms for each cognitive 

subdomain enabled a more detailed assessment of cognitive performance 

beyond the total score (Mondini et al., 2022). This approach enhanced the 

MoCA's clinical utility by allowing for a more precise identification of domain-

specific impairments.  

The study also provided the first Italian normative date of the MoCA-MIS, 

which had never been included in previous normative studies (e.g., Aiello et al., 

2022; Conti et al., 2015; Santangelo et al., 2015). The MoCA-MIS represents a 

valuable addition to cognitive screening, particularly for detecting early memory 

impairments associated with neurodegenerative diseases, thus improving 

prognostic accuracy (Julayanont et al., 2014; Kaur et al., 2018). Indeed, the 

MoCA-MIS offers a sensitive measure of subtle memory deficits. More in detail, 

its structured scoring system, which incorporates free delayed recall, semantic 

cueing, and recognition, allows for a more detailed evaluation of encoding and 

retrieval processes. The results of previous studies have shown that the MoCA-

MIS is particularly effective in differentiating amnestic mild cognitive impairment 

from normal aging. This renders the MoCA-MIS a crucial index for the early 

https://mocacognition.com/faq/
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identification of individuals at risk for Alzheimer’s disease (Julayanont et al., 2014; 

Kaur et al., 2018).  

A total of 668 healthy Italian participants were recruited from different 

geographical regions (i.e., North, Center, and South of Italy) to ensure a 

representative normative sample of the Italian population. The sample covered a 

wide age range (18–99 years) and included participants with diverse educational 

backgrounds (1–30 years), with an equal distribution of biological sexes. All 

participants underwent a comprehensive neuropsychological evaluation, which 

included the MoCA (8.1; Nasreddine et al., 2005), the MMSE (Folstein et al., 

1975), and the CRIq (Nucci et al., 2012). Only Italian-born and cognitively healthy 

individuals were included, excluding any neurological or psychiatric conditions, 

and cognitive impairments as determined by the MMSE (Foderaro et al., 2022). 

The results confirmed the predictive strength of age and education on 

participants’ performance on the MoCA, consistently with the results of previous 

Italian normative studies (i.e., Aiello et al., 2022; Conti et al., 2015; Santangelo 

et al., 2015). Older age was associated with lower participants’ performance, 

whereas higher education levels predicted better MoCA scores. Regarding 

biological sex, significant differences in specific cognitive subdomains were 

found. Males outperformed females in visuospatial tasks (MoCA-V) and attention 

tasks (MoCA-A). By contrast, females outperformed males on the MoCA-MIS. 

These findings align with those of previous studies reporting sex differences in 

visuospatial and memory tasks (Engedal et al., 2021; Heaton et al., 2009). By 

contrast, when considering the total MoCA total score and other subdomains, 
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biological sex was not a significant predictor, suggesting that sex-related 

differences emerge only in specific cognitive domains. 

A critical aspect of this study was the inclusion of cognitive reserve as a 

potential predictor of MoCA performance. The results of previous studies 

(Mondini et al., 2022; Montemurro et al., 2022) suggested that the inclusion of 

cognitive reserve could improve the accuracy of normative adjustments for 

neuropsychological tests, and specifically for the MoCA (7.1; Montemurro et al., 

2022). By contrast, in the present study, cognitive reserve did not significantly 

predict MoCA total score and did it contribute substantially to most cognitive 

subdomains. The only exceptions were MoCA-E (executive functions) and 

MoCA-DR (delayed recall), where cognitive reserve explained a small additional 

variance. Given its minimal contribution, cognitive reserve was not added in the 

final normative adjustments. After considering that collecting the necessary 

information to infer cognitive reserve is a complex and time-consuming process, 

its inclusion in normative adjustments would have been even less justified, as the 

added effort would not have provided meaningful improvements in predictive 

accuracy. 

A critical comparison was conducted between the new MoCA (8.1) norms 

and those of previous Italian studies based on MoCA (7.1; i.e., Aiello et al., 2022; 

Conti et al., 2015; Santangelo et al., 2015). The Equivalent scores classifications 

of the current study aligned most closely with those of Aiello et al. (2022); this is 

an expected result given the temporal proximity of these studies. By contrast, 

Santangelo et al. (2015) and Conti et al. (2015) yielded slightly different cut-offs, 

likely reflecting demographic changes in the Italian population over the past 
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decade. Additionally, as mentioned before, in the previous Italian studies, norms 

were not provided for the MoCA-MIS, whereas our study introduced a 

standardized classification for this index.  

Despite its strengths, the study presents some limitations that should be 

addressed in future research. First, even though an effort was made to have a 

sample geographically diverse, a higher proportion of participants were recruited 

from Northern Italy. Future studies should aim for an even more balanced 

distribution to account for potential cultural and socioeconomic differences across 

regions. Second, the self-reported nature of the cognitive reserve questionnaire 

(i.e., CRIq; Nucci et al., 2012) may have introduced methodological biases (but 

see Corneille & Gawronski; 2024). Alternative measures could provide a more 

nuanced understanding of how cognitive reserve influences MoCA performance. 

Lastly, even though the MoCA (8.1) introduces some improvements over 

previous versions, the differences between version 7.1 and version 8.1 are 

relatively minor. The consistency between the new and old norms might suggest 

that many previous findings remain valid. The introduction of the MoCA-MIS, 

however, represents a significant addition. Therefore, future studies should 

further assess its clinical value (Julayanont et al., 2014, Kaur et al., 2018) to 

determine whether its inclusion provides meaningful benefits over the standard 

MoCA score. 

In summary, the present study represents the first Italian normative data 

definition of the MoCA (8.1), by providing updated normative data for both the 

total score and its cognitive subdomains. It also introduced the first Italian norms 

for the MoCA-MIS, potentially enhancing the early detection of initial cognitive 
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decline (Julayanont et al., 2014, Kaur et al., 2018). Our findings confirmed that 

age and education are the primary predictors of participants’ performance, 

whereas biological sex and cognitive reserve play a more limited role. By 

ensuring that MoCA norms were demographically adjusted, transparent, and 

freely available, with this research we contributed to improve the use of MoCA 

(8.1) in both clinical practice and research.  

 

4.3. Standardization and Normative Study of the GAB30: A Summary 

In Chapter 3, the standardization and normative data definition of the 

GAB30 were presented. The GAB30 is a new non-verbal test developed as an 

alternative to the RPM (Raven, 1938) to assess fluid intelligence. Fluid 

intelligence is a core component of general intelligence (g; Spearman, 1904; 

1946) and refers to the ability to solve novel problems, recognize patterns, and 

reason abstractly, independently of prior knowledge (Cattell, 1943; 1971; Horn & 

Cattell, 1966).  

Although the RPM (Raven, 1938) are the gold standard for the assessment 

of non-verbal fluid intelligence, it suffers from several limitations, such as 

outdated Italian normative data (Basso et al., 1987; Caffarra et al., 2003; 

Carlesimo et al., 1996; Spinnler & Tognoni, 1987) and no accessibility to 

normative data because commercial licensing. The GAB30 was designed to 

overcome these limitations, maintaining the theoretical principles of fluid 

intelligence assessment, while ensuring open access and updated norms.  

The GAB30 consists of 30 matrices, each requiring to identify a missing 

element among six multiple-choice options. The test was designed to be culture-
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fair (i.e., linguistic and educational influences should be minimal). The 

administration time lasted 30 minutes, though participants were allowed to 

complete the remaining matrices after this time limit expired. 

In the present study, we aimed to provide the first Italian normative data 

for the GAB30, by assessing demographic influences on performance, and its 

correlation with other cognitive measures (i.e., MoCA). The study was conducted 

on 238 healthy Italian participants, covering a wide age range (20–96 years) and 

including individuals with diverse educational backgrounds (3–23 years). The 

sample was carefully selected to ensure a balanced representation across age 

groups, education levels, and biological sexes. Participants were recruited from 

various Italian regions, although the majority was from Northern Italy. All 

participants were carefully screened for the presence of neurological or 

psychiatric conditions, and for the presence of cognitive impairments, as 

assessed through the MoCA (Aiello et al., 2022). The CRIq (Nucci et al., 2012) 

was also included to investigate whether cognitive reserve predicted participants’ 

performance on the GAB30, beyond traditional demographic factors (i.e., age, 

education, and biological sex). 

The results confirmed that age, education, and biological sex significantly 

predicted participants’ performance on the GAB30. Specifically, biological sex 

was a significant predictor, with males outperforming females. This finding 

contrasted with the results of previous studies on RPM, where biological sex 

differences were generally absent (Basso et al., 1987; Caffarra et al., 2003; 

Carlesimo et al., 1996; Spinnler & Tognoni, 1987). 
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Age had a negative predictive effect, with older participants showing lower 

performance. This finding is consistent with those of previous norms of the RPM 

(Basso et al., 1987; Caffarra et al., 2003; Carlesimo et al., 1996; Spinnler & 

Tognoni, 1987) and aligns with the results of research on fluid intelligence. 

Indeed, as suggested by Horn and Cattell (1966) and Salthouse (1993), fluid 

intelligence typically peaks in early adulthood and declines with age.  

Education was positively correlated with GAB30 scores, thereby 

suggesting that individuals with higher educational levels performed better. 

Although the design of non-verbal intelligence tests should minimize educational 

bias (Lezak et al., 2012; Spearman, 1923), this finding indicated that educational 

background still plays a role. This result aligned with those of previous research 

on the RPM, where education was also found to predict participants’ performance 

despite the non-verbal nature of the test (Basso et al., 1987; Caffarra et al., 2003; 

Carlesimo et al., 1996; Spinnler & Tognoni, 1987).  

With reference to the predictive effect of education on participants’ 

performance on the GAB30, in Chapter 2, we discussed its implications for the 

test’s cultural fairness, by highlighting that it does not entirely undermine it. The 

design of the GAB30’s minimizes linguistic demands and avoids culturally 

specific knowledge, which are both key elements of culture-fair design (Cattell, 

1971). Additionally, as suggested by Caffarra et al. (2003) in relation to the RPM, 

the association between education and participants’ performance on the GAB30 

may be explained by the fact that individuals with higher intellectual abilities are 

more likely to attain higher levels of education. In this sense, the influence of 
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education reinforces the test’s validity as a measure of intellectual ability, rather 

than compromising its cultural fairness (Caffarra et al., 2003). 

As to whether cognitive reserve (Stern, 2009) could predict participants’ 

performance on the GAB30, beyond age and education, the results indicated that 

cognitive reserve was not a significant predictor of participants’ performance on 

the GAB30. Unlike education, which directly correlated with accuracy, cognitive 

reserve did not explain additional variance in the GAB30 scores. This suggests 

that fluid intelligence, as measured by the GAB30, is less related to cognitive 

reserve compared to other demographic variables.  

To better understand the cognitive processes underlying GAB30 

performance, its correlations with MoCA scores (both total and subdomains) were 

investigated. The results showed a positive correlation between GAB30 accuracy 

and MoCA scores, particularly with reference to the executive functions, memory, 

and attention subdomains. This suggests that participants’ performance on the 

GAB30 depends on multiple cognitive abilities rather than on pure non-verbal 

reasoning. These findings highlight the multidimensional nature of fluid 

intelligence, reinforcing the idea that abstract problem-solving engages multiple 

cognitive processes, including working memory, cognitive flexibility, and 

attentional control (Kane & Engle, 2002; Unsworth et al., 2014). 

The results indicated that ceiling effects are not present in the GAB30. This 

finding is perfectly aligned with neuropsychological assessment 

recommendations that have emphasized the importance of maintaining test 

sensitivity, by preventing score clustering at the upper limit (Lezak et al., 2012; 

Strauss et al., 2006). This finding further suggests that the test is complex, as 
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reflected by its low cut-off and the fact that no participant achieved a perfect score 

(i.e., 30). GAB30’s complexity makes it particularly well-suited as an advanced-

level intelligence test, suggesting that it might serve as a more appropriate 

alternative to the RAPM (Raven, 1965) rather than the RSPM (Raven, 1938).  

Although with this study we provided the first Italian norms for the GAB30, 

there are some limitations that future research should address. For instance, 

improving the test's structure (e.g., increasing difficulty progression, balancing 

and randomizing construction rules, counterbalancing the placement of correct 

answers) could enhance its diagnostic accuracy. Further research should also 

focus on qualitative analyses of responses (e.g., identifying matrices that elicit 

systematic errors or near-perfect accuracy), which might indicate flaws in design 

and difficulty calibration. Additionally, comparisons with gold-standard measures 

like the RPM (Raven, 1938; 1965) are necessary to assess the GAB30 

concurrent validity. Lastly, although the GAB30 was meant to be culture-fair, the 

predictive effect of education suggests the presence of some cultural bias, that 

should be further examined through cross-cultural studies. 

In summary, with this study the first Italian normative data for the GAB30 

were provided. The findings highlighted that age and education can predict 

participants’ performance on the GAB30. The results also raised some new 

questions about the role of biological sex and cognitive reserve in non-verbal 

reasoning. Further research should focus on structural refinements, cross-

cultural validation, and longitudinal studies to enhance GAB30’s validity and 

reliability. Despite its limitations, the GAB30 represents a promising and freely 

available tool for clinical and research applications, thereby contributing to the 



 148 

advancement of neuropsychological assessment. This is consistent with 

recommendations to regularly update normative data to ensure accurate 

interpretation across changing populations (Strauss et al., 2006). 

 

4.4. Lack of Cognitive Reserve Effects 

The lack of a cognitive reserve effect in both studies (i.e., MoCA [8.1] and 

GAB30) raises important methodological and clinical implications. As mentioned, 

recent findings have suggested that neuropsychological test norms should be 

adjusted not only for traditional demographic variables (e.g., age, education, and 

biological sex) but also for cognitive reserve (Mondini et al., 2022; Montemurro et 

al., 2022). Both Mondini et al. (2022) and Montemurro et al. (2022) converge on 

the idea that adjustments based solely on demographic factors may not fully 

capture inter-individual variability in cognitive abilities, particularly in aging 

populations. Incorporating a composite measure of cognitive reserve into 

normative data could allow for a more nuanced and individualized interpretation 

of test performance, there by ultimately enhancing the accuracy of 

neuropsychological assessments (Mondini et al., 2022; Montemurro et al., 2022).  

Montemurro et al. (2022) investigated whether a life-experience proxy of 

cognitive reserve was a better predictor of participants’ performance on the 

MoCA (7.1) than education alone. They recruited 440 healthy Italian individuals 

aged 50–90 years and assessed their cognitive reserve through the CRIq (Nucci 

et al., 2012). They found that models including the CRIq outperformed those 

based solely on education (Montemurro et al., 2022). Moreover, they found a 

significant interaction between age and CRIq, with higher cognitive reserve 
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mitigating the negative effects of aging on the participants’ performance on the 

MoCA, thus, supporting its protective role against age-related cognitive decline 

(Stern et al., 2020).  

The role of cognitive reserve was also investigated in the standardization 

of the GEMS. Indeed, Mondini et al. (2022) structured their study around the 

assumption that cognitive reserve should be a key factor in cognitive screening. 

They included a wide age range (18-100 years), thus, ensuring that cognitive 

reserve predictive effects were examined across a broader demographic 

spectrum. Mondini et al. (2022) examined the predictive effects of demographic 

variables and cognitive reserve (i.e., CRIq; Nucci et al., 2012) on GEMS 

performance by using multiple regression models. The results indicated that age, 

education, and cognitive reserve were significant predictors of participants’ 

performance. Notably, cognitive reserve was found to be a stronger predictor 

than education (Mondini et al. 2022). Importantly, these authors integrated 

cognitive reserve into the GEMS scoring system itself, thus, making it an integral 

part of the normative framework. 

Although both Montemurro et al. (2022) and Mondini et al. (2022) provided 

evidence that cognitive reserve outperforms education in predicting performance 

on screening tests (i.e., MoCA [7.1], and GEMS, respectively), our findings 

indicate that age and education remain the primary determinants of performance. 

One explanation for this discrepancy lies in sample composition. Montemurro et 

al. (2022) focused exclusively on individuals aged 50–90, whereas our sample 

covered a broader age range (18–99 years). Because cognitive reserve effects 

are more pronounced in older adults (Tucker-Drob & Salthouse, 2011), the 
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inclusion of younger participants in our study may have attenuated its impact. 

Mondini et al. (2022) also included younger individuals, but their study was based 

on a different screening tool (i.e., GEMS), which might account for the divergent 

findings. 

Another factor that might account for the differences between our study 

and those of Mondini et al. (2022) and Montemurro et al. (2022) is the statistical 

analyses used. Montemurro et al. (2022) compared models incorporating only 

education with those including cognitive reserve, using the Akaike Information 

Criterion (AIC) and adjusted R² for model selection. Additionally, they employed 

GAMs to explore interactions among cognitive reserve, age, and MoCA scores, 

revealing non-linear patterns and providing a more nuanced understanding of 

how cognitive reserve predicts the performance of different age groups. Mondini 

et al. (2022) incorporated non-linear terms for cognitive reserve, age, and 

education in their regression models. In contrast, the studies conducted in this 

Ph.D. thesis relied primarily on multiple linear regression models, which might 

have been less sensitive to detect subtle non-linear effects and interactions, 

potentially contributing to the observed differences in the findings. In summary, 

the discrepancies between the studies by Montemurro et al. (2022), Mondini et 

al. (2022), and the present Ph.D. thesis could be attributed to differences in 

sample characteristics and methodological approaches.  

Beyond the specific differences between our studies and those of Mondini 

et al. (2022) and Montemurro et al. (2022), other considerations might be 

outlined. For instance, the effects of cognitive reserve might be more evident in 

older adults or those with cognitive impairment (Stern, 2009; Stern et al., 2020; 
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Tucker-Drob & Salthouse, 2011). Cognitive reserve likely plays a greater role in 

conditions like MCI or early-stage dementia, where compensatory mechanisms 

are needed in response to cognitive decline, rather than in healthy individuals 

(Stern et al., 2020). In our studies, all participants were cognitively healthy and a 

broad age-range was covered. Both these factors might explain the lack of 

cognitive reserve predictive effects on participants’ performance.  

Another point is that we used a global measure of cognitive reserve, rather 

than assessing its subcomponents separately (e.g., education, occupation, and 

leisure activities), which might have had distinct effects on specific cognitive 

domains. For example, education may be more relevant for verbal tasks, whereas 

occupational complexity might have a stronger influence on executive functions 

(Opdebeeck et al., 2016). Nonetheless, both Montemurro et al. (2022) and 

Mondini et al. (2022) adopted a similar approach, by using an aggregated 

cognitive reserve index (i.e., CRIq total score) rather than examining individual 

components.  

This methodological choice ensured consistency across studies and 

aligned with the theoretical framework that considers cognitive reserve as the 

cumulative effect of various life experiences (Stern, 2009). Future research could 

still explore whether different components of cognitive reserve have differential 

effects on specific cognitive tests. Nevertheless, the holistic nature of the 

construct suggests that an integrated measure remains the most appropriate 

approach. 

 To sum up, our findings indicate that adjustments for cognitive reserve 

might not be necessary for the MoCA (8.1) and the GAB30, as they would not 
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have significantly improved test result interpretation. This allowed for a more 

straightforward clinical application, avoiding the additional time and effort 

required to assess cognitive reserve. Notably, the lack of cognitive reserve effects 

on MoCA (8.1) and GAB30 might challenge the assumption that higher reserve 

consistently enhances cognitive performance in healthy individuals. From a 

clinical perspective, these results aligned with the assumption that cognitive 

reserve primarily acts as a protective factor against cognitive deterioration (Stern 

et al., 2020) rather than a direct enhancer of test performance. Therefore, its 

relevance may be greater in assessing older adults or individuals with 

neurodegenerative conditions (Devita et al., 2020) rather than in a general 

population spanning all age groups. 

 

4.5. Emerging Methods in Neuropsychological Test Standardization 

In the definition of normative data for the MoCA (8.1) and GAB30, we 

adopted the Equivalent scores method, a widely used approach in clinical 

neuropsychology that allows for the transformation of raw test scores into 

standardized ordinal categories. This method, originally developed by Capitani 

and Laiacona (1988; 1997), ensures that test performance is adjusted for key 

demographic variables (i.e., age, education, and biological sex) through multiple 

regression analyses, followed by the application of non-parametric tolerance 

limits to define the thresholds for impaired and unimpaired performance. The 

Equivalent scores method remains a cornerstone in neuropsychological test 

standardization due to its ability to provide a clear and structured classification of 

cognitive performance, while mitigating the impact of demographic variability. 
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To ensure methodological rigor in our studies, we adopted the 

computational approach proposed by Aiello and Depaoli (2022), which provides 

a systematic and reproducible method for calculating Equivalent scores 

thresholds. Aiello and Depaoli addressed a key limitation of traditional Equivalent 

scores implementation, that is the time-consuming and computational difficulty in 

identifying tolerance limits and threshold cut-offs. Aiello and Depaoli developed 

an R-based software solution and streamlined the process, thereby reducing 

subjectivity and enhancing precision. Their implementation included a z-score-

based segmentation of Equivalent scores categories and automated calculations 

of tolerance limits, ensuring consistency in the classification of cognitive 

performance (Aiello & Depaoli, 2022). 

This methodological refinement was particularly relevant for our study. 

Indeed, it enabled for a more efficient and standardized application of the 

Equivalent scores framework to both the MoCA (8.1) and the GAB30. By 

integrating this automated approach, we ensured that our normative data were 

derived in a reproducible manner, thereby enhancing the robustness of our 

findings. Our study follows this well-established approach (Aiello & Depaoli, 2022; 

Capitani & Laiacona, 2017). Nevertheless, recently methodological refinements 

have been proposed to improve the accuracy and reliability of the Equivalent 

scores method. Two notable contributions in this regard are the works by Arcara 

(2024) and Facchin et al. (2022b), each addressing specific limitations of the 

traditional Equivalent scores framework. 

Arcara (2024) critically examined the first step of the Equivalent scores 

method, that is the regression model selection, which is essential for computing 
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Adjusted scores before defining Equivalent scores cut-offs. Traditionally, the 

best-fitting transformation for age and education is selected based on the 

coefficient of determination (R²) in simple regression models. Nevertheless, 

Arcara highlighted that this approach has notable drawbacks, particularly in how 

it estimates the influence of demographic variables in isolation rather than within 

a comprehensive multivariate framework. By relying on simple regression before 

incorporating multiple regression, the traditional method may overlook complex 

interactions between age and education, leading to suboptimal model selection. 

To address these limitations, Arcara (2024) proposed a refined selection 

procedure that utilizes the AIC instead of R². The AIC is a widely accepted 

statistical measure that balances model fit and complexity, thereby reducing the 

risk of overfitting. The simulations showed that this alternative method improves 

the precision of Adjusted scores, yielding more reliable normative thresholds and 

reducing classification errors. Additionally, Arcara employed a stepwise 

backward elimination procedure and ensured that only significant predictors 

remain in the final regression model. This approach enhanced the robustness of 

normative data, thus, making clinical classifications based on Equivalent scores 

more accurate and generalizable. 

Although Arcara focused on improving the regression-based estimation of 

Adjusted scores, Facchin et al. (2022b) proposed an alternative method for 

computing the intermediate Equivalent scores categories. Traditionally, the 

Equivalent scores scale (ranging from 0 to 4) is constructed by using a z-score-

based approach to subdivide the range between the outer tolerance limit 

(Equivalent scores = 0) and the median (Equivalent scores = 4). Facchin et al. 
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(2022b), however, argued that this method is suboptimal because it assumes a 

normal distribution of test scores, which is often unrealistic in neuropsychological 

data because of ceiling and floor effects. 

To overcome this issue, Facchin et al. (2022b) introduced a rank-based 

subdivision approach, which evenly distributed the Equivalent scores categories 

based on percentile ranks rather than assuming normality. Their simulations 

revealed that this method provides a more stable and consistent classification, 

particularly on tests where score distributions are skewed. By maintaining the 

same density of observations across Equivalent scores of 1, 2, and 3, the rank-

based approach ensured a more reliable differentiation between borderline and 

normal performance. Importantly, this method did not alter the critical thresholds 

for clinical classification (i.e., Equivalent scores of 0 and of 4 remain unchanged) 

but allowed for finer differentiation within the intermediate Equivalent scores 

classifications. 

Our study was aligned with the traditional Equivalent scores methodology, 

which has been widely used and validated in neuropsychological test 

standardization (Aiello & Depaoli, 2022; Capitani & Laiacona, 2017). By 

employing multiple regression analyses to compute Adjusted scores and by 

applying non-parametric tolerance limits, our approach ensured that normative 

data are robust and clinically interpretable. Nevertheless, we acknowledge that 

recent proposals, such as Arcara’s AIC-based regression model selection (2022) 

and Facchin et al.’s rank-based Equivalent scores refinement (2022b), both 

introduce valuable improvements that should be included and integrated in future 

studies. 
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The potential benefits of these alternative approaches are clear. Arcara’s 

method (2022), on the one hand, could enhance the precision of demographic 

adjustments by refining the regression model selection process, thereby reducing 

biases introduced by suboptimal transformations of age and education. Facchin 

et al.’s method (2022b), on the other hand, could improve the accuracy of 

intermediate performance classification, thus, making neuropsychological test 

norms more reliable across diverse populations. 

Given these advancements, future studies should explore the integration 

of these methodological refinements into the Equivalent scores framework. A 

combined approach that incorporates Arcara’s regression model selection criteria 

(2022) with Facchin et al.’s rank-based Equivalent scores classification (2022b) 

could offer a more comprehensive and statistically robust method to define 

normative data. Such an approach would maintain the strengths of the traditional 

Equivalent scores system and lead to improved clinical assessments and 

research applications in neuropsychology. 

 

4.6. Conclusions 

 We focused on the normative data definition of two neuropsychological 

tests, the MoCA (8.1; Nasreddine et al., 2005) and the GAB30. The MoCA is a 

widely used screening tool aimed at detecting cognitive impairments across 

various domains (Nasreddine et al., 2005). The GAB30, instead, is a newly 

developed non-verbal intelligence test specifically designed to assess fluid 

intelligence through non-verbal tasks.  
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A key objective of this research was to address the ongoing need for 

periodic updates to neuropsychological test norms. The standardization process 

requires continuous refinement to account for demographic shifts, cognitive 

changes across generations, and evolving educational backgrounds (Jefferson 

et al., 2011; Strauss et al., 2006). Ensuring that test norms are based on 

representative and heterogeneous samples is crucial, because demographic 

factors such as age, education, and biological sex can significantly impact 

participants’ performance (Capitani & Laiacona, 2017; Heaton et al., 2009). 

Without updated norms, these tests risk losing their diagnostic sensitivity and 

specificity, thereby limiting their applicability in both clinical and research settings 

(Heaton et al., 2009). Given the rapid sociocultural and demographic changes 

within global populations, continuous efforts to update these norms are 

imperative to maintaining their validity (Jefferson et al., 2011). 

In conclusion, in the present Ph.D. thesis, it has been underscored the 

importance of standardized and continuously updated neuropsychological tests 

in both clinical and research settings. The normative studies on the MoCA (8.1) 

and the GAB30 represents an important step towards improving the accuracy 

and applicability of cognitive assessments in the Italian population. Furthermore, 

this research aligned with the principles of open science (National Academies of 

Science, 2018; Open Science Collaboration, 2015; Zanon & Priftis, in press), 

ensuring full transparency and accessibility. As neuropsychological assessment 

continues to evolve, ongoing standardization efforts, interdisciplinary 

collaborations, and open-access initiatives will be essential in ensuring that 
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cognitive evaluation remains precise, equitable, and scientifically rigorous 

(Donders, 2019; Lezak et al., 2012). 
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APPENDIX I 

Multiple Linear Regression With Predictors: Age, Education, and 
Biological Sex 

 

Regression on GAB30_AccTot 

Model Summary – GAB30_AccTot  
 Durbin-Watson 

Model R R² Adjusted R² RMSE Autocorrelation Statistic  p 

M₀  .000  .000  .000  6.563  .223  1.551  < .001  

M₁  .692  .479  .473  4.766  .143  1.711  .024  

Note. M₁ includes Age, Education, Biological sex 

  

ANOVA  

Model   Sum of Squares df M Square F p 

M₁  Regression  4891.862  3  1630.621  71.782  < .001  

   Residual  5315.600  234  22.716       

   Total  10207.462  237         

Note. M₁ includes Age, Education, Biological sex 

Note. The intercept model is omitted, as no meaningful information can be shown. 

  

 

 

Coefficients  

 Collinearity Statistics 

Model   Unstandardized SE Standardizedᵃ t p Tolerance VIF 

M₀  (Intercept)  13.487  0.425    31.705  < .001       

M₁  (Intercept)  13.384  1.833    7.300  < .001       

   Age  -.129  0.018  -0.414  -7.254  < .001  0.682  1.466  

   Education  0.500  0.082  0.349  6.116  < .001  0.682  1.466  

   
Biological 
sex (2)  1.935  0.618    3.131  .002  0.999  1.001  

ᵃ Standardized coefficients can only be computed for continuous predictors. 
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Regression on GAB30_Acc30 

 

Model Summary - GAB30_Acc30  

 Durbin-Watson 

Model R R² Adjusted R² RMSE Autocorrelation Statistic p 

M₀  .000  .000  .000  6.152  .166  1.665  .009  

M₁  .706  .498  .491  4.388  .068  1.862  .275  

Note. M₁ includes Age, Education, Biological sex 

  

ANOVA  

Model   Sum of Squares df M Square F p 

M₁  Regression  4465.828  3  1488.609  77.326  < .001  

   Residual  4504.726  234  19.251       

   Total  8970.555  237         

Note. M₁ includes Age, Education, Biological sex 

Note. The intercept model is omitted, as no meaningful information can be shown. 

  

Coefficients  

 Collinearity Statistics 

Model   Unstandardized SE Standardizedᵃ t p Tolerance VIF 

M₀  (Intercept)  12.563  0.399    31.503  < .001       

M₁  (Intercept)  13.699  1.688    8.116  < .001       

   Age  -0.133  0.016  -0.457  -8.153  < .001  0.682  1.466  

   Education  0.433  0.075  0.323  5.754  < .001  0.682  1.466  

   
Biological 

sex (2) 
 1.643  0.569    2.888  .004  0.999  1.001  

ᵃ Standardized coefficients can only be computed for continuous predictors. 
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Regression on GAB30_T/A 

 

Model Summary - GAB30_T/A  

 Durbin-Watson 

Model R R² Adjusted R² RMSE Autocorrelation Statistic p 

M₀  .000  .000  .000  1.503  -3.830×10-4  1.997  0.984  

M₁  .468  .219  .209  1.337  -.045  2.090  0.499  

Note. M₁ includes Age, Education, Biological sex 

  
ANOVA  

Model   Sum of Squares df M Square F p 

M₁  Regression  117.165  3  39.055  21.854  < .001  

   Residual  418.186  234  1.787       

   Total  535.351  237         

Note. M₁ includes Age, Education, Biological sex 

Note. The intercept model is omitted, as no meaningful information can be shown. 

  
Coefficients  

 Collinearity Statistics 

Model   Unstandardized SE Standardizedᵃ t p Tolerance VIF 

M₀  (Intercept)  2.241  0.097    23.004  < .001      

M₁  (Intercept)  .643  0.514    1.250  .213      

   Age  .032  0.005  0.450  6.434  < .001  0.682  1.466  

   Education  -.008  0.023  -0.026  -.368  .713  0.682  1.466  

   
Biological 

sex (2) 
 -.162  0.173    -.935  .351  0.999  1.001  

ᵃ Standardized coefficients can only be computed for continuous predictors. 
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APPENDIX II 

 

Multiple Linear Regression With Predictors: Age, Education, 
Biological Sex, and CRIq Total Score 

 

Regression on GAB30_AccTot 

Model Summary - GAB30_AccTot 
                       Durbin-Watson 

Model R R² Adjusted R² RMSE Autocorrelation Statistic p 

M₀  .000  .000  .000  6.563  .223  1.551  < .001  

M₁  .696  .484  .475  4.754  .123  1.752  .050  

Note. M₁ includes Age, Education, Biological sex, CRIq total score 

  

ANOVA  

Model   Sum of Squares df M Square F p 

M₁  Regression  4940.714  4  1235.178  54.644  < .001  

   Residual  5266.749  233  22.604      

   Total  10207.462  237        

Note. M₁ includes Age, Education, Biological sex, CRIq total score 

Note. The intercept model is omitted, as no meaningful information can be shown. 

  

Coefficients 

     Collinearity Statistics 

Model  Unstandardized SE Standardizedᵃ   t   p Tolerance VIF 

M₀  (Intercept)  13.487  0.425    31.705  < .001      

M₁  (Intercept)  12.361  1.957    6.317  < .001      

  Age  -.154  0.025  -0.496  -6.227  < .001  0.349  2.867  

  Education  .362  0.124  0.253  2.909  .004  0.293  3.411  

  Biological sex 

(2) 
 1.823  0.621    2.935  .004  0.984  1.016  

  
CRIq total 

score 
 .040  0.027  0.110  1.470  .143  0.399  2.509  

ᵃ Standardized coefficients can only be computed for continuous predictors. 
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Regression on GAB30_Acc30 

Model Summary - GAB30_Acc30 

 Durbin-Watson 

Model R R² Adjusted R² RMSE Autocorrelation Statistic p 

M₀  .000  .000  .000  6.152  .166  1.665  .009  

M₁  .707  .499  .491  4.391  .058  1.881  .340  

Note.  M₁ includes Age, Education, Biological sex, CRIq total score 

  

ANOVA  

Model   Sum of Squares df M Square F p 

M₁  Regression  4478.202  4  1119.551  58.067  < .001  

   Residual  4492.352  233  19.280      

   Total  8970.555  237        

Note. M₁ includes Age, Education, Biological sex, CRIq total score 

Note. The intercept model is omitted, as no meaningful information can be shown. 

  

Coefficients  

 Collinearity Statistics 

Model   Unstandardized SE Standardizedᵃ   t    p Tolerance VIF 

M₀  (Intercept)  12.563  0.399    31.503  < .001      

M₁  (Intercept)  13.184  1.807    7.295  < .001      

   Age  -.146  0.023  -.501  -6.384  < .001  0.349  2.867  

   Education  .363  0.115  0.271  3.164  .002  0.293  3.411  

   Biological sex 

(2) 
 1.587  0.574    2.766  .006  0.984  1.016  

   
CRIq total 

score 
 .020  0.025  0.059  .801  .424  0.399  2.509  

ᵃ Standardized coefficients can only be computed for continuous predictors. 
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Regression on GAB30_T/A 

Model Summary - GAB30_T/A  

           Durbin-Watson 

Model R R² Adjusted R² RMSE Autocorrelation Statistic p 

M₀  .000  .000  .000  1.503  -3.830×10-4  1.997  .984  

M₁  .468  .219  .206  1.339  -.047  2.092  .493  

Note.  M₁ includes Age, Education, Biological sex, CRIq total score 

  

ANOVA  

Model   Sum of Squares df M Square F p 

M₁  Regression  117.329  4  29.332  16.349  < .001  

   Residual  418.022  233  1.794      

   Total  535.351  237        

Note. M₁ includes Age, Education, Biological sex, CRIq total score. 

Note. The intercept model is omitted, as no meaningful information can be shown. 

  

Coefficients  

 Collinearity Statistics 

Model   Unstandardized SE Standardizedᵃ    t    p Tolerance VIF 

M₀  (Intercept)  2.241  0.097    23.004  < .001      

M₁  (Intercept)  .584  0.551    1.058  .291      

   Age  .031  0.007  0.429  4.379  < .001  0.349  2.867  

   Education  -.016  0.035  -0.050  -.469  .639  0.293  3.411  

   Biological sex 

(2) 
 -.169  0.175    -.963  .336  0.984  1.016  

   
CRIq total 

score 
 .002  0.008  0.028  .302  .763  0.399  2.509  

ᵃ Standardized coefficients can only be computed for continuous predictors. 

 

 


