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DOCTORAL THESIS ABSTRACT 

 

The ageing process is a complex continuum resulting from the interaction of functional, cognitive, 

and physical factors. Beyond the well-documented decline in memory, executive functions (EFs) 

are critical for preserving autonomy and undergo significant changes over time. EFs are cognitive 

processes that enable independent, goal-directed behaviour adapted to environmental demands. 

The literature identifies three core EFs: (a) shifting attention between different cognitive tasks; 

(b) inhibiting automatic or predominant responses; and (c) updating working memory 

representations. These components can be integrated and described as metacognition – the 

ability to monitor and regulate cognition and action – which has been linked to reduced self-

awareness in major neurocognitive disorders such as Alzheimer’s disease (AD). 

Healthy cognitive ageing is characterised by a divergence between crystallised intelligence (e.g., 

semantic knowledge), which remains stable, and fluid intelligence (e.g., processing speed and 

executive control), which begins to decline in adulthood. While this functional divergence is often 

attributed to structural atrophy, the ageing brain employs mechanisms such as cognitive reserve 

to recruit neural circuits and maintain functional independence. However, when these 

compensatory mechanisms fail to counterbalance the decline adequately, vulnerability becomes 

manifest. 

Distinguishing healthy from atypical ageing trajectories presents a challenge, particularly 

regarding Subjective Cognitive Decline (SCD). Conceptualised as a transitional phase (Stage 2 

of the AD continuum), SCD involves self-perceived cognitive decline despite normal performance 

on standardised tests. Given its heterogeneous presentation and possible trajectories 

(reversible, stable, or progressing to objective decline and impairment), identifying the neural 

and physiological substrates of EFs in SCD is essential for early detection. 

To address this challenge, we first validated our methodology in healthy older adults using a 

multidimensional psychophysiological assessment focusing on cognitive performance, mood, and 

emotional regulation. We demonstrated that Brain-Computer Interface interventions provide 

valuable support, aligning with the World Health Organization’s healthy ageing framework. We 

then examined mental flexibility, finding that physiological parameters distinguish high from low 

flexibility more accurately than neuropsychological tests. To further characterise factors of 

cognitive vulnerability, we investigated the impact of the COVID-19 pandemic and regarding the 

nocebo effect, highlighted that (a) cognitive reserve acts as a protective factor against 

environmental stress, whereas (b) negative expectations and bottom-up affective strategies can 

significantly interfere with top-down cognitive control. 

As executive control is particularly vulnerable to age-related decline, we analysed its neural 

substrates through a systematic review of Stroop and Simon tasks combined with 

neuropsychophysiological techniques. The evidence indicates that increased prefrontal cortex 

recruitment is a compensatory mechanism characteristic of healthy ageing. In contrast, the 

failure of these compensatory circuits distinguishes pathological impairment from normal age-
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related decline. Consequently, assessing prefrontal activations during interference tasks 

provides a valuable biomarker for evaluating the integrity of executive control mechanisms and 

potential cognitive vulnerability. 

Within this conceptual framework and integrating these findings, we recently conducted a 

longitudinal study to investigate whether Heart Rate Variability (HRV), a non-invasive marker of 

autonomic regulation, can serve as an early psychophysiological indicator of vulnerability in older 

adults with SCD. Our findings suggest that dynamic autonomic responses to emotional 

stimulation reflect subtle physiological correlates of cognitive functioning, even in the absence 

of overt decline. The observed associations are consistent with the neurovisceral integration 

model, supporting the crucial role of HRV as a sensitive marker of early ageing trajectories. 

In conclusion, this thesis provides empirical evidence that HRV is a sensitive biomarker for early 

SCD screening and clarifies the physiological mechanisms involved in maintaining executive 

functioning. These findings support a holistic model of healthy ageing, in which autonomic 

support of executive functions is crucial for distinguishing physiological from pathological 

trajectories. 
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1. GENERAL INTRODUCTION 

 

1.1 Ageing 

 

Ageing is recognised as a diverse and multifaceted process, encompassing a wide range of 

biological, cognitive, emotional, and social transitions. This process can be understood through 

two main perspectives: the "senescence" model, which considers ageing within a biological 

framework characterised by reduced functionality and adaptability, and the developmental life-

course approach, which focuses on the continuous changes and distinct stages that occur 

throughout an individual's life (Smith and Bondi, 2013). 

From a strictly biological perspective, ageing is often characterised by a decline in functional 

status, leading to decreased activity, various disabilities, and increased vulnerability to adverse 

health outcomes (Flatt, 2012; Foster and Walker, 2015). In contrast, a life-span perspective 

reimagines ageing as a significant economic and social asset. This shift in thinking led to the 

concept of "active ageing", which emphasises the importance of older adults participating in 

community and political life while maintaining their right to good health (Foster and Walker, 

2015). 

In recent decades, the focus has evolved further as the framework of "healthy ageing" has begun 

to replace the earlier emphasis on active ageing (World Health Organization, WHO, 2002). This 

modern approach centres on ensuring that individuals aged 60 years and older (WHO, 2026) 

remain a vital resource within their personal and social circles. In this context, older adults take 

a proactive role in their own well-being by meeting their needs, maintaining independence, 

staying socially connected, and living in environments compatible with their capacities. 

Ultimately, the ageing process is viewed as the culmination of various functional and life-course 

influences, where functional ability, defined by the interaction between an individual’s physical 

and cognitive traits and their environment, is crucial. 

To operationalise the concept of functional ability, it is essential to delineate the specific 

neurocognitive mechanisms that underpin it, distinguishing the intrinsic biological changes of 

normal ageing from pathological decline. 

Harada et al. (2013) present a comprehensive framework for distinguishing the trajectories of 

physiological and pathological ageing. In this perspective, normal ageing is described as a 

divergence between two cognitive paths, such as crystallised and fluid intelligence. While 

crystallised abilities, such as vocabulary and semantic knowledge, remain stable or even increase 

into the seventh decade, fluid intelligence follows a different trajectory. Cognitive domains such 

as processing speed, executive functioning, and attention begin to decline in adulthood. The 

authors attribute this functional divergence to specific neuroanatomical changes: grey matter 

atrophy is more pronounced in the prefrontal cortex (PFC), the hub of executive control, than in 

the hippocampus. This cortical thinning is exacerbated by reduced synaptic density and white 

matter integrity, which slows the neural communication required for rapid inhibition and 
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reasoning. However, these structural deficits are not deterministically linked to failure, but rather 

present a challenge for neural plasticity. The ageing brain is not passive in this process; through 

mechanisms such as cognitive reserve, it actively recruits alternative neural circuits to 

compensate for these structural inefficiencies, preserving functional independence despite 

physiological decline. 

In summary, the ageing process results from various factors that affect functional, cognitive, 

and physical abilities and their interactions (WHO, 2017). In addition to memory decline, 

executive functioning appears to be associated with important changes over time (McDonald et 

al., 2018). Consequently, assessing these executive changes is essential for distinguishing 

between healthy ageing and pathological trajectories. 

 

1.2 Executive functions 

 

Executive functions (EFs) are abilities that enable independent, goal-directed behaviour adapted 

to environmental demands (Amanzio et al., 2020a). The biological vulnerability of the prefrontal 

cortex provides the neuroanatomical basis for understanding EFs, which are cognitive control 

mechanisms often described as the integrative hub of human cognition. As defined by Diamond 

(2013), EFs are top-down processes essential in situations requiring cognitive control rather than 

automatic or instinctive responses. They comprise three core components: (a) inhibitory control, 

which enables the suppression of internal impulses and external distractions and includes 

interference control; (b) working memory, the cognitive workspace for holding and manipulating 

information to solve complex problems; and (c) cognitive flexibility, the ability to shift 

perspectives and adapt to changing environmental demands. 

Although there is general agreement on their necessity for behavioural regulation, a central issue 

in theoretical discourse concerns their structural organisation: specifically, whether executive 

functioning is a unitary capacity or a set of diverse processes. 

Baddeley’s model (1992) describes the central executive as a singular, unified entity responsible 

for general control. In contrast, as shown in Figure 1.1, Miyake and colleagues (2000) focused 

on three specific executive components: (a) shifting of attention between different cognitive 

tasks; (b) updating, monitoring of representations in working memory; and (c) inhibition of 

predominant or automatic responses. 

The authors provided precise operational definitions for these constructs: (a) shifting was defined 

not merely as a change in focus, but as the ability to actively disengage from an irrelevant task 

set and subsequently engage a relevant one; (b) updating was distinguished from simple short-

term memory maintenance, being characterised as the dynamic, active manipulation and 

monitoring of working memory contents; and (c) inhibition was strictly defined as the deliberate, 

controlled suppression of dominant or prepotent responses, a process distinct from automatic 

mechanisms such as reactive inhibition. 
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Statistical evidence supported the diversity of executive functioning, confirming that shifting, 

updating, and inhibition are separable, distinct constructs. However, the study also found that 

these factors are moderately intercorrelated, supporting an integrative framework of unity and 

diversity. 

Figure 1.1. The three basic executive functions according to Miyake et al (2000): shifting, updating, and 

inhibition. 

 

According to this framework, the executive system is defined by a dual nature: it consists of 

distinct, separable processes (diversity) that nevertheless rely on a shared basis (unity). The 

unity may be driven by a general attentional resource, similar to the capacity for controlled 

attention (Engle et al., 1999a, 1999b), which enables individuals to maintain their goals even in 

the face of interference. Alternatively, the unity may result from the necessity of inhibitory 

control across all executive tasks. Indeed, shifting requires suppressing old task sets, and 

updating requires the suppression of outdated information. 

These three basic executive components can be integrated and defined as "metacognition," i.e., 

the ability to monitor and regulate cognition and action to adapt and interact in different 

contexts. Amanzio and colleagues (2011) showed that executive metacognitive dysfunctions are 

associated with reduced self-awareness in major neurocognitive disorders (NCDs) such as 

Alzheimer’s disease (AD). Data suggest that EFs play a key role in supporting adequate levels 

of self-awareness in patients with NCDs of different aetiopathogenesis, e.g., AD (Amanzio et al., 

2020a). In addition, cognitive decline, especially executive dysfunction, and physical frailty are 

two strongly correlated aspects in mild and major NCDs due to AD (Bartoli et al., 2020a). 

Consequently, assessing EFs provides crucial insight into the cognitive resilience or vulnerability 

of older adults, particularly in the context of the AD continuum. 

 

1.3 Alzheimer’s disease 

 

Historically, Alzheimer’s disease (AD) was conceptualised as a pathology characterised by 

neurodegeneration and progressive cognitive deterioration sufficient to interfere with social or 
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occupational functioning, with onset in adulthood or advanced age (McKhann et al., 1984, 2011). 

This conceptualisation led to the 1984 criteria established by the National Institute of 

Neurological and Communicative Disorders and Stroke and the Alzheimer’s Disease and Related 

Disorders Association (NINCDS-ADRDA). 

However, longitudinal studies using positron emission tomography (PET) and cerebrospinal fluid 

(CSF) have shown that AD pathophysiology (amyloid and tau neurodegeneration) begins 

approximately 15 to 20 years before the onset of clinical symptoms (Aisen et al., 2017). 

Recognising this latency, the National Institute on Aging and Alzheimer's Association (NIA-AA) 

updated the diagnostic guidelines and proposed three stages of the disease: preclinical AD, Mild 

Cognitive Impairment (MCI) due to AD, and dementia due to AD (Albert et al., 2011; Jack et al., 

2011; McKhann et al., 2011; Sperling et al., 2011). This was a crucial step towards the 

conception of an AD continuum. 

Following these guidelines and the neuropathological consensus (Hyman et al., 2012; Montine 

et al., 2012), the NIA-AA introduced a research framework in 2018, shifting the definition of AD 

from a clinical syndrome to a biological construct. Specifically, the NIA-AA research framework 

defined AD by the presence of specific neuropathological changes, i.e., biomarkers, regardless 

of clinical consequences (Jack et al., 2018). 

More recently, this framework has been updated by the Alzheimer’s Association to ensure 

balanced scientific, clinical, and demographic perspectives (Jack et al., 2024). 

The updated criteria reaffirm the core principles established in 2018, specifically the need to 

separate clinical syndrome (symptoms) from biology (aetiology), as follows: 

 Biomarker equivalence: AD is defined by specific neuropathological changes and their 

detection via biomarkers is diagnostic of the disease. Therefore, a definitive biological 

diagnosis can be made using: amyloid PET, CSF Aβ 42/40, CSF p-tau 181/Aβ 42, CSF t-

tau/Aβ 42, or accurate plasma assays in detecting abnormal amyloid PET. 

 The continuum of disease: AD is a continuous biological process that begins 

asymptomatically. Consequently, unimpaired individuals who test positive for AD biomarkers 

are not merely "at risk" for the condition; they are diagnosed as having the disease in a 

preclinical state. 

 Clinical limitations: Phenotypic presentation is variable and non-specific; different 

pathologies can cause similar symptoms, and AD pathology can manifest in diverse ways. 

Thus, clinical symptoms alone are insufficient for diagnosis. 

The updated framework distinguishes between the staging of biological and clinical severity, 

assessed using biomarkers and symptoms, respectively. Moreover, a protocol is established in 

which the biological progression of the disease is mapped independently of functional decline. 

Considering the temporal sequence of events observed in natural history studies, a four-stage 

scheme is presented to categorise the evolution of biomarker changes: initial (stage A), early 

(stage B), intermediate (stage C), and advanced (stage D). 
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1.3.1 The Alzheimer’s disease continuum 

When considering the clinical progression of the disease, the six stages, ranging from 

asymptomatic pathology to severe dementia, remain largely consistent with the previous 

framework (Jack et al., 2018): 

 Stage 1: biomarker evidence of AD in individuals who are completely asymptomatic. 

 Stage 2: subjective or subtle clinical symptoms in individuals who remain cognitively 

unimpaired on standard tests. 

 Stage 3: objective cognitive impairment with preserved functional independence, but 

possible deficits in activities of daily living. 

 Stages 4–6: the spectrum of AD dementia, defined by loss of functional independence and 

progressively worsening disability. 

A new feature is the introduction of Stage 0, specifically for individuals with a deterministic 

genetic cause of AD, including Autosomal Dominant Alzheimer’s Disease and Down Syndrome-

associated Alzheimer’s Disease, who are currently both clinically asymptomatic and biomarker-

negative (Figure 1.2). 

 

 

Figure 1.2. Clinical stages of individuals on the Alzheimer's disease continuum. Modified from Jack et al. 

(2024). 

 

The conceptual basis for Stage 0 is the recognition that these individuals are on the disease 

trajectory from birth, long before detectable brain pathology or clinical symptoms appear. In this 

framework, a patient progresses from Stage 0 to Stage 1 when diagnostic Core 1 biomarkers 

become positive. 
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Stage 1 is the asymptomatic state and applies only to individuals already identified by 

biomarkers as being within the AD pathophysiological continuum. 

Stage 2 represents a distinct transitional phase between Stage 1 and the onset of MCI (Stage 

3). It is defined by the presence of at least one of three clinical indicators: objective cognitive 

decline, subjective cognitive decline, or subtle neurobehavioural difficulties. 

A critical distinction in the staging framework is the role of cognition. An individual may be 

classified as Stage 2 based solely on neurobehavioural symptoms, even without cognitive 

decline. In contrast, classification into Stages 3 to 6 strictly requires evidence of cognitive 

impairment. 

The cognitive decline observed in Stages 2 to 6 is not limited to memory; it may involve 

impairment in any cognitive domain. While clinical staging is determined by the overall severity 

of cognitive and functional impairment, its phenotypic representation refers to the specific profile 

of clinical manifestations, which are not mutually exclusive. Symptoms frequently overlap within 

a single individual, and the severity of impairment may vary considerably across the different 

cognitive domains involved. Currently, five different types are recognised: (a) amnestic, the 

typical presentation, predominantly affecting memory; (b) language, characterised by primary 

progressive aphasia or other linguistic deficits; (c) visuospatial, marked by spatial and perceptual 

deficits, often associated with posterior cortical atrophy; (d) behavioural, characterised by early 

and prominent changes in personality and behaviour; and (e) dysexecutive, marked by deficits 

in executive function, planning, and judgement. 

Although these components may result from AD pathology, they lack diagnostic specificity and 

often occur due to non-neurodegenerative causes. This lack of specificity is particularly relevant 

for neurobehavioural symptoms such as depression, anxiety, and apathy, which are common 

and distinct conditions. 

Consistent with the 2018 NIA-AA framework, the revised criteria (Jack et al., 2024) conceptualise 

clinical and biological staging as quasi-independent variables. Factors such as the co-occurrence 

of different pathologies or cognitive and brain reserve can modify symptomatic consequences 

(Arenaza-Urquijo and Vemuri, 2018; Jagust and Mormino, 2011; Vemuri et al., 2014). 

Consequently, the severity of cognitive and functional impairment does not strictly correspond 

to biological AD severity. Instead, a heterogeneous relationship exists, but although clinical and 

biological staging must be assessed independently, these distinct domains can be synthesised 

without compromising their conceptual autonomy (Jack et al., 2024). 

Table 1.1 graphically represents the integrated staging framework: clinical stages (0 to 6) define 

the columns, while biological stages define the rows. Although biological AD progression and 

clinical severity are associated, they do not evolve in strict concordance in every individual, 

reinforcing the idea that biological and clinical trajectories are related but distinct. The standard 

disease trajectory follows the coloured diagonal axis, progressing from stage 1A to 4–6D, but 

there is significant inter-individual heterogeneity within the population. Deviations from this 

typical course reflect the influence of modifying factors: individuals above the diagonal, who 
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show greater clinical impairment relative to their biological burden, often have comorbid 

pathologies. Conversely, patients below the diagonal, who demonstrate better clinical function 

than predicted by their biological stage, are likely to benefit from cognitive reserve or resilience 

mechanisms (Jack et al., 2024). 

 

Table 1.1. Integrated clinical and biological staging of Alzheimer’s Disease. 

  
Stage 0 

Clinical Clinical Clinical Clinical 

  Stage 1 Stage 2 Stage 3 Stage 4 - 6 

Initial biological stage (A)  X 1A 2A 3A 4-6 A 

Early biological stage (B)  X 1B 2B 3B 4-6 B 

Intermediate biological stage (C)  X 1C 2C 3C 4-6 C 

Advanced biological stage (D)  X 1D 2D 3D 4-6 D 

 

In summary, it is important to analyse the AD continuum because it applies not only to 

neurodegenerative diseases but also to age-related cognitive decline, which can affect EFs, 

especially attentional control (McDonald et al., 2018). The AD continuum, as recently defined by 

the NIA-AA research framework (Jack et al., 2024), is characterised by seven stages that follow 

the progression of the disease. After two preclinical, asymptomatic phases (Stages 0 and 1) and 

a transitional phase (Stage 2), there is a progression of objective impairment from Stage 3, 

reflecting a MCI profile, to mild, moderate, and severe AD. Consequently, identifying markers 

that detect the transition from asymptomatic to symptomatic stages is a priority for clinical 

research. 

 

1.4 Subjective cognitive decline 

 

A current research priority is the study of subjective cognitive decline (SCD), which refers to a 

perceived decline in cognitive function without objective impairment (Jessen et al., 2014, 2020). 

SCD criteria may help identify individuals in Stage 2 of the AD continuum, as their profile could 

indicate a risk of conversion to mild or major NCDs (Jessen et al., 2014, 2020, 2023). 

The conceptualisation of SCD has evolved significantly over the past decade, shifting from a 

broad clinical observation to a standardised research entity recognised as a potential early 

indicator of AD pathology. In 2014, the Subjective Cognitive Decline Initiative, led by Jessen and 

colleagues, addressed the historical lack of common standards by establishing a rigorous 

conceptual framework for SCD in the context of preclinical AD. They defined SCD as a self-

experienced, persistent decline in cognitive capacity compared to a previously normal status, 

independent of acute events, and occurring despite normal performance on standardised 

cognitive tests. Crucially, this condition requires that the individual performs within normal 

ranges on standardised cognitive tests adjusted for age, sex, and education, thereby 

distinguishing SCD from MCI and NCDs, which are characterised by objective deficits. This 

framework conceptualised SCD as the earliest symptomatic manifestation of preclinical AD, 
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occurring in a phase where compensatory neural mechanisms maintain functional independence 

despite accumulating pathology. 

An important contribution was the identification of specific characteristics that increase the 

likelihood of preclinical AD, known as SCD-plus features. These include a specific decline in 

memory rather than other domains, onset within the last five years, onset at age 60 or older, 

associated concerns or worries, and confirmation of the decline by an informant. Additionally, 

the presence of concerns or worries, the feeling of performing worse than peers, and 

confirmation of the decline by an informant were highlighted as enrichment criteria. In this 

framework, SCD might represent the late stage of preclinical AD, where compensatory 

mechanisms no longer adequately compensate for emerging neural dysfunction, resulting in 

subtle symptoms before objective impairment appears. 

The integration of SCD into the broader understanding of AD progression has been reinforced by 

evolving research frameworks. In 2020, SCD was incorporated into the 2018 NIA-AA research 

framework, explicitly mapping SCD to Stage 2 of the AD continuum (Jessen et al., 2020). This 

transitional stage is characterised by the presence of amyloid and tau pathology and subtle 

cognitive or behavioural changes, but individuals do not meet the criteria for objective cognitive 

impairment. Furthermore, the persistence of complaints over time and the active seeking of 

medical help were included as SCD-plus features, serving as critical markers of risk. The authors 

emphasised that while SCD is aetiologically heterogeneous and can arise from normal ageing or 

psychiatric conditions, these specific features significantly increase the probability of future 

objective impairment. It was also acknowledged that SCD typically appears about ten years 

before a major NCD diagnosis, providing a crucial opportunity for early intervention and 

prevention. The clinical trajectory of SCD is heterogeneous, generally following one of three 

pathways (figure 1.3): (1) reversible SCD, where symptoms resolve and cognition remains 

stable, often associated with factors such as depression or sleep disturbances; (2) persistent, 

non-progressive SCD, typically linked to normal ageing with preserved objective function; and 

(3) progressive SCD, where subjective complaints precede the objective decline seen in 

neurodegenerative diseases such as AD. 

Most recently, the clinical relevance of these theoretical frameworks was supported by findings 

from a multicentre longitudinal study on cognitive impairment and dementia. Jessen and 

colleagues (2023) provided robust evidence that SCD in individuals attending memory clinics 

effectively identifies Stage 2 of the AD continuum. The study found that approximately 40% of 

older adults with SCD were amyloid-positive.  

Compared to amyloid-positive controls without subjective decline, individuals with SCD showed 

signs of disease progression, including greater hippocampal atrophy, more frequent behavioural 

symptoms, and significantly greater cognitive decline over five years. 

These findings confirm that SCD, when validated by biomarkers, is a distinct symptomatic 

manifestation of the earliest stages of AD, with a trajectory towards cognitive impairment.  
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Figure 1.3. Trajectories of subjective cognitive decline (SCD) and objective cognitive function over time. 

Modified from Jessen et al. (2020). 

 

Consequently, given the heterogeneity of SCD, identifying complementary and non-invasive 

markers is essential for risk stratification and characterisation of vulnerability to stress. 

 

1.5 Mild cognitive impairment 

 

As pathology advances, the subtle symptoms characteristic of Stage 2 of the AD continuum 

progress into the more pronounced clinical presentation of Stage 3, recognised as MCI. This 

progression marks the transition from previously subjective decline to objective impairment on 

standardised neuropsychological assessments, with measurable deficits, although the individual 

largely maintains functional independence. 

The conceptualisation of MCI has undergone a paradigm shift over the past twenty years, 

evolving from a broad clinical classification to a defined stage within the biological continuum of 

AD. Initially, Petersen et al. (2001) proposed five foundational criteria for the diagnosis of MCI: 

(a) subjective memory complaints, preferably corroborated by a caregiver; (b) objective 

memory impairment inconsistent with age; (c) absence of other significant cognitive deficits; (d) 

preserved functioning in activities of daily living; and (e) absence of major NCDs. 

MCI was later defined as an intermediate symptomatic phase between physiological age-related 

cognitive changes and the onset of a major NCD. Therefore, it represents a prodromal stage not 

only for AD but also for other forms of neurodegenerative disease. Consequently, two distinct 

MCI subtypes were identified: amnestic, defined by cognitive deficits within the memory domain, 

and non-amnestic, characterised by impairments in other cognitive domains (Petersen, 2004; 

Winblad et al., 2004). Considering the typical progression rates associated with different 

aetiologies, Petersen and Negash (2008) proposed a diagnostic algorithm enabling clinicians to 

identify MCI and conduct a differential diagnosis between subtypes, thereby facilitating 
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prediction of the likely conversion outcome (Figure 1.4).  

 

 

Figure 1.4. Diagnostic algorithm for diagnosing and subtyping Mild Cognitive Impairment (MCI). Modified 

from Petersen and Negash (2008). 

 

The algorithm delineates a diagnostic process initiated when an individual, or a primary 

informant, reports cognitive complaints to a clinician. Upon verifying the presence of these 

deficits, the clinician assesses whether the patient's condition meets the definition of MCI, 

specifically by identifying early cognitive decline that typically spares normal daily functioning. 

The clinician then categorises the MCI as amnestic or non-amnestic, and further as single- or 

multiple-domain, thereby indicating the likely conversion trajectory. 

In 2011, the NIA-AA guidelines (Albert et al., 2011) provided specific recommendations for 

clinical practice, acknowledging the challenges in identifying the distinct transitional stages in 

patients with progressive cognitive decline associated with AD-related neuropathology. Two sets 

of diagnostic criteria were proposed: core clinical criteria and research criteria. The core clinical 

criteria apply in all clinical settings, whereas the research criteria are intended exclusively for 

research contexts, as they require biomarker assessment through neuroimaging techniques and 

CSF biomarker analysis. The authors also proposed a new classification framework for MCI due 

to AD, stratified by the level of diagnostic certainty: 

 MCI – core clinical criteria: for subjects who satisfy only the core clinical criteria; 

 MCI due to AD – intermediate likelihood: for individuals who, in addition to meeting the core 

clinical criteria, show positivity for only one class of biomarker – either neuronal injury 

detected via neuroimaging techniques or the presence of beta-amyloid deposition in the brain 

confirmed through CSF analysis; 
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 MCI due to AD – high likelihood: for patients who meet the core clinical criteria and show 

positivity for both classes of biomarkers; 

 MCI – unlikely due to AD: for subjects who do not show positivity for either class of 

biomarker. 

Albert and colleagues (2011) designated MCI due to AD as a research entity defined by specific 

phenotypes, particularly episodic memory loss with preserved independence in activities of daily 

living. This emphasis on functional preservation remains central to clinical diagnosis and informs 

the Diagnostic and Statistical Manual of Mental Disorders (DSM-5-TR; American Psychological 

Association, APA, 2022). In this edition, the diagnostic criteria for Major and Mild Neurocognitive 

Disorder Due to Alzheimer’s Disease are consistent with the previous manual (DSM-5; APA, 

2013). This framework reconceptualises cognitive impairment as a continuum, replacing the 

traditional term "dementia" with Major Neurocognitive Disorder and formally recognising the 

prodromal phase as Mild NCD. Both diagnoses require evidence of acquired decline from a 

previous baseline in at least one cognitive domain (e.g., EFs, learning and memory, language, 

perceptual-motor function, or social cognition). The distinction between major and mild NCD is 

based primarily on the severity of the deterioration (substantial versus modest) and its impact 

on functional independence. 

Given the aetiological heterogeneity of syndromic diagnoses, a transition to a biologically 

grounded framework became essential. Recognising that AD pathology accumulates years before 

symptomatic onset, MCI was reframed as a phase within a progressive disease trajectory rather 

than an isolated condition. 

More recently, Petersen et al. (2021) explicitly positioned MCI as Stage 3 of the Alzheimer’s 

continuum. As shown in Figure 1.5, Stage 3 marks the exhaustion of compensatory reserves 

that mask the subtle deficits of the preceding SCD (Stage 2), resulting in objective impairment 

on standardised assessments despite the maintenance of functional independence. 

According to this algorithm, individuals are categorised into six numerical stages or classified as 

indeterminate. Staging is based on the following variables: objective cognition, functional 

assessment, subjective cognitive decline, and neurobehavioural symptoms. The algorithm 

distinguishes between variables representing current status (OBJ and FXN) and those indicating 

recent deterioration (SCD, ΔOBJ, and ΔNBS).  

Finally, the most significant refinement in this evolution appears in the revised criteria by Jack 

et al. (2024). Moving away from probabilistic clinical models, this framework emphasises the 

crucial distinction between clinical syndrome and biological aetiology. In this framework, AD is 

diagnosed by detecting specific neuropathological biomarkers, regardless of clinical status. The 

disease is considered to exist on a continuum that begins in the asymptomatic phase; therefore, 

unimpaired individuals with positive biomarkers are considered to have the disease, not merely 

to be at risk. 
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Figure 1.5. Algorithm for the National Institute on Aging and Alzheimer's Association Numeric Staging. 

Modified from Petersen et al. (2021). 

Note. FXN, functional assessment. NBS, neurobehavioural symptoms. OBJ, objective cognition. SCD, 

subjective cognitive decline. The algorithm distinguishes between variables representing current status 

(OBJ and FXN) and those indicating recent decline (SCD, ΔOBJ, and ΔNBS). 

 

As symptoms are only phenotypic consequences, and because the relationship between clinical 

presentation and underlying pathology is heterogeneous and non-specific, symptoms are neither 

necessary nor sufficient for a biological diagnosis of AD. However, to accurately characterise 

disease progression, biomarkers must be integrated with clinical staging. Specifically, a diagnosis 

of AD at Stage 3 now requires both the clinical phenotype of mild impairment and positive 

biomarkers for amyloid-beta and tau pathology. 

 

1.6 Research rationale and objectives 

 

Although significant progress has been made in defining the biological stages of the AD 

continuum (Jack et al., 2024), characterising the phenotypic and psychophysiological predictors 

of vulnerability in the earliest stages remains a major challenge. Historically, research has 

predominantly focused particularly on memory, as it is the first cognitive domain associated with 

neurodegenerative processes. However, the ageing process involves multifaceted mechanisms 

linked to cognitive decline: not only memory and visuospatial abilities, but also EFs (Jack et al., 

2018), which are fundamental for adaptation and behavioural regulation.  

Consequently, we adopted a multidimensional approach to identify early markers of vulnerability 

that integrates cognitive, affective, and physiological dimensions, with particular emphasis on 

executive functioning. 

To characterise the determinants of cognitive vulnerability, we first assessed the impact of 

psychological and external stressors on EFs. In this context, the COVID-19 pandemic provided 

a unique naturalistic framework to investigate these dynamics. The results of our previous 

studies on cognitive, physical, and behavioural aspects in healthy older adults before and during 

none  mild/significant none/mild significant
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the COVID-19 pandemic revealed early longitudinal neuropsychological changes (Amanzio et al., 

2021a; Bartoli et al., 2021). Following restrictive lockdown measures, higher anxiety and 

depression scores led to increased fatigue, which in turn correlates with declines in walking 

ability and psychomotor and attentional speed compared to pre-pandemic measures (Amanzio 

et al., 2021a). Furthermore, perceived threat from the consequences of SARS-CoV-2 infection 

was predicted by a combination of physical, cognitive, and mood-related baseline data, 

specifically anxiety and frailty, as well as lower information processing speed and language 

comprehension performance (Bartoli et al., 2021). 

The critical role of EFs in regulating behaviour under such environmental stress was further 

highlighted by our investigation into SARS-CoV-2 infection risks. We hypothesised that deficits 

in EFs and reduced self-awareness following bilateral thalamic injury in a 63-year-old woman 

may have led to inappropriate adherence to restrictive measures during the pandemic, resulting 

in SARS-CoV-2 infection (Bartoli et al., 2020b). This underscores how executive dysfunction can 

compromise health behaviours and increase vulnerability to negative outcomes. 

Beyond cognitive deficits, our research aimed to identify specific psychological vulnerability 

factors, particularly the nocebo effect as a potential influence on health outcomes in ageing. The 

impact of the COVID-19 pandemic on the psychological well-being of healthy older adults was 

profound, including possible associations with sleep problems. Data suggest that altered sleep 

patterns are associated with mood changes, particularly in relation to depression and anxiety, 

as well as changes in individual aspects, lifestyles, and attitudes of older adults during the 

lockdown (Cipriani et al., 2021). Crucially, the pandemic presented a "perfect storm" in which 

nocebo effects could occur. As reported in our review, individuals with higher levels of anxiety 

and depression, as well as a tendency to somatise, may have been more susceptible to negative 

information related to the pandemic and to conspiracy theories that led to psychological distress. 

This higher level of psychological distress in turn reduced willingness to vaccinate, especially in 

the older population (Amanzio et al., 2020b, 2021b). Consistent with the expectancy theory of 

the nocebo phenomenon, our systematic review also suggests that a substantial proportion of 

adverse events associated with COVID-19 vaccines may be related to the nocebo effect (Amanzio 

et al., 2022a). Furthermore, the results of various studies have shown that the COVID-19 era 

has exacerbated the nocebo phenomenon, creating a "nocebodemic" effect that may influence 

health and lifestyle beyond the pandemic period (Amanzio et al., 2022b). 

Within this framework of psychological and physiological vulnerability, emerging evidence 

highlights the necessity of early detection of cognitive, behavioural, and functional symptoms to 

differentiate healthy from atypical ageing trajectories. To address these challenges, we focused 

on the initial clinical stages of the AD continuum using a multidimensional 

neuropsychophysiological assessment. Specifically, we investigated these changes by assessing 

cognitive performance (especially EFs), mood, physical health, and emotional regulation in older 

adults. 

To achieve this goal, we first focused on validating our methodology in healthy older adults, 
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resulting in three reviews (Amanzio and Cipriani, 2026; Cipriani et al., 2025; Mesin et al., 2023) 

and four experimental studies (Amanzio et al., 2023a, 2023b; Borghesi et al., 2023). 

Finally, integrating the findings on EFs, vulnerability and physiological markers, we conducted a 

longitudinal study to investigate whether Heart Rate Variability (HRV), a non-invasive marker of 

autonomic regulation, can serve as an early psychophysiological indicator of cognitive 

vulnerability in older adults with SCD (Cipriani et al., 2026).  

The seven publications in the following chapters outline the trajectory of this research, 

progressing from the validation of multidimensional assessments and the effects of various 

stressors to the identification of neuropsychophysiological markers of cognitive vulnerability. 
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2. ELECTROENCEPHALOGRAPHY-BASED BRAIN-MACHINE INTERFACES IN OLDER ADULTS: A LITERATURE 

REVIEW 

 

Within theoretical models of cognitive ageing, this chapter explores the role of advanced 

technologies in supporting older adults. Specifically, this published literature review 

systematically examines the use of electroencephalography-based brain–machine interfaces to 

detect age-related cognitive changes and evaluate the potential of cognitive training. The study 

demonstrates that sustaining intrinsic capacity provides a crucial technological perspective on 

preserving cognitive resilience and well-being in the ageing population1. 
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2.1 Abstract 

 

The ageing process is a multifaceted phenomenon that affects cognitive-affective and physical 

functioning as well as interactions with the environment. Although subjective cognitive decline 

may be part of normal ageing, negative changes objectified as cognitive impairment are present 

in neurocognitive disorders and functional abilities are most impaired in patients with dementia. 

Electroencephalography-based brain–machine interfaces (BMI) are being used to assist older 

people in their daily activities and to improve their quality of life with neuro-rehabilitative 

applications. This paper provides an overview of BMI used to assist older adults. Both technical 

issues (detection of signals, extraction of features, classification) and application-related aspects 

with respect to the users’ needs are considered. 

Keywords: brain–machine interfaces; brain–computer interfaces; electroencephalography; older 

adults. 

 

                                       
1 This chapter is based on the article by Mesin et al. (2023) published in Bioengineering. My primary 

contributions to this work included developing the research methodology, performing the systematic study 
selection, creating the data visualizations, and writing, reviewing and editing the manuscript. 
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2.2 Introduction 

 

The ageing of the world’s population is a major health challenge. This is the reason why new 

technologies based on human–machine interaction (HMI) or brain–machine interface (BMI) offer 

important perspectives to support older adults in their daily activities and improve their quality 

of life. As a heterogeneous process, ageing refers to people of 60 years or older and needs to 

be studied in a comprehensive and multidimensional perspective that simultaneously considers 

different components and their interactions, i.e., a person’s intrinsic capacity, environments, and 

functional ability. Intrinsic capacity includes physical and mental functioning such as vitality and 

locomotor, sensory, cognitive, and psychological abilities; environment includes home, 

community, and society; functional ability integrates intrinsic capacity and how people interact 

with their environments. These three components and their domains can help personalize and 

prioritize care and services to meet the needs of older people from a comprehensive and person-

centred perspective. 

In this direction, and according to the World Health Organization (WHO, 2020), addressing these 

components would enable the achievement of the Decade of Healthy ageing 2021–2030. This 

under-researched topic could shed light on the process of describing and improving intrinsic 

capacities, the way people interact with their environment and functional abilities. This would be 

important for developing person-centred intervention programs to promote well-being and 

support patients with physical disabilities and dementia. 

With this aim, many engineering tools, such as neurofeedback (NF) and brain–computer 

interface (BCI) technologies, have been developed to allow HMI that may be helpful in detecting 

possible age changes in healthy individuals and in rehabilitating patients with physical and 

cognitive impairments. In particular, recent reviews have emphasized the role of NF (Jiang et 

al., 2017) and BCI (Belkacem et al., 2020) as countermeasures for the cognitive decline 

experienced during ageing. For example, older adults with dementia may be assisted in their 

daily living activities (Belkacem et al., 2022). 

The aim of this review on older adults is to examine BCI technology based on surface 

electroencephalogram (EEG), focusing on the intrinsic capacity to detect possible age changes 

and potential effectiveness of cognitive training (CT). We also provide an introductory tutorial 

on EEG processing and classification (in the Appendix A), which serve as fundamental tools for 

the development of HMI interfaces. Studies addressing these issues are proving critical to 

improving the functional abilities and well-being of older people, as outlined in the WHO’s 

Guidelines for Healthy Ageing (WHO, 2020). 

 

2.3 Research Methodology 

 

A systematic and comprehensive review of the literature on HMI to support ageing has been 

applied to find, assess, and interpret significant research outcomes. The following steps of our 
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research are detailed below: research strategy, inclusion/exclusion criteria, paper selection, and 

outcomes. 

 

2.3.1 Search strategy 

To identify studies on HMI applied to assist older adults in their daily life activities and to improve 

their quality of life with diagnostic and neuro-rehabilitative applications, a systematic search 

strategy was implemented in the international literature online database PubMed. We entered 

the following query terms: (Brain machine interfaces) AND (Ageing), searching for relevant 

scientific literature published up to 27 October 2022.  

The results of both search queries are presented in the flowchart diagram shown in Figure 2.1.  

 

Figure 2.1. Study selection following the PRISMA 2020 statement (Page et al., 2021). 

 

The guidelines of the Preferred Reporting Items for Systematic Review and Meta-Analyses 

(PRISMA, Page et al., 2021) were followed, adapted to our investigation.  

Two authors (M.A. and G.E.C.) carried out the study selection process independently. They 

identified articles by title, abstract, and full text.  
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Any disagreements were discussed and resolved. Finally, one author (L.M.) supervised this 

phase. 

 

2.3.2 Inclusion and exclusion criteria 

To guarantee the selection of pertinent articles, we included only studies satisfying the following 

criteria: 

(a) HMI in older adults; 

(b) HMI using EEG signals; 

(c) Both healthy ageing individuals and subjects with neurocognitive impairment; 

(d) Both technical issues (signals detection, feature extraction, classification) and applicative 

implications (users’ need, effectiveness in restoration of lost skills, and rehabilitation). 

The following exclusion criteria were adopted: 

(a) Studies not using EEG signals; 

(b) Subjects not meeting the “ageing” criteria (mean age: 60 years and older) according to WHO 

(2022); 

(c) Cross-sectional studies without differences between age groups (single-group data analysis). 

 

2.3.3 Study selection 

After discussing the eligibility criteria for each study, two authors (M.A. and G.E.C.) 

independently analysed the following information: population and its characteristics, sample 

size, procedures, study design, and outcomes. In case of disagreement, a consensus was 

reached or the judgment of a third author was sought (L.M.). 

 

2.3.4 Outcome measures 

This review was conducted to find information about HMI in healthy ageing subjects and in 

patients with neurocognitive disorders. The following information was also examined in relation 

to HMI: (a) technical issues; (b) applicative implications. 

 

2.4 Results 

 

2.4.1 Study selection 

The initial literature search process led to 62 articles meeting our eligibility criteria. Of these, 

none was removed before screening, as duplicates. After the identification and screening phase, 

9 studies (Chen et al., 2019; Goelz et al., 2021; Gomez-Pilar et al., 2016; Herweg et al., 2016; 

Karch et al., 2015; Lee et al., 2013; Li et al., 2022; Quek et al., 2015; Zich et al., 2017) were 

included and 53 were excluded (see flowchart, Figure 2.1). In particular, two studies on mild 

cognitive impairment were excluded, as wrong procedure (magnetic resonance imaging study: 

Massetti et al., 2022) and wrong age group (Luo et al., 2018). The number and reasons for the 

exclusion of the articles were as follows: 
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 23 did not take into consideration older adults (wrong age group); 

 19 were not original articles (12 reviews, 2 editorials, 2 conference papers, 1 perspective, 1 

letter, 1 case); 

 6 focused on issues not concerning the aims of our review (inadequate topics); 

 4 studies did not evaluate humans (wrong species); 

 1 did not use EEG signals (wrong procedure). 

All studies not included in this review and reasons for their exclusion are available in Table 2.S1 

in Supplementary Material. 

 

2.4.2 Description of the selected studies 

The included studies in healthy older adults focusing on HMI using EEG signals are described in 

the following sections. Different features were used to characterize the EEG and different 

methods were employed to translate the recorded information. The selected references are also 

summarized in Table 2.1, indicating main properties of the included subjects, and Table 2.2, 

regarding experimental protocol and processing.  

 

Table 2.1. Participants’ characteristics in the included studies.  

Reference 
Participants 

(N) 

F/M  

(%) 

Age  

range 

Age  

in years              

Mean (±SD) 

NP  

assess-

ment 

Control  

group 

Li et al., 2022 20 70/30  66 no YA 
Goelz et al., 2021 26 61.5/38.5 55 - 65  no YA 

Chen et al., 2019 22 72.7/27.3 over 55 72 (±8.1) no YA 
Zich et al., 2017  37 55.6/44.4  62.6 (±5.7) yes YA 
Herweg et al, 
2016 

10 60/40 50 - 73 60 (±6.7) no no 

Gomez‑Pilar et 

al., 2016 
63 65.1/34.9 60 - 81  yes 

OA without 
training 

Karch et al., 2015 52  70 - 75 73.3 yes 
Children and 

YA 

Lee et al., 2015  39 69.2/30.8  65.2 (±2.8) yes 
OA without 

training 

Lee et al., 2013  31 60/40  65.1 (±2.9) yes 
OA without 

training 

Note. F, females. M, Males. N, number. NP, neuropsychological. OA, older adults. SD, standard deviation. 

YA, younger adults.  

 

The processing methods are based on filtering and classification methods introduced in Appendix 

A, possibly with some modification (the reader is invited to refer to the references for details). 

Selected studies focus on specific intrinsic abilities and BCI assessment, such as: Cognition (e.g., 

memory, attention and motor imagery as a dynamic cognitive process in which a movement is 

mentally simulated without actually being performed), vitality (e.g., a reduction in energy in 

terms of fatigue), locomotor (physical movement), and sensory domains (such as vibro-tactile 

stimulation and sensitivity). 

A further summary of the results and perspectives of the selected papers is shown in Table 2.S2 

in Supplementary Materials. 
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Table 2.2. Selected studies taking into account intrinsic capacity evaluation and processing.  

Reference 
Intrinsic 

capacity 

BCI  

assessment 

Spatial 

filtering  

Features 

processing 

Classification 

(translation)  

Li et al., 2022  
Cognition and 

Vitality 
Motor imagery ICA  CNN 

Goelz et al., 2021 
Sensory and 

Locomotor 
Visuo-motor task ICA FBCSP LDA 

Chen et al., 2019 Sensory Vibro-tactile stimulation CSP CSP LDA 

Zich et al., 2017 Cognition Motor imagery CSP  LDA 

Herweg et al., 

2016 
Sensory Tactile sensibility  ERP SWLDA 

Gomez‑Pilar et 

al., 2016 
Cognition Motor imagery 

ICA, 

Laplacian 

Power of EEG 

rhythms 

Power of EEG 

rhythms 

Karch et al., 2015 Cognition 
Working memory 

performance 
CSP  LDA 

Lee et al., 2015 Cognition 
Cognitive  

training program 
CSP 

Power of EEG 

rhythms 

Scores  

based on CSP 

and PSD 

Lee et al., 2013 Cognition 
Memory and attention 

training program 
CSP 

Power of EEG 

rhythms 

Scores  

based on CSP 

and PSD 

Note. BCI, brain–computer interface. CNN, convolutional neural networks. CSP, common spatial pattern. 

EEG, electroencephalogram. ERP, event-related potential. FBCSP, filter bank CSP. ICA, independent 

component analysis. LDA, linear discriminant analysis. PSD, power spectral density. SWLDA: step-wise 

LDA.  

 

Li et al., 2022 

EEG characteristics are investigated during motor imagery (MI) by comparing young and older 

adults. A total of 20 healthy individuals participated in the study, including 10 young and 10 

older adults. The authors analysed both cognition and vitality by using BCI to examine the 

differences in terms of fatigue level, in both groups using left and right MI experiments. Fatigue 

is analysed in terms of (1) discrimination of fatigue-sensitive channels in the parietal area, (2) 

calculation of rhythm entropy (RE) in the frontal area, and (3) assessment of synchronization of 

fatigue in the parietal lobe and EE complexity in the frontal area. Data are analysed using time–

frequency representations (TFR) and quantified by event-related desynchronization (ERD). 

Alpha, beta, and theta rhythms are extracted and used to quantify fatigue. Moreover, the 

cognitive activity is quantified by RE. The Phase locking value (PLV) between parietal and frontal 

lobes was also calculated. For the older population, a convolutional neural networks (CNN) is 

finally used for classification. The results show that older adults are less affected by the degree 

of cognitive fatigue during MI, compared to young participants. Nevertheless, MI energy is lower 

in the older population, than in younger people. 

 

Goelz et al., 2021 

Possible age changes and differences in EEG data classification are investigated during active 

visuo-motor tasks. A total of 26 healthy individuals participated in the study, including 13 

younger adults and 13 older adults. In this visuo-motor force control task, while seated in front 
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of a computer screen, participants had to follow a target with their hand for five seconds by 

applying the required force. Force tracking was studied considering two task characteristics 

(sinusoidal and constant) with the right or left hand. A dimensionality reduction method called 

dynamic mode decomposition was used to extract brain network patterns. The tasks were 

classified using the linear discriminant analysis (LDA). While comparing performance and 

patterns of brain activity between groups, authors found evidence of altered motor network 

function, in older subjects, suggesting de-differentiated and compensatory brain activation. 

These changes indicated less segregated activation of the motor brain network, even though 

they showed higher classification performance on the task feature. The results confirm an age-

related reorganization of brain networks and show a correlation with task characteristics. 

 

Chen et al., 2019 

EEG response to vibro-tactile stimulation are studied in younger and older adults addressing 

sensory capacity in order to clarify how age-related changes may affect the EEG signal and thus 

the use of BCI in older subjects. A total of 22 healthy individuals participated in the study, 

including 11 younger and 11 older adults. Authors analysed ERD/event-related synchronization, 

i.e., the percentage of EEG power decrease/increase with respect to baseline, in order to explore 

cortical responses to left or right vibro-tactile stimulation. EEG signals were processed by 

common spatial pattern (CSP) and LDA as classification algorithm. Results show decreased 

cortical lateralization of the somatosensory cortex and an overall reduction in EEG power in older 

subjects. This resulted in lower accuracy of BCI performance in classification based on spatial 

activation information. 

 

Zich et al., 2017 

Age-related changes in the neural correlates of both motor execution (ME) and MI are studied, 

supported by EEG-based NF. A total of 37 healthy and cognitive preserved individuals 

participated in the study, including 19 younger and 18 older subjects. A multimodal 

neuroimaging system, focused on EEG (ERD%) and concentrations of oxygenated (HbO) and 

deoxygenated haemoglobin (HbR), was used in order to record simultaneously with functional 

near-infrared spectroscopy (fNIRS). Results of brain activity patterns show lower lateralization 

of ERD% and HbR concentration during MI, but not ME, in older subjects compared with younger 

participants. ERD% and hemodynamic measurements are significantly correlated, although 

there are no significant amplitude correlations. 

 

Hewerg et al., 2016 

This work studies whether training improves tactile event-related potential (ERP)-BCI 

performance in a virtual wheelchair navigation task. A total of 10 healthy individuals participated 

in the study, with no control group. Older subjects participated in five sessions with calipers 

placed on the legs, abdomen, and back. The authors found that mean accuracy and information 
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transfer rate (ITR) increased from the first session to the last session. The mean P300 amplitude 

went in the same direction, indicating improved performance thanks to training with a tactile 

P300-BCI. The protocol used enabled learning and significantly improved BCI performance 

(single trial accuracy and ITRs) and EEG features (ERP amplitudes, area between curves), 

demonstrating the positive effect of sensory training. Of particular note, authors found no 

plateau for ERP amplitudes, area between curves, single-trial accuracy, or ITRs, suggesting that 

participants could benefit from training. On the other hand, the effects of age-related changes 

in tactile perception on BCI performance appeared to be negligible. 

 

Gomez-Pilar et al., 2016 

An NF training (NFT) with a motor imagery-based BCI (MI-BCI) was developed and used to 

analyse possible cognitive function improvements in 63 healthy older adults. To evaluate the 

effectiveness of NFT, the NFT group (31 subjects) that used this method and the control group 

(32 subjects) that did not perform NFT were compared. To investigate the effects of NFT, 

changes were analysed both in the EEG spectrum using relative power measures and in various 

cognitive functions using the Luria Adult Neuropsychological Diagnosis (Luria-AND). The 

neuropsychological battery, which consists of nine subtests assessing different cognitive 

functions (i.e., visuospatial orientation, language, memory, reasoning, and attention), is 

administered before and after the NFT tasks. The between-group results show that significant 

differences are found between the control group and the NFT group in the Luria-AND values 

during the pre-test. The within-group results show (1) in the control group, no significant 

changes in any of the cognitive functions and (2) in the NFT group, significant differences in all 

cognitive functions except attention. 

 

Karch et al., 2015  

A supervised learning approach is developed to derive person-specific models for identifying and 

quantifying inter-individual differences in oscillatory EEG responses related to mechanisms for 

selecting and maintaining working memory (WM). A total of 52 healthy individuals participated 

in the study, including 20 children, 12 younger adults, and 20 older subjects. Differences 

between groups in rhythmic neural activity in the alpha frequency range were recorded, which 

were related to WM load and mechanisms for sustaining attention. Results show that WM load 

and spatial attentional focus could be distinguished in all age comparison groups based on EEG 

responses in the alpha range. 

 

Lee et al., 2015 

Acceptability, safety, and preliminary efficacy are investigated for an EEG-based BCI CT program 

in order to improve memory and attention in a Chinese-speaking group of older adults. To test 

the effectiveness of the CT, 39 cognitive preserved participants were randomly assigned to the 

intervention group (21 individuals) and the control group (18 individuals). Participants attended 
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BCI-based CT sessions three times a week for 8 weeks; the control group received the same 

intervention after an 8-week waiting period. An adapted version of the Repeatable Battery for 

the Assessment of Neuropsychological Status (RBANS) was used to compare performance before 

and after training. This neuropsychological battery assesses several cognitive functions: 

memory, visual-spatial/constructive skills, language, and attention. All subjects were also asked 

to complete a usability and acceptability questionnaire, which included information on adverse 

events after each session. Results show statistically significant improvements in attention and 

delayed memory before and after CT. Conversely, not statistically significant changes are 

observed in immediate memory and visuospatial/constructive areas. 

 

Lee et al., 2013 

The feasibility of the BCI system with a task that incorporates CT in improving memory and 

attention, previously used by the same authors in children with attention deficit hyperactivity 

disorder (Lim et al., 2012). To test the effectiveness of the training in English-speaking group, 

31 cognitive preserved older adults were randomly assigned to the intervention group (15 

individuals) and the control group (16 individuals). Participants attended BCI-based CT sessions 

three times a week for 8 weeks; the control group received the same intervention after an 8-

week waiting period. An adapted version of RBANS was used to compare performance before 

and after training. This neuropsychological battery assesses several cognitive functions: 

memory, visual-spatial/constructive skills, language, and attention. All subjects were also asked 

to complete a usability and acceptability questionnaire, which included information on adverse 

events after each session. Results showed statistically significant improvements in immediate 

memory, visuospatial/constructive, attention, and delayed memory before and after CT. 

 

2.5 Discussion 

 

Ageing induces a natural cognitive decline. Recent advances of technologies can help 

counteracting this process, keeping older people mentally active and performing. Specifically, 

EEG reflects cortical activity and can be used to monitor a subject during a mental task. Recent 

advances of technology is allowing flexible and real time applications (e.g., within the Internet 

of Things framework, Kumar et al., 2021) and artificial intelligence approaches (including 

machine learning, classification, deep learning, etc.) can extract useful information from EEG 

and provide a feedback to the user, within BCI and NF applications. 

In this review, we selected specific works from the recent literature discussing innovative 

methods to support older people. The selected studies on innovative BCI technologies analysed 

different domains of intrinsic capacity in terms of cognition (Gomez-Pilar et al., 2016; Karch et 

al., 2015; Lee et al., 2013; Li et al., 2022; Quek et al., 2015; Zich et al., 2017), vitality (Li et 

al., 2022), sensory (Chen et al., 2019; Goelz et al., 2021; Herweg et al., 2016), and locomotor 

capacities (Goelz et al., 2021) to identify possible ageing changes and the potential effectiveness 
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of CT to promote and maintain healthy ageing. They document that age-related differences are 

important to design properly a BCI (Chen et al., 2019; Goelz et al., 2021; Lee et al., 2013; Li et 

al., 2022; Quek et al., 2015) or a NF for stroke patients (Gomez-Pilar et al., 2016; Zich et al., 

2017). Moreover, training is important for BCI performance (Herweg et al., 2016). Differences 

are found between younger and older subjects, e.g., a reduced lateralization was documented 

in the latter (Chen et al., 2019; Zich et al., 2017). However, all studies showed improvements 

in older subjects performing the training. Different protocols can be adopted: MI (Gomez-Pilar 

et al., 2016; Li et al., 2022; Zich et al., 2017), motor control (Goelz et al., 2021), tactile 

stimulation (Chen et al., 2019; Herweg et al., 2016), or more complex mental activities (Karch 

et al., 2015; Lee et al., 2013; Quek et al., 2015). 

A detailed discussion of the selected papers is provided below, by describing the domains of 

intrinsic capacity, giving priority to the works that took into consideration, primarily, cognition, 

and subordinately the other intrinsic capacities (that is, sensory and locomotor capacities). 

The study by Li et al. (2022), which addressed intrinsic capacity (both cognition and vitality) 

during an MI task, showed that older people were less affected by the degree of cognitive fatigue, 

although the classification accuracy of the MI data was lower in older subjects compared to 

younger participants. Interestingly, the deep learning method, which extracts data from the 

frontal and parietal channels, may be appropriate for older individuals. Specifically, the authors 

found that classification accuracy on MI tasks was set by CNN at an acceptable level of about 

70%. This suggests that the future prospects of BCI-MI in the older population need not to be 

based on SMR alone and that the appropriate algorithms can be applied without obvious 

lateralization of ERD. In fact, the CNN model based on fused spatial information greatly improves 

classification accuracy and leads to longer training time, which can be successfully used in 

healthy ageing individuals. Therefore, it should be investigated whether these training sessions 

can support rehabilitation in ageing people with neurological diseases, such as stroke patients. 

In the EEG-fNIRS study by Zich et al. (2017), which focused on intrinsic capacity in relation to 

cognition, age-related changes in brain activity were analysed in the neural correlates of both 

MI and ME. During MI, older adults showed lower hemispheric asymmetry of ERD% and HbR 

concentration than younger adults, reflecting greater ipsilateral activity. In addition, compared 

with no feedback, EEG-based NF-enhanced classification accuracy, thresholds, ERD% and HbR 

concentration for both contralateral activity and lateralization degree in both age groups. Finally, 

significant modulation correlations were found between ERD% and hemodynamic 

measurements, although there were no significant amplitude correlations. Overall, the 

differences between the observed effects for ERD%, HbR concentration and HbO concentration 

suggest that the relationship between electrophysiological motor activity and hemodynamic is 

far from clear. However, the results also support the idea that age-related changes in MI should 

be taken into account when designing MI NF protocols for patients. In particular, the influence 

of age should be carefully considered in the design of neuro-rehabilitation protocols for stroke 

patients. These results suggest a complex relationship between age and exercise-related activity 
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in both EEG and hemodynamic measurements. 

In another study using the MI-BCI technology, Gomez-Pilar et al. (2016), dealing with intrinsic 

capacity of cognition, showed promising results about the usefulness of NFT to improve brain 

plasticity and consequently neuropsychological functions (such as spatial awareness, language, 

and memory), which are the main concerns in older adults. This study may be helpful in the 

development of new NFT based on MI strategies. In particular, these data suggest the utility of 

BCI-based NFT in rehabilitating some cognitive functions in terms of improving brain plasticity, 

which seems to affect the older population. 

Karsch et al. (2015) investigated inter-individual differences in brain-behaviour mapping by 

examining the degree of model individualization required to demonstrate the feasibility of 

deriving person-specific models with different spatiotemporal information in three age groups 

(i.e., children, younger adults, and older adults). The authors focused on intrinsic capacity of 

cognition, i.e., mechanisms of selection and maintenance of working memory. The results show 

the potential of a multivariate approach to provide better discrimination than the classical non-

person-specific models. Indeed, it allows easier interpretation at both individual and group levels 

to classify patterns based on rhythmic neural activity in the alpha frequency range across the 

lifespan. Specifically, information maintained at WM and the focus of spatial attention contributed 

to identify and quantify differences across age groups based on the different spatiotemporal 

properties of EEG recordings. 

Lee et al. (2013) tested the potential of adapting an innovative computer-based BCI program 

for CT to improve attention and memory in a group of healthy English-speaking older adults. 

The authors, focusing on intrinsic capacity of cognition, demonstrated the effectiveness of the 

CT program, particularly in improving immediate and delay memory, attention, visuospatial, and 

global cognitive abilities. In a second randomized controlled trial (Quek et al., 2015), the same 

authors investigated the generalizability of their system and training task to a different language 

(i.e., Chinese-speaking) population of older adults. In their studies (Lee et al., 2013; Quek et 

al., 2015), the BCI-based intervention showed promising results in improving memory and 

attention. Future research should include participants with mild and severe cognitive impairment. 

If proven effective in a larger sample, this intervention could potentially serve to reduce, or even 

prevent, cognitive decline in patients with mild or major neurocognitive disorders. 

Chen et al. (2019) addressed intrinsic-sensory capacity by examining whether SMR elicited by 

vibro-tactile stimulation shows differences in younger and healthy older adults. Their results 

showed that age-related electrophysiological changes significantly affect SMR properties. 

Specifically, older subjects showed less lateralization in somatosensory cortex in response to 

vibro-tactile stimulation compared to younger adults. These age-related EEG changes reflected 

greater susceptibility to noise and interference and resulted in lower BCI performance accuracy 

during classification. Future studies should focus on the effects of ageing on EEG signals. In 

addition, NFT methods to improve cortical lateralization and algorithms not based solely on EEG 

lateralization should be investigated. 
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Herweg et al. (2016) investigated the effects of age and training in healthy older adults focusing 

on intrinsic sensory capacity and using a tactile stimulation protocol in a navigation task. Results 

showed that tactile BCI performance could be valuable, although age-related changes in 

somatosensory abilities were negligible. This protocol enabled learning and significantly 

improved BCI performance and EEG characteristics, demonstrating the positive effect of training. 

Future studies should focus on tactile BCI development, considering specific stimulation design, 

individual characteristics, and training. The results suggest that tactile BCIs can not only be a 

valid alternative to visual and auditory tasks, but can also be used despite age-related changes 

in somatosensory abilities. 

Goelz et al. (2021) investigated intrinsic-sensory and locomotor capacities. The authors analysed 

the classification of fine motor movements in terms of age-related differences in functional brain 

activity. Specifically, the authors compared the performance of younger and older healthy adults 

on visuo-motor tracking tasks using EEG recordings. Results revealed electrophysiological brain 

activity patterns associated with an altered sensorimotor network in older adults, suggesting 

reorganization of task-related brain networks in response to task features. Future research on 

BCI applications should consider age-related differences in the development of BCI and 

neurofeedback systems when targeting the older population (e.g., in the selection of appropriate 

features and algorithms). 

In summary, the selected studies showed age-related differences as important features for the 

design of BCI technologies (Chen et al., 2019; Goelz et al., 2021; Karch et al., 2015; Li et al., 

2022; Zich et al., 2017) or the effectiveness of NFT in improving brain plasticity and some 

neuropsychological functions (Gomez-Pilar et al., 2016; Zich et al., 2017). In addition, CT (Lee 

et al., 2013; Quek et al., 2015) and tactile (Herweg et al., 2016) training are important for BCI 

performance. 

We note as a limitation that different protocols were used in the included studies, such as MI 

(Gomez-Pilar et al., 2016; Li et al., 2022; Zich et al., 2017), motor control (Goelz et al., 2021), 

tactile stimulation (Chen et al., 2019; Herweg et al., 2016), or more complex mental tasks 

(Karch et al., 2015; Lee et al., 2013; Quek et al., 2015) and focused on different domains (e.g., 

cognition, vitality, sensory, and motor skills). These aspects did not allow us to adequately 

compare the collected data to better understand age-related changes that could help improve 

the knowledge of BCI technologies to develop new healthcare solutions for the older population. 

Thus, there is a clear need to explore this important topic further in the future and to standardize 

the investigation techniques. 

The perspective presented in our systematic review may lead to new challenges and promising 

results in the detection of possible age changes in healthy individuals and in the rehabilitation 

of patients with physical and cognitive impairments whose intrinsic capacity may be impaired 

due to disease. Following the theoretical approach based on the World Health Organization 

guidelines for healthy ageing (WHO, 2020), future studies may be helpful to demonstrate the 

effectiveness of rehabilitation treatments developed with new specific technologies and devices 
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based on BCI, such as those that support and improve cognitive and physical abilities. 

From the comprehensive person-centred perspective proposed in WHO (2020), “functional 

capacity” combines the interactions between a person’s physical and mental abilities (intrinsic 

capacity) and the living environment. Considering this paradigm and the characteristics of 

intrinsic capacity (locomotor and sensory capacity, vitality, and cognition), interventions with 

BCI provide useful support for older people in their daily activities. In particular, interventions 

with BCI provide useful support for maintaining and achieving healthy ageing, as shown by the 

studies analysed in our review. 

Regarding patients, neuro-rehabilitative BCI applications offer interesting perspectives, for 

example, in terms of cognitive and mental abilities of patients with Alzheimer’s disease, mobility 

and fine motor skills of patients with Parkinson’s disease, or physical abilities of patients with 

amyotrophic lateral sclerosis. In other neurological patients, BCI technologies may be useful to 

improve communication/control, e.g., motor paralysis due to stroke, spinal cord injury, or 

cerebral palsy (Belkacem et al., 2020). 

 

2.6 Conclusions 

 

Artificial intelligence approaches applied to EEG are useful to provide feedback to the user in BCI 

and NF applications. In fact, EEG, reflecting cortical activity, can be used to monitor a person 

during a mental task, which can be decoded by artificial intelligence to provide the required 

feedback. Recent advances in BCI technologies can help counteract the ageing process and keep 

older people healthy and active. Our systematic review, based on PRISMA guidelines, employed 

strict selection criteria (i.e., innovative works on HMI in older adults using EEG signals). The 

selected studies were helpful in identifying possible age-related changes and the potential 

effectiveness of CT. 

Future studies using BCI technology would help understand how a person develops and 

maintains intrinsic abilities, to promote healthy ageing and reduce the occurrence of 

unfavourable ageing trajectories. Finally, the use of HMI could help physically and cognitively 

impaired individuals to support basic activities of daily living and reduce dependence on care. 

The few but promising works identified testify to the need for further development of EEG-based 

HMIs to counteract age-related decline. 

 

2.7 Supplementary material 

 

Table 2.S1. Excluded studies and reasons for the exclusion.  

Reference 
Reason for 

exclusion 

Schnakers C et al. Front Hum Neurosci. 2022;16:971315 not original article 

Engemann DA et al. Neuroimage. 2022;262:119521 inadequate topic 

Liu B et al. Sci Data. 2022;9(1):252 inadequate topic 
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Belkacem AN et al. Front Hum Neurosci. 2022;16:881922 not original article 

Massetti N et al. J Alzheimers Dis. 2022;85(4):1639-1655 wrong procedure 

Sponheim C et al. J Neural Eng. 2021;18(6) wrong age group 

Rahman MM et al. Comput Biol Med. 2021;136:104696. not original article 

Di Marco R et al. Methods Protoc. 2021;4(3):48 wrong age group 

Schmitz S. Front Sociol. 2021;6:651486 not original article 

Smith R et al. Sci Rep. 2021;11(1):10128. wrong age group 

Pavlov AN et al. Sensors (Basel). 2020;20(20):5843. not original article 

Belkacem AN et al. Front Neurosci. 2020;14:692 not original article 

Marquez-Chin C et al. Biomed Eng Online. 2020;19(1):34 not original article 

Cell. 2020;181(1):22-23 wrong age group 

Welle EJ et al. J Neural Eng. 2020;17(2):026037 inadequate topic 

Ali JI et al. J Int Neuropsychol Soc. 2020;26(1):31-46 not original article 

Tang W et al. Artif Intell Med. 2020;102:101755. wrong age group 

Sepúlveda P et al. Anaesthesia. 2020;75(2):196-201 wrong age group 

Shim S et al. Biomed Mater Eng. 2020;30(5-6):497-507 wrong species 

Kang YN et al. IEEE Trans Neural Syst Rehabil Eng. 2019;27(6):1312-1319 inadequate topic 

Martins NRB et al. Front Neurosci. 2019; 13:112 wrong age group 

Beveridge R et al. IEEE Trans Neural Syst Rehabil Eng. 2019;27(4):572-581 wrong age group 

Classen S et al. 2019;39(2):97-107 not original article 

Woods V et al. J Neural Eng. 2018;15(6):066024 wrong species 

Luo J et al. J Neural Eng. 2018;15(5):056015 wrong age group 

Norton JJS et al. J Neural Eng. 2018;15(5):056012 wrong age group 

Semprini M et al. Front Neurol. 2018;9:21 not original article 

Brockmann PE et al. Eur J Paediatr Neurol. 2018;22(3):434-439 wrong age group 

Fu TM et al. Proc Natl Acad Sci U S A. 2017;114(47):E10046-E10055 wrong species 

Jiang Y et al. Front Aging Neurosci. 2017;9:52 not original article 

Rana M et al. Front Aging Neurosci. 2016;8:239 not original article 

Young KL et al. Accid Anal Prev. 2017;106:460-467 not original article 

Kober SE et al. Neurobiol Aging. 2016;40:127-137 wrong age group 

Wagner J et al. J Neurosci. 2016;36(7):2212-26 wrong age group 

Murphy MD et al. Front Cell Neurosci. 2016;9:497 not original article 

Hsu HT et al. IEEE Trans Neural Syst Rehabil Eng. 2016;24(5):603-15 wrong age group 

Reichert JL et al. Int J Psychophysiol. 2016;99:67-78 inadequate topic 

Goodman G et al. J Integr Neurosci. 2015;14(3):281-93 wrong age group 

Tseng KC et al. Sensors (Basel). 2015;15(3):5518-30 wrong age group 

Reichert JL et al. Clin Neurophysiol. 2015;126(11):2068-77 wrong age group 

McCane LM et al. Clin Neurophysiol. 2015;126(11):2124-31 wrong age group 

Gomez-Pilar J et al. Annu Int Conf IEEE Eng Med Biol Soc. 2014;2014:3630-3 not original article 

Nuyujukian P et al. J Neural Eng. 2014;11(6):066003 wrong species 

Young BM et al. Expert Rev Med Devices. 2014;11(6):537-9 not original article 

Di Pino G et al. Front Syst Neurosci. 2014;8:109 not original article 

Mandal HS et al. Acta Biomater. 2014;10(6):2446-54 inadequate topic 

Ninaus M et al. Front Hum Neurosci. 2013;7:914 wrong age group 

Guggenmos DJ et al. Proc Natl Acad Sci USA. 2013;110(52):21177-82 wrong age group 

Aloise F et al. Clin EEG Neurosci. 2011;42(4):219-24 wrong age group 

Li Y et al. PLoS One. 2011;6(6):e20801 wrong age group 

Contreras-Vidal JL et al. Annu Int Conf IEEE Eng Med Biol Soc. 

2010;2010:2825-8 

not original article 

Allison B et al. IEEE Trans Neural Syst Rehabil Eng. 2010;18(2):107-16 wrong age group 

Lin CT et al. Gerontology. 2010;56(1):112-9 not original article 
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Table 2.S2. Results and perspectives of the papers fitting our selection criteria. 

Reference Results Perspectives 

Li et al., 2022 Older adults are less affected by the 

degree of cognitive fatigue during MI, 

compared to young participants. 

Nevertheless, MI energy is lower in the 

older population, than in younger 

people. 

BCI-MI in the older population needs 

not to be based on SMR alone and the 

appropriate algorithms can be applied 

without obvious lateralization of ERD. 

CNN model based on fused spatial 

information greatly improves 

classification accuracy and leads to 

longer training time. 
   

Goelz et al., 2021 The results confirm an age-related 

reorganization of brain networks and 

show a correlation with task 

characteristics. Electrophysiological 

brain activity patterns associated with 

altered sensorimotor network in older 

adults, suggesting reorganization of 

task-related brain networks. 

Future research on BCI applications 

should consider age-related differences 

in the development of BCI and NF 

systems when targeting the older 

population (e.g., in the selection of 

appropriate features and algorithms). 

   

Chen et al., 2019 Decreased cortical lateralization of the 

somatosensory cortex and overall 

reduction in EEG power in older 

subjects. This resulted in lower 

accuracy of BCI classification based on 

spatial activation information. Older 

sub- jects showed less lateralization in 

somatosensory cortex in response to 

vibro-tactile stimulation compared to 

younger adults. 

Future studies should focus on the 

effects of ageing on EEG signals. In 

addition, NFT methods to improve 

cortical lateralization and algorithms 

not based solely on EEG lateralization 

should be investigated. These age-

related EEG changes reflected greater 

susceptibility to noise and interference. 

   

Zich et al., 2017  Brain activity patterns show lower 

lateralization of ERD% and HbR 

concentration during MI, but not ME, in 

older subjects compared with younger 

participants. 

Age-related changes in MI should be 

taken into account when designing MI 

NF protocols for patients. The influence 

of age must be considered in the 

design of neuro-rehabilitation 

protocols for stroke patients. Complex 

relationship between age and exercise-

related activity in both EEG and 

hemodynamic measurements. 
   

Herweg et al, 2016  Tactile BCI performance is valuable 

although age-related changes in 

somatosensory abilities are negligible. 

The protocol enabled learning and 

significantly improved BCI performance 

and EEG characteristics, demonstrating 

the positive effect of training. 

Future studies should focus on tactile 

BCI development, considering specific 

stimulation design, individual 

characteristics and training. Tactile 

BCIs can be a valid alternative to visual 

and auditory tasks. They can 

be used despite age-related changes in 

somatosensory abilities. 
   

Gomez-Pilar et al., 

2016 

Usefulness of NF training with a motor 

imagery-based BCI in terms of 

improvements in all cognitive functions 

except attention. 

This study may be helpful in the 

development of new NF training based 

on MI strategies, useful in 

rehabilitating cognitive functions by 

improving brain plasticity and 

neuropsychological functions, which 

seems to affect the older population. 
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Karch et al., 2015  WM load and spatial attentional focus 

could be distinguished in all age 

comparison groups based on EEG 

responses in alpha range. 

A multivariate approach provides 

better discrimination than classical 

non-person-specific models, at both 

the individual and group levels. 
   

Lee et al., 2015  Improvements in attention and 

delayed memory be- fore and after 

CT. No significant changes observed 

in immediate memory and 

visuospatial/constructive areas. 

BCI-based intervention showed 

promising results in improving memory 

and attention. This intervention could 

potentially reduce or prevent 

cognitive decline. 

Note. BCI, brain–computer interface. CNN, convolutional neural networks. CT, cognitive training. EEG, 
electroencephalogram. ERD, event-related desynchronization. HbR, deoxygenated haemoglobin. ME, motor 
execution. MI, motor-imagery. NF, neurofeedback. NFT, neurofeedback training. 

 

2.8 Appendix A. Background on Data Processing and Classification 

 

A short general and basic introduction to the processing methods which are most popular in 

applications is provided. Elements of signal conditioning, detection, pre-processing, processing, 

and classification are discussed, focusing on the EEG. Many didactic text-books and surveys are 

available on these general topics: signal processing (Marple, 1987; Mesin, 2017), machine 

learning (Kumar et al., 2019), classification (Theodoridis and Koutroumbas, 2008), and 

applications (Wolpaw and Wolpaw, 2012). 

 

2.8.1 Appendix A.1. Signal acquisition 

Physiological data are detected by sensors. We are mostly interested to surface EEG, so that the 

physiological data to be recorded refer to the cortical activity and the sensors are electrodes 

placed on the scalp. The signal is detected by a standard cascade of systems that include an 

amplifier with high input impedance (which should be much higher than that of the skin-electrode 

contact to avoid voltage drop), a filter and an AD converter. The filter allows only specific 

frequency components to pass, which is useful to reduce the amount of recorded noise and to 

satisfy the requirements of sampling theory. Signal decomposition into frequency components 

and sampling theory are introduced in the following sections. 

 

2.8.2 Appendix A.2. Fourier analysis 

Every periodic signal can be written as a Fourier series, i.e., the sum of a constant and sinusoids 

with frequencies, in multiples of the fundamental frequency (i.e., the reciprocal of the period) of 

the original signal. If the signal x(t) is not a periodic function of time t, we can make a limit as 

the period that reaches infinity (Mesin, 2017), obtaining the Fourier transform, in which the sum 

of the components of the Fourier series is substituted by an integral and the frequency becomes 

a continuous variable 

   (A1) 
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where f is the frequency and the sinusoids mentioned above arise from the complex exponential 

(Euler formula). The Fourier transform X(f) indicates for each 

frequency the amplitude and the phase of the corresponding sinusoidal component included in 

the signal x(t). By summing (through an integral) all those components, the following inversion 

formula is obtained 

      

(A2)  

 

These relations hold for all signals of interest (e.g., those with finite energy) and indicate a one-

to-one correspondence so that our specific signal can be studied either in the time or in the 

frequency domain. 

In practice, the measurement is limited in time so that we cannot have access to the original 

signal x(t) (which is unknown out of the time range of observation), but to a perturbed version 

of it, obtained by a multiplication with an observation window, selecting the data that have been 

acquired and putting to zero the rest. This perturbation introduces some problems in the 

investigation of the Fourier transform of the original signal and some limitations (e.g., we cannot 

observe very slow frequency components with periods longer than the observation window). 

Fourier transform is a complex function of frequency (in the sense that it includes both a real 

and an imaginary part). Usually, only its power spectral density (PSD, i.e., the modulus squared 

of the Fourier transform) is considered. When signals have properties which change in time, i.e., 

they are not stationary, the PSD is not sufficient to characterize them accurately, as it indicates 

only which frequency components are included, but not when they are present. TFR have been 

introduced to spit the signals into frequency components, indicating their power density as a 

function of time and frequency (Cohen, 1989). An interesting alternative is using time-scale 

representations, i.e., wavelet transform (Rioul and Vetterli, 1991), in which the signal is 

decomposed into components which are scaled versions of a specific waveform (mother wavelet, 

which has a finite time support, as opposite to sinusoids). 

When processing the signal by a linear system, superposition principle holds. It means that 

different components can be studied separately (e.g., by amplifying some or attenuating others) 

and the output can be obtaining by summing up. Classical processing of signals by removing 

specific components is called filtering: lowpass, bandpass, highpass, and stopband filters remove 

frequency components out of the range of interest (indicated by the name), which is left ideally 

unaltered. A value separating the pass- from the stop-band is called cut-off frequency (more 

cut-off frequencies are defined in cases in which more boundaries between passband and 

attenuated regions are present, e.g., for the bandpass filter). 

 

2.8.3 Appendix A.3. Sampling theory 

Physiological data are sampled with a constant sample rate fs, converting them in digital form 

x[n] = x(nT), where T = 1/ fs is the sampling interval. The Fourier transform of the sampled 
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data is a periodic repetition of that of the original signal, with period fs. The repetitions, called 

alias (from Latin), give high frequency components (aliasing phenomenon) that should be 

removed to obtain the original signal from its sampled version, using a lowpass filter with cut-

off frequency lower than or equal to fs/2. The latter is called Nyquist frequency and is the largest 

one that can be represented in a sampled signal: it requires that two samples are acquired for 

each cycle of the component with largest frequency. With a smaller sampling rate, the 

component would be confused with another of lower frequency, contributing to aliasing. For this 

reason, before sampling, it is better to remove components with frequency larger than Nyquist 

frequency by a so-called anti-aliasing lowpass filter. 

 

2.8.4 Appendix A.4. Filtering 

EEG usually has useful information embedded within a great amount of noise. A quantitative 

measure of this challenging condition is given by the signal to noise ratio (SNR), which is the 

ratio between the energy of the signal and that of noise (usually measured in dB). In order to 

increase the SNR, a pre-processing is applied through filtering. 

Data are acquired by a sampling in time (discussed in the previous section) and space (as a 

discrete distribution of electrodes are placed over the scalp). By combining those samples, 

specific filters can be obtained, in order to enhance the components of interest and reduce the 

effect of artifacts or noise. 

 

Appendix A.4.1. Temporal filters and EEG rhythms 

Filtering in time is applied separately to each recorded signal, by defining the output time series 

y[n] as the linear combination of the input signal x[n] at different time delays and previous 

values of the output 

 

y[n] = b0x[n] + b1x[n − 1] + . . . + bkx[n − k] − a1y[n − 1] − . . . − amy[n − m]             (A3) 

 

In this way, only present and past samples are used, obtaining a causal filter (which means that 

no future sample is used to define the present output). If only input data are used to define the 

output (i.e., all weights {ai} are zero), the filter is said moving average (MA), as the same   

weighted average of samples is applied to subsequent portions of input data. The weights 

constitute the samples of the so-called impulse response h[n] of the filter. They are the output 

of the filter if the input is an impulse (i.e., a digital signal with a single value equal to 1 and zero 

otherwise). The operation of multiplying the signal by the impulse response translated in time 

and summing is called convolution 

 

  (A4)                                

 

The use of past values of the output in the definition of the filter is called autoregression (AR). 



39 
 

By iterative substitution of the definition of delayed output values y[n − p] in terms of inputs 

x[n − q] (p ≤ m, q ≤ k) we see that the impulse response is infinite for AR and ARMA filters 

(i.e., those including only AR or both AR and MA filtering), in the sense that it has infinite 

samples. This allows improve filtering performances over MA filters, but with the risk of obtaining 

unstable results, as the convolution (A4) includes infinite terms and could diverge. The terms 

finite impulse response (FIR) and infinite impulse response (IIR) are used to denote these two 

classes of filters (i.e., MA is a FIR filter; AR and ARMA are IIR filters). 

By choosing properly the weights of the filter, it is possible to obtain approximations of classical 

filters selecting specific frequency components to pass and others to be attenuated. This way, 

we can perform important processing such as slow trend attenuation (by a highpass filter), high 

frequency noise reduction (lowpass filter), powerline artefact removal (selective stopband or 

notch filter), or EEG rhythm extraction (bandpass filter). 

There are also temporal filters that are adapted to the signal to be processed. The match filter 

has an impulse response that is equal to a template of interest to be found within the signal 

(except for a flip of the time variable). The convolution (A4) computes the correlation between 

the template and the signal (as a function of the time shift of the template), which is high when 

a waveform similar to the template is found. 

Another popular method, called averaging, is applied to extract evoked responses from the noisy 

EEG: epochs of EEG centred on the event triggering the response are extracted from the EEG 

trace and averaged; the evoked response is reinforced whereas the asynchronous contributions 

(due either to noise or to other cortical activities) are reduced. 

 

Appendix A.4.2. Spatial Filters and Selectivity 

The signals from different electrodes can be linearly combined, making a spatial filter. Different 

objectives can be achieved by spatial filtering. For example, a common mode potential is usually 

present due to a capacitive coupling of the body with the powerline. Moreover, due to the volume 

conduction, the potential reflecting the activity of a cortical source spreads over the scalp, 

providing contributions to the recording of many electrodes and reducing the possibility of 

localizing its position. Spatial filters can remove this common mode potential by imposing that 

the sum of the weights is zero. For example, the average surface potential recorded from all the 

electrodes can be used as reference (average reference method), eliminating the common mode. 

Different combinations have also been proposed, which are discrete versions of differential 

operators: the bipolar (i.e., the difference of signals from close electrodes) approximates the 

first derivative (which can be taken either in longitudinal, i.e., cranio-caudal, or transverse 

direction), the double differential (difference of two consecutive bipolar filters with the central 

electrode in common) is the discrete version of the second derivative, the Laplacian filter (sum 

of longitudinal and transverse double differential) resembles the Laplacian operator. They have 

better selectivity with respect to a unipolar detection (i.e., from a single electrode): this means 

that they are focused on the cortical activity which is under the centre of the filter (said in an 
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alternative way, they have a smaller detection volume). 

As an alternative to the above-mentioned filters, which have fixed weights, there are others 

which are defined on the basis of the signal, in order to obtain specific objectives. 

1. Principal component analysis (PCA) chooses the weights in order to obtain output signals 

that are orthogonal (i.e., uncorrelated) to each other (Mesin et al., 2011). 

2. Independent component analysis (ICA) selects linear combinations that makes the outputs 

statistically independent from each other (Mesin et al., 2011). 

3. CSP is obtained by optimizing the filter in order to separate the signal into the sum of 

components which show maximum difference of the variances between two windows. An 

application is in enhancing the energy of a specific target portion of data (e.g., the cortical 

potential of interest for a BCI) and reducing that of the rest (Koles et al., 1990). 

PCA and ICA found many applications to separate blindly different sources (blind source 

separation) and to compress the data (by selecting only the most important components 

contributing for a certain amount of energy or information included in the data). Among the 

components that are identified, some could be due to artifacts (e.g., blinks or muscle 

contractions) and can be removed. 

 

2.8.5 Appendix A.5. Feature processing and classification 

The above-mentioned method can be the basis for extracting useful information from EEG data. 

Then, this information could be translated to some target output of interest, indicating the 

condition of the user or a choice among different options. 

Here, we briefly introduce how EEG features can be extracted and used to obtain information on 

the user. Those features can be obtained by processing either directly the EEG signals or source 

data. The latter are obtained by estimating the neural sources generating the recorded EEGs, by 

solving a complicated inverse problem (Jatoi et al., 2014). However, in the following, we refer 

to processing directly the recorded EEG channels. 

 

Appendix A.5.1. Feature extraction 

Different features can be estimated from each EEG channel, represented either in time or in 

frequency domain. 

 Time features can be the average rectified value or the root mean squared of epochs of data, 

the height of peaks of evoked potentials, the number of zero-crossings. More advanced 

features reflect the possible complexity of the data: for example, approximate entropy 

(Mesin, 2018), and fractal dimension (Mandelbrot, 1967). 

 Interesting features extracted from a frequency representation of the signal are the mean 

frequency, the median frequency or the power of different rhythms. 

The topographical distribution of an index can provide useful information, e.g., on a possible 

asymmetry across the hemispheres, or on specific responses (for example, the amplitude of 

alpha rhythm has different meanings when found in occipital or frontal regions). Moreover, 
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bivariate indexes have been introduced to investigate the coupling of different regions, i.e., the 

functional connectivity reflected by EEG (Park and Friston, 2013). Examples of indexes are listed 

below. 

1. Cross-correlation quantifies a linear coupling of the EEGs from two channels. The delay 

corresponding to the maximal cross-correlation can provide also some insight on the causal 

relationship between the two signals. 

2. Coherence provides information on correlation of oscillations as a function of their 

frequency. 

3. Nonlinear indexes indicate couplings at a statistical order larger than linear. For example, 

mutual information (Ibáñez-Molina et al., 2020) and transfer entropy (Schreiber, 2000) are 

based on Shannon information theory and are zero for statistically independent inputs. 

Nonlinear inter- dependence is based on the study of possible coupling during recurrences, 

i.e., when the data show similar behaviour (Arnhold et al., 1999). 

4. PLV detects periods in which the phase delay of oscillations from different channels remains 

constant, so that the oscillations are locked (Lachaux et al., 1999). 

5. Granger (1969) causality indicates a causal-effect relation between the EEGs from two 

channels, given in terms of the improved performance in predicting future samples of a 

signal when information from the other is provided. 

Bivariate indexes can be defined for each pair of EEG channels and their values can be collected 

in an adjacency matrix. The information from this amount of data can be summarized by 

topological indexes from graph theory (Rubinov and Sporns, 2010). A graph is a set of nodes 

(i.e., EEG channels in our case) connected by edges (i.e., the bivariate indexes coupling pairs of 

nodes). Many indexes have been proposed to characterize a graph, e.g., strength (sum of the 

connections to a node), clustering (degree to which nodes in a graph cluster together), efficiency 

(ability to exchange information), and characteristic path length (measure of how information is 

transferred across the network). 

Cross-frequency coupling explores possible relations between different rhythms (Hyafil et al., 

2015). It can be studied either within or between channels, obtaining univariate and bivariate 

information, respectively. An example is the phase amplitude coupling, which measures the 

relation between the amplitude envelop of a high-frequency rhythm (e.g., beta or gamma) and 

the phase of a low-frequency rhythm (e.g., alpha). 

 

Appendix A.5.2. Feature generation 

Features can be either used directly or post-processed, generating other features. For example, 

when extracting many features from the EEG, some of them can be redundant and share 

common information. Moreover, features can be noisy. Thus, methods of dimensionality 

reduction, such as the above-mentioned methods, PCA and ICA, are useful also to process 

features: they can cancel out common information and select a few components representing 

most of the useful content and attenuate noise. PCA and ICA are linear methods, i.e., their 
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components are linear combination of the inputs. Other alternative methods have also been 

introduced to reduce the dimension of the dataset (thus summarizing the information they 

contain) by a nonlinear processing, e.g., the local linear embedding (Roweis and Saul, 2000). 

All mentioned approaches are only based on the input data. Other methods process the input 

data to help performing the classification. For example, the linear discriminant analysis 

(Xanthopoulos et al., 2013) provides components (defined as linear combinations of the 

features) that allows optimal discrimination of different output classes (in the sense that the 

between- and within-class separation of data points are maximized and minimized, respectively). 

 

Appendix A.5.3. Feature selection 

Not all features could be important to perform the classification, as there could be redundancy 

among them, some could be irrelevant or they could even cause misclassification. The goals of 

features selection are: 

 Avoiding overfitting; 

 Reducing the computational cost; 

 Gaining a deeper insight into the classification/prediction model. 

Criteria for feature selection can be either based on intrinsic properties of the features (filtering 

methods, as selecting components with high energetic or information con- tent, provided by PCA 

and ICA, respectively) or on their contribution in improving the performances of the classifier 

(wrapped approaches, e.g., measuring features providing maximal information on the output 

class and with minimal redundancy among them, or sequentially selecting/removing the 

most/least influential feature in the classification of a training dataset). 

 

Appendix A.5.4. Classification 

The features obtained after the previous steps provide some indirect information on the user’s 

intent, which should be translated to a target output, i.e., a command to a device which could 

provide, for example, a feedback to the user, or the selection of an answer to a question, or the 

displacement of a cursor to a screen (Wolpaw and Wolpaw, 2012). The classification (or 

translation) of input data into a useful command can be interpreted as the definition of a 

mathematical model mapping input observations (i.e., vectors of features) into a specific target 

output (Theodoridis and Koutroumbas, 2008). 

The model has parameters to be optimally chosen to obtain the output of interest. Some training 

data (i.e., EEG features associated to known labelled outputs) are used in supervised learning, 

in which the model parameters are selected to fit the output of interest in terms of an 

optimization criterion (e.g., the minimization of the mean squared difference between corrected 

output and model prediction). 

Once fitted the training data, the model can be applied on test samples. The reliability of the 

predictor on new test data is called generalization. There is a trade-off between an optimal fitting 

of the training data (requiring a complex model) and generalization (as simpler models are more 
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robust, i.e., they have similar performances in the training and test data). Thus, the simpler 

model allowing to decode the determinism contained into the training data should be selected, 

in order to avoid to fit also the noise, which would provide unstable and unpredictable behaviour 

when testing new data. Different criteria have been proposed to balance model fitting 

performance and complexity, e.g., Akaike information criterion (1974). As an alternative, a 

portion of the training set could be used for validation, in order to test the performance of the 

model in an external set (i.e., not used for training); for example, in cross-validation, different 

portions of data are used to train and validate the model in different iterations. 

Different general classification problems are the identification of: 

 A classification function to discriminate between discrete choices, 

 A regression model to translate input observations into a continuous variable. 

Many classification or regression models have been proposed in the literature. Some of them are 

introduced below. 

 Linear regression (Rencher and Schaalje, 2008). The output Y is approximated as a linear 

combination of the inputs {Xi}i=1,··· ,N (N being the number of input features)  

 (A5) 

 

where the weights {wk}k=0,··· ,N are chosen optimally with respect to some criterion. For 

example, imposing the minimum sum of squared error (considering all observations), the 

weights can be obtained analytically by pseudo inversion of the matrix A including the 

features 

 

(A6) 

   

 

where M is the number of observations and                                  are the elements of the 

ith feature Xi. The problem can be written in matrix form as 

 

  (A7) 

 

where W is the vector including all weights. The solution with minimum squared error is 

 

(A8) 

 

where AT A −1 AT is the pseudoinverse of A (notice that ATY is the cross-correlation of the 

input features and desired output, AT A represents the covariance between features). A 

linear regression problem is also obtained if a polynomial expression or another nonlinear 

function of the features is included as additional input to better fit the data: more columns 
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are included in the matrix A, but we still obtain a linear problem with respect to the weights. 

 Bayesian classifiers (Rencher and Schaalje, 2008). A probabilistic model is built based on the 

training data to evaluate the probability of the input feature conditional to specific outputs 

P(XY). Then, a priori information on the output probabilities P(Y) allows to obtain the 

posterior probability of the output given the inputs, using Bayes theorem 

(A9) 

 

The estimated output in the test set is given by the one with maximal posterior probability. 

 Classification tree (Quinlan, 1983). Decision trees are predictive models in which target 

variables are the leaves of a tree. They can take a finite set of output values. They are 

multistage systems, in which classes are rejected sequentially, until an accepted class is 

arrived upon. Specifically, the feature space is sequentially split into clusters, corresponding 

to classes. A set of questions is applied to individual features, which are compared to 

threshold values, on the basis of which the decision tree branches. Different approaches have 

been proposed to select the features and associated thresholds to split data until reaching a 

decision on the estimated class. 

 Support vector machine (Cortes and Vapnik, 1995). A hyper-surface is searched that best 

separates two classes (in the multi-class case, a combination of binary classifications is 

used). Support vectors are specific observations (i.e., points in the space of input features) 

at the border between two classes that define the lower and upper margins of a region 

separating the two classes. This hyper-surface separating the two classes is chosen in order 

to maximize the margin. 

 Neural network (Haykin, 1994). An artificial neural network is a biologically inspired 

computational model consisting of a complex set of interconnections between basic 

computational units, called neurons. Each neuron performs a nonlinear processing, by a so-

called activation function applied on the sum of a bias and a linear combination of the input. 

The bias and the weights of the linear combinations defining the input of each neuron of the 

network are the parameters to be selected to obtain a specific objective, e.g., minimizing the 

mean-squared error in estimating the target output on a training dataset. Different topologies 

of the networks have been considered, e.g., multi- layer perceptron (with a forward structure 

of sequential layers of neurons, with each layer obtaining input from the previous one and 

providing output to the following one) with a different number of layers, recursive networks 

(with the output of one layer of neurons providing inputs to a previous layer). Different 

learning algorithms have been proposed: backpropagation or other methods related to the 

gradient of the objective functional; evolutionary algorithms (e.g., genetic approaches or 

particle swarm optimization) designed to prevent being stuck into a local minimum of the 

error function. Deep learning approaches have been recently proposed showing exceptional 

performances (Deng and Yu, 2014). They are based on networks with many layers. Some of 

these layers can perform a convolution operation (CNN) with a kernel adapted to the data. 
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Appendix A.5.5. Performance evaluation 

An important problem of a classifier is generalization, i.e., the ability of working properly on data 

which were not used for training. The generalization error has two main components. 

1. Bias, related to the ability of the classifier to approximate the true model generating the 

data. It is due to inaccurate assumptions or simplifications made by the classifier. 

2. Variance, quantifying how much classifiers estimated from different training sets differ from 

each other. 

When the assumed model is too simple to represent all the relevant information contained in the 

data, there is a high bias and low variance, with high training and test errors, reflecting an under 

fitting of the true model generating the data. On the other hand, there is overfitting when the 

model is too complex and fits irrelevant characteristics (noise) in the data. In this case, the 

classifier shows low bias and high variance, with low training error and high test error. 

The best classification model should have a complexity which is in between the conditions of 

under fitting and overfitting, so that to decode the determinism contained in the data without 

fitting noisy perturbations. It is chosen either using a specific criterion to be minimized, weighting 

both the error in fitting the data and the complexity, e.g., Akaike information criterion (1974), 

or by separating the training data into two subsets (called training and validation sets) in order 

to test directly the generalization of the classifier on data not used for training (i.e., the validation 

set). Two methods of this latter type are the cross-validation and Monte Carlo approaches. 

Cross-validation is based on the following steps: 

1. Split training data into k equal parts. 

2. Train the model on k − 1 parts and calculate validation error on the kth one. 

3. Repeat k times, using each data subset for validation once.  

Monte Carlo approach requires the following steps: 

1. Split training data randomly. 

2. Fit the model on training data and calculate the validation error. 

3. Repeat for many iterations (say 100 or 500) and take the average of the validation errors. 

By these methods, the best classifier can be selected and its performances can be estimated on 

a test set. 
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3. THE NEUROPSYCHOLOGY OF HEALTHY AGING: THE POSITIVE CONTEXT OF THE UNIVERSITY OF THE 

THIRD AGE DURING THE COVID-19 PANDEMIC 

 

Within the multidimensional framework of healthy ageing, this chapter examines the protective 

mechanisms that sustain cognitive and emotional well-being under severe environmental stress. 

Specifically, this published study explores the longitudinal impact of the COVID-19 pandemic on 

a cohort of healthy older adults participating in the University of the Third Age. By comparing 

in-depth neuropsychological assessments conducted before and during the pandemic and 

integrating psychophysiological measures of emotional reactivity, the research shows how 

cognitive reserve serves as a resilience mechanism against pandemic-related emotional 

dysregulation and apathy2. 
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3.1 Abstract 

 

Older adults have been reported to have increased susceptibility to the adverse effects of 

SARS‑CoV‑2 infection, such as fatal outcomes, cognitive decline, and changes in physical and/or 

mental health. However, few studies have examined neuropsychological changes by comparing 

measurements before and during the pandemic in healthy older people. In addition, no 

longitudinal studies have examined whether older adults may have responded positively to the 

                                       
2 This chapter is based on the article by Amanzio et al. (2023a) published in Scientific Reports. My primary 

contributions to this work included investigating the study, curating the data, drafting the manuscript, and 
reviewing and editing the manuscript. 
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pandemic. We examined these issues through a 2‑year neuropsychological study before and 

during the pandemic period. Results showed that scores before and during the pandemic were 

the same in memory and attention, whereas global cognitive, executive, and language functions 

improved. Participants also showed no longitudinal changes in depression, hypomania, and 

disinhibition, while apathy and, to a lesser extent, anxiety increased significantly. To examine 

possible signs of pandemic‑related emotional (dys) regulation, subjects were shown images at 

follow‑up that recalled the most dramatic lockdown phase while heart rate variability was 

recorded. Higher apathy was predicted by poorer global cognitive performance, increased 

anxiety, and emotional dysregulation as measured by a higher ratio of low‑to‑high frequency 

heart rate variability. Thus, preserved global cognition appears to play a protective role against 

the effects of pandemic‑related anxiety and emotional dysregulation on apathy. 

 

3.2 Introduction 

 

The COVID-19 pandemic had a significant impact on older adults, as they were more vulnerable 

to both the adverse effects of SARS-CoV-2 contagion (Amore et al., 2021) and the measures 

taken by governments to contain the spread of infection (Manca et al., 2020). While the infection 

curve has been effectively contained, restrictive measures have increased social isolation and 

loneliness (Keller et al., 2023), which in turn affects well-being and increases physical frailty, 

cognitive impairment, and mood swings (Lebrasseur et al., 2021). Nursing home residents and 

patients with Alzheimer’s disease or other dementias are those most likely to suffer the effects 

of the COVID-19 pandemic (Lebrasseur et al., 2021; Mukhtar, 2020), placing them at highest 

risk of a fatal outcome or long COVID-19 impact (Thompson et al., 2020). 

A substantial amount of data collected on older adults during the pandemic came mostly from 

online cross- sectional surveys. For example, self-reported data from an online survey were used 

to examine the impact of the COVID-19 period on well-being, activity levels, sleep quality, and 

cognitive function (De Pue et al., 2021). These studies allowed for large samples to be analysed, 

but with notable limitations in terms of the generalizability of the results. First, the fact that not 

all older adults could be reached via online technologies suggests possible biases in the 

recruitment of the sample. In addition, the use of self-report questionnaires instead of in-depth 

neuropsychological assessments made it difficult to clearly classify participants as healthy or 

cognitively impaired. Finally, the lack of longitudinal studies with neuropsychological data 

collected before the pandemic made it impossible to detect potential changes in cognitive 

functioning and/or mood, limiting the resulting findings to short-term effects and neglecting the 

crucial role of "baseline" performance. 

Indeed, in assessing the multifaceted consequences of the COVID-19 pandemic, it is important 

to consider that cognitive decline may be part of normal ageing (e.g., Bherer et al., 2013; Jessen 

et al., 2020; Murman, 2015), in addition to a gradual decline in physical abilities that may limit 

functional abilities of daily living and quality of life (e.g., Harada et al., 2013). However, little is 
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known about the impact of the COVID-19 pandemic on healthy ageing in individuals who 

reported not being infected with SARS-CoV-2. 

Taking advantage of available pre-pandemic measurements, it has been previously reported 

longitudinal evidence of early neuropsychological changes during the pandemic period in healthy 

older individuals (Amanzio et al., 2021; Bartoli et al., 2021). A longitudinal study first examined 

the role of neuropsychogeriatric factors in lockdown fatigue, by comparing data collected in 

healthy, cognitively ageing, individuals before and during the pandemic. Participants were 

assessed at three different time points during the pandemic, i.e., during the first lockdown period 

(T1), immediately afterward (T2), and during the second lockdown period (T3). Results 

highlighted interacting changes of physical functioning, executive attention, and mood 

deflections in the COVID-19 pandemic. Subjects with moderate fatigue reported more depressive 

and anxious symptoms than subjects with mild fatigue. Cognitive performance in terms of 

psychomotor speed also appears to play an important role in the perception of fatigue associated 

with COVID-19 restrictive measures. Specifically, the results of principal component and multiple 

regression analyses demonstrated the contribution of "cognitive" and "psychological" factors 

(i.e., attentional and executive performance, as well as mood deflections) in explaining handgrip 

strength and gait speed as two of five determinants of the Fried frailty model (Fried et al., 2001). 

At T3, lockdown fatigue was explained by higher scores on the Beck Depression Inventory and 

lower performance on the Trail Making Test Part A. The results of a moderated mediation model 

showed that the effect of psychomotor speed on lockdown fatigue was mediated by depression, 

with gait speed having a moderating effect on this relationship (Amanzio et al., 2021). 

Furthermore, fear of infection could be an additional source of concern for this at-risk population, 

exacerbating anxiety and thus affecting quality of life (Golden et al., 2011). Consistent with this 

hypothesis, we have previously reported longitudinal data demonstrating that perceived threat 

associated with the consequences of SARS-CoV-2 infection was predicted by a combination of 

baseline physical, cognitive, and mood measures, i.e., anxiety and frailty in addition to lower 

information processing speed and language comprehension performance (Bartoli et al., 2021). 

To date, however, no longitudinal study has examined whether healthy older people may also 

have responded to the COVID-19 pandemic with improvements in neuropsychological 

functioning. This important but under- researched topic could shed light on how the cognitive 

and functional abilities that enable the well-being of older subjects are maintained during a very 

difficult time such as a pandemic. Identifying the variables that promote or hinder such 

maintenance will contribute to the development of programs aimed at preventing cognitive 

decline in healthy older people, as recommended by the American Geriatrics Society (Batsis et 

al., 2021). 

We aimed to fill this gap by examining neuropsychological measures before and during the 

pandemic in a group of cognitively healthy older people. Prior to the COVID-19 outbreak, 

participants had joined the initiatives of an innovative laboratory for active and healthy ageing 

dedicated to training, education, and research at the University of the Third Age (U3A) in Turin, 
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Italy. This was the ideal context to identify possible positive responses to the pandemic, in 

addition to the negative outcomes that have been widely reported (e.g., Fioravanti et al., 2022). 

A healthy lifestyle that includes cognitive, social, and physical activities was positively correlated 

with global cognition (Clare et al., 2017), which was achieved through informal learning 

programs and activities such as U3A (Sibai and Abi Chahine, 2019). The combination of positive 

life experiences such as education and participation in cognitive and socially stimulating leisure 

activities is thought to increase the effectiveness of cognitive processing in ageing individuals, 

also referred to as cognitive reserve (CR, Kremen et al., 2022). It improves cognitive function 

in healthy ageing subjects; in particular, CR has been associated with global cognition (Lee et 

al., 2020) and has been reported to enhance executive function and attention (Cabral et al., 

2016; Puccioni and Vallesi, 2012). CR has also been shown to be protective against brain damage 

and dementia (Corbo et al., 2023), slowing the cognitive ageing process or reducing the risk of 

psychiatric disorders (Opdebeeck et al., 2016). Indeed, CR can be altered or improved by 

cognitive, mental, and physical stimulation activities (Reed et al., 2010). 

Based on these assumptions, participants in our study underwent a thorough neuropsychological 

assessment before and during the pandemic to identify possible changes in (a) global cognition, 

memory, language, executive, and attentional functions; (b) physical status; and (c) mood 

changes. At the final time point (i.e., 21 months after the outbreak of the pandemic), subjects’ 

heart rate variability (HRV), which is an indicator of physiological mechanisms of (dys)regulation 

(Pham et al., 2021), was recorded during the presentation of images depicting the initial and 

most stressful phase of the pandemic. 

We predicted that CR would not only help participants maintain good neuropsychological and 

physical function to cope with the negative experiences of the pandemic, but also play a 

protective role in pandemic emotional dysregulation. However, given the potential negative 

impact of the COVID-19 pandemic, we predicted a possible decline in motivation in the form of 

apathy and increased anxiety also due to fear of SARS-CoV-2 infection. Moreover, the extent of 

pandemic-related apathy might reflect the combination of anxiety and emotional (dys) 

regulation. 

 

3.3 Methods 

 

3.3.1 Participants 

From April to October 2019, about 100 socially active older people from U3A in Turin (Italy) 

joined the initiatives of an innovative laboratory for active and healthy ageing, dedicated to 

training, education and research and development. Before the outbreak of the pandemic, they 

participated in teaching modules on cognitive functions, physical activity, nutrition and social 

integration to promote active and healthy ageing. Specifically, they were invited to undergo an 

in-depth neuropsychological assessment to investigate possible associations between cognitive 

functioning, mood changes, and physical health status over a 3-year period. A group of 81 
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volunteers (64 women; 60–80 years) agreed to participate in the study, but pandemic 

restrictions necessitated the establishment of an online assessment. After the lockdown 

measures were relaxed, 39 subjects agreed to undergo the final date of neuropsychological 

assessment between June and October 2021. Thirty-five subjects (27 women; 62–82 years) also 

agreed to participate in a psychophysiological study from October to December 2021 (i.e., 21 

months after the pandemic outbreak) to assess emotional reactivity to images associated with 

the COVID-19 pandemic. 

All 39 subjects who participated in the full longitudinal study were > 60 years old and thus can 

be classified as "older adults" according to World Health Organization (WHO, 2022). They were 

not taking any psychotropic medications that could have affected their cognitive abilities or 

mood, and none of them complained of cognitive decline (Jessen et al., 2020). The study was 

conducted in accordance with the Declaration of Helsinki, having been approved by the Ethics 

Committee of the University of Turin before (Prot. No. 10038) and during (Prot. No. 151786) the 

pandemic. All participants gave written informed consent before participating in the study. 

 

3.3.2 Sociodemographic assessment 

In addition to the usual sociodemographic characteristics such as gen- der, age, and education, 

we collected participants’ socioeconomic status (SES) using the Four Factor Index of Social 

Status (Hollingshead, 1975, 2011) which takes into account educational level, gender, 

occupation, and marital status. The Hollingshead Index (HI) combines these four factors to 

assess the social status of individuals or nuclear families. The HI scores can be aggregated into 

a set of values covering the social strata, ranging from 66 (the highest social stratum: 66–55) 

to 18 (the lowest social stratum: 19–18). The higher the score, the higher the SES. For example, 

social stratum 30–39, which reflects the average socioeconomic level, includes skilled craftsmen, 

clerical, and sales workers. 

Sociodemographic characteristics of participants are shown in Table 3.1, along with information 

on the pandemic. 

The participants were asked whether they had been (a) previously diagnosed with infection by 

COVID-19 and (b) vaccinated against SARS-CoV-2 (as well as the number of doses 

administered). In addition, the subjects were asked whether they had followed the 

recommendations of the Italian Ministry of Health (2020) to control infection, i.e., wearing face 

masks, wearing latex gloves when outdoors, washing hands frequently, keeping safe distances, 

and avoiding crowded places. 

 

3.3.3 Neuropsychological assessment 

The study included two time points: before the pandemic, from April to October 2019 (baseline), 

and during the pandemic, from June to December 2021 (follow-up). To avoid fatigue, a detailed 

neuropsychological assessment was divided into two sections, lasting approximately 45 min and 

administered on the same day. The neuropsychological battery was designed to assess three 
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domains, namely cognitive performance, mood, as well as physical and health status. 

We assessed global cognitive performance with the Addenbrooke’s Cognitive Examination - 

Revised Version (ACE-R, Mioshi et al., 2006), which includes the Mini Mental State Examination 

(MMSE, Folstein et al., 1975) score. In addition, subjective cognitive decline (SCD) was assessed 

before the pandemic using Jessen’s criteria (2020) and at follow-up using the Cognitive Function 

Instrument (CFI, Chipi et al., 2018), which includes both self-report and partner-report to 

provide a more accurate measure. Executive function was assessed using the Montreal Cognitive 

Assessment (MoCA, Conti et al., 2015) and the Trail Making Test (TMT) - part A and B (Giovagnoli 

et al., 1996). TMT - part A was used to assess speed of information processing (i.e., psychomotor 

speed). We assessed language comprehension with the Token Test (TT, De Renzi and Vignolo, 

1962), while instant and delayed recall were analysed with Rey Memory Test (RMT, Spinnler and 

Tognoni, 1987). 

Different facets of mood were assessed with the following scales: the Apathy Rating Scale (AES, 

Marin, 1996), the Beck Depression Inventory (BDI, Beck et al., 1988), the Disinhibition Scale 

(DIS, Starkstein et al., 2004), the Hamilton Rating Scale for Anxiety (HARS, Hamilton, 1959), 

and the Mania Scale (MAS, Bech et al., 1978). 

We used the Phenotypic Frailty Model (Fried et al., 2001) and the Cumulative Illness Rating Scale 

(CIRS, Linn et al., 1968) to assess physical condition or frailty status and medical history. Five 

criteria were considered to examine the determinants of a possible physical frailty state (Fried 

et al., 2001): (a) weight loss, (b) grip strength, (c) self-reported fatigue, (d) decreased walking 

speed, and (e) reduced physical activity. Depending on the presence of the five criteria, 

participants could be classified as robust (none), prefrail (1 or 2), or frail, (3 or more). 

 

3.3.4 COVID‑19‑related picture stimuli  

To assess individual differences in physiological arousal associated with the pandemic, we first 

searched the "Google images" website (https://images.google.com/) for images showing the 

most critical period between the virus outbreak and the lockdown in Italy. Using the keyword 

"COVID”, we obtained an initial selection of 124 images, which were then evaluated separately 

by all authors to select those that met specific inclusion criteria: 

 presence of people regardless of their age, sex, and sociodemographic status in the pandemic 

context (e.g., healthy individuals, patients, deceased individuals, medical personnel); 

 presence of people in the most typical COVID-19 scenarios (e.g., everyday contexts and 

hospitals). 

Based on these criteria, a subset of images was selected for further evaluation based on the 

following criteria: 

 presence of at least 2 people (i.e., "social" images); 

 absence of redundant images, i.e., same content but different formats and resolutions (i.e., 

"unique" images); 

 presence of unique signals of the pandemic, such as: 

https://images.google.com/
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 masks that had to be worn by at least some of the people depicted; 

 slogans (e.g., "Everything will be fine") and/or banners from balconies; 

 the presence of individuals with exclusively Caucasian facial features (i.e., with the same 

ethnicity as the study participants) to convey greater familiarity and emotional relevance 

("ethnicity"). 

These criteria resulted in a final data set of 75 images randomly presented to each participant 

during a psychophysiological recording of HRV with self-determined duration. The entire data 

set had a duration between 45 and 60 min. 

 

3.3.5 Psychophysiological evaluation 

Thirty-five previously studied subjects (27 women; 62–82 years) underwent further 

psychophysiological recording of HRV while viewing images reminiscent of the initial and most 

stressful pandemic phase. HRV reflects cardiac autonomic activity (i.e., sympathovagal balance), 

which indicates the ability of the autonomic nervous system to respond flexibly to external stimuli 

and to respond to psychophysiological stressors (Giannakakis et al., 2022). 

The aim of this assessment was to identify possible associations between pandemic-related 

changes in mood and/or cognitive performance and a proxy for emotional (dys)regulation 

represented by the ratio of low-frequency to high-frequency HRV, which in turn reflects cardiac 

sympathovagal balance. 

These data were acquired with the Nexus-4 blood volume pulse (BVP) and heartbeat 

measurement device and subsequently processed with custom-designed software in MATLAB 

7.10.0 (R2010a) (The Mathworks, Inc; Natick, MA, USA). Each channel was synchronously 

recorded at 2048 Hz and extracted at 256 Hz to calculate the indices. 

 

3.3.6 Signal processing 

Cardiovascular and respiratory activities were monitored to assess both voluntary and autonomic 

effects of breathing on heart rate. The IBI (Inter-Beat-Interval extracted from the BVP sensor, 

recognized as a measure equivalent to the R-R interval from the electrocardiogram) was 

analyzed. Following the guidelines of the Task Force of the European Society of Cardiology and 

the North American Society for Pacing and Electrophysiology (Task Force, 1996), typical indices 

of spectral HRV were used to assess the autonomic nervous system response (Ahuja et al., 2003; 

Barbieri et al., 2002; Kramer, 1999; Lewicki et al., 2006; Task Force, 1996). Spectral analysis 

was performed using Fourier spectral methods and dedicated software. The rhythms were 

classified as very low frequency (VLF, < 0.04 Hz), low frequency (LF, from 0.04 to 0.15 Hz), and 

high frequency (HF, from 0.15 to 0.5 Hz) oscillations. This procedure allowed us to calculate the 

LF/HF ratio, also known as the index of sympathovagal balance. 

 

3.3.7 Statistical analysis 

Analyses were performed using Jamovi Statistics software (version 2.2.5.0). Two normality tests 
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(i.e., Kolmogorov–Smirnov and Shapiro–Wilk) were performed to determine whether the 

variables were normally distributed. 

We computed Bayes factors (BF) and paired-sample t-tests to compare the data collected before 

and during the pandemic. The BF were designed to determine whether variables related to 

cognition, mood, and physical status remained stable between time points. We tested this 

hypothesis using the BF, which is a ratio between the probability of the data in the null hypothesis 

and the alternative hypothesis (Liang et al., 2008; Masson, 2008; Nuzzo, 2014; Rouder, 2014). 

The evidence for similarity of the measures is considered substantial when 2.5 < BF < 10 (Liang 

et al., 2008; Masson, 2008; Nuzzo, 2014; Rouder, 2014). It is noteworthy that in this case the 

measures considered are statistically similar, as opposed to the hypothesis that they are 

different. 

BF is generally considered a more reliable statistical test compared to p-value of a t-test. In 

particular, the American Psychological Association acknowledged the recommendations of the 

American Statistical Association and emphasized the importance of using BF, among other 

methods (Wasserstein and Lazar, 2016). In this study, we used BF to compare repeated 

measures and assume similarities or differences between them. Using BF, we were able to 

determine whether a model that predicted similarities was significantly better than a model that 

assumed differences. The BF provides the likelihood ratio for this comparison. 

To examine the relationship between neuropsychological performance at follow-up and 

emotional (dys)regulation as indexed by HRV recording, we computed a correlation matrix 

representing the relationship between (a) the variables associated with a statistically significant 

difference in the paired t-tests (comparison between before and during the pandemic) and (b) 

the LF/HF ratio index. The variables that showed a significant difference in the t-tests, in addition 

to the LF/HF ratio, were then selected as predictors in a multiple regression analysis (adjusted 

for age and gender), and the neuropsychological scale that showed the greatest change between 

time points was selected as the dependent variable. 

 

3.4 Results 

 

Tables 3.1 and 3.2 provide a detailed overview of the characteristics of the 39 participants and 

their cognitive, affective, and physical status before and during the pandemic. All 

neuropsychological variables are normally distributed, with no missing data. 

Regarding the sociodemographic characteristics of the participants, 79% were women and 21% 

were men, their mean age was 70 years (age range: 62–82), and their mean educational level 

was 13 years (range: 8–17). They attended middle school (N = 2), high school (N = 28), and 

college or university (N = 9). 

Forty-one percent of the sample lived alone and the remaining 59% lived with at least one person 

(in most cases, their partner). According to HI (Hollingshead, 1975, 2011), most of the subjects 

belonged to the medium–high SES. Specifically, 8% of them fell into the highest status (HI 
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range: 66–55), 51% into the second (HI range: 54–40), 36% into the third (HI range: 39–30), 

5% into the fourth (HI range: 29–20), and none into the lowest (HI range: 19–18). 

 

Table 3.1. Socio-demographic characteristics and health pandemic-related information of study 

participants. 

 N % M SD 

Socio-demographic characteristics    

Subjects 39    

Gender [Male/Female] 8/31    

Age [years]   70.72 5.62 

Education [years]    13.28 2.14 

Housing status [single/cohabitant] 16/23    

SES (Hollingshead Index)   42.82 8.53 

social stratum 66–55  8%   

social stratum 54–40  51%   

social stratum 39–30  36%   

social stratum 29–20  5%   

social stratum 19–18  0%   

Information pandemic-related     

Health conditions      

positivity to COVID-19 1 3%   

immunization 37 95%   

1st dose 7 18%   

2nd dose 30 77%   

Main preventive measures      

using face masks  95%   

wearing latex gloves  87%   

keeping safety distance  100%   

washing hands  100%   

avoiding crowded places  90%   

Note. M, mean. N, number. SD, standard deviation. SES, socioeconomic status. 

 

During the pandemic, only one of the participants had been diagnosed with COVID-19 infection, 

while the others stated that they had not contracted the virus. 

Participants reported high compliance with most of the Italian Ministry of Health 

recommendations (2020) to contain infection, i.e., maintaining safe distances and frequent hand 

washing (100% of participants), using face masks (95%), avoiding crowded places (90%), and 

wearing latex gloves when outdoors (87%). 

Regarding immunization against SARS-CoV-2, 95% of participants had been vaccinated against 

SARS-CoV-2, and 77% had completed two vaccination cycles according to the recommendations 

of the Italian Ministry of Health. 

 

3.4.1 Longitudinal analyses of cognitive functioning  

Prior to the pandemic, subjects’ performance on both ACE-R and MMSE did not indicate the 

presence of mild cognitive impairment (MCI, i.e., O'Bryant et al., 2008), as all subjects scored 

above cut-off scores and did not report any concerns for SCD. Their performance was above the 

reference cut-off on the following tests: MoCA (100%), RMT-15 instant words (97%), RMT-15 
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delayed words (95%), TMT - part A (100%), TMT - part B (100%), TMT B-A (97%), and TT 

(100%). Notably, the percentages of results below the cut-off were consistent with the margin 

of error of the neuropsychological tests in the normative population (see Table 3.2). 

 

Table 3.2. Demographic and neuropsychological characteristics of study participants before and 

during the pandemic.  

  before pandemic  during pandemic  

  N M SD  N M SD Cut-Off 

Demographic characteristics          

Subjects  39    39    

Gender [Male/Female]  8/31    8/31    

Age [years]   67.87 5.76   70.72 5.62  

Education [years]        13.28 2.14  

Neuropsychological assessment 

MMSE   29.23 0.86   29.38 0.77 ≥23.8 

ACE-R  
 

 93.28 3.44 
  

94.38 2.86 
≥79 (<75 years old); 

   ≥60 (>75 years old) 

MoCA    25.23 2.17   26.36 2.62 ≥17.363 

CFI self-report       2.81 1.72  

CFI partner-report       1.64 1.37  

RMT - 15 instant words   44.79 8.92   44.18 7.61 ≥28.53 

RMT - 15 delayed words   9.38 2.51   9.56 2.94 ≥4.69 

TMT - part A   38.97 12.09   39.59 13.63 ≤94 

TMT - part B   89.97 24.55   93.74 37.47 ≤283 

TMT B-A   51.01 19.94   54.10 31.90 ≤187 

TT   33.56 2.02   34.79 0.99 ≤29 

Neuropsychiatric assessment          

AES   2.36 3.01   10.97 6.95 ≤14 

BDI    7.33 5.71   7.36 6.50 ≤9 

DIS   1.77 1.79   2.23 1.66 ≤16.9 

HARS    4.97 3.62   8.15 5.16 ≤14 

MAS   1.54 1.99   1.56 1.77 ≤15 

Physical status          

Frailty phenotype   0.33 0.57   0.44 0.63 0 

CIRS - severity index   1.25 0.82   1.36 0.19  

CIRS - comorbidity index   0.15 0.67   1.49 0.98  

Note. AES, Apathy Evaluation Scale. ACE-R, Addenbrooke’s cognitive examination - revised version. BDI, 

Beck Depression Inventory. CIRS, Cumulative Illness Rating Scale. CFI, cognitive functional instrument. 

DIS, Disinhibition Scale. HARS, Hamilton Rating Scale for Anxiety. M, mean. N, number. MAS, Mania Scale. 

MMSE, Mini Mental State Examination. MoCA, Montreal cognitive assessment. RMT, Rey memory test. SD, 

standard deviation. TMT, trail making test. TT, token test. 

 

During the pandemic, subjects’ performance on both ACE-R and the MMSE did not indicate the 

presence of MCI (i.e., Corbo et al., 2023), as all subjects scored above the regulatory cut-off 

and did not report SCD, which was also assessed with CFI. Their performance was above the 

reference cut-off on the following tests: MoCA (100%), RMT-15 immediate words (97%), RMT-
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15 delayed words (97%), TMT - part A (100%), TMT - part B (100%), TMT B-A (100%), and TT 

(97%). Again, although some deficits were found in the neuropsychological tests (see Table 3.2), 

the percentages of scores below the cut-off were consistent with the margin of error of the tests 

in the normative population. 

To test the stability of cognitive functions, BF were calculated by comparing individual 

performance before and during the COVID-19 pandemic. In particular, we used the BF with the 

paired-samples t-test to evaluate the relationship between the probability of the data under the 

null hypothesis and that under the alternative hypothesis (Liang et al., 2008; Masson, 2008; 

Nuzzo, 2014; Rouder, 2014). When comparisons were made with BF > 3 (in terms of significantly 

equal scores), the results showed no longitudinal changes in memory (RMT-15 immediate words, 

BF01 = 4.14; RMT-15 delayed words, BF01 = 4.33), attention (TMT time scores: part A, BF01 = 

5.46; part B, BF01 = 3.53; and B-A, BF01 = 3.15), and global cognition, as measured by MMSE 

(BF01 = 4.22). 

The BF suggests that the data have exactly the same probability of occurrence under the 

hypothesis that repeated measures are the same, as under the hypothesis that they are different 

(Jeffreys, 1961). We found evidence of differential performance with a significant increase in raw 

test scores across time points in global cognition, as measured by ACE-R (t = −2.952, p = 0.006, 

α = 0.05), executive functions (MoCA, t = −2.609, p = 0.013, α = 0.05), and comprehension of 

linguistic utterances (TT, t = −4.70, p = 0.001, α = 0.05). 

 

3.4.2 Longitudinal analyses of mood 

The subjects showed longitudinal changes in mood in the form of increasing apathy and anxiety. 

Prior to the pandemic, none of the subjects scored below the cut-off on the AES and HARS. 

Instead, a significant increase in scale scores was observed during the pandemic. Thus, 36% of 

the sample achieved a below cut-off score on AES and 13% on HARS, respectively. It should be 

noted that in paired t-tests, there was a significant increase in the mean scores of AES (t = 

−7.43, p < 0.001, α = 0.05) and HARS (t = −3.71, p < 0.001, α = 0.005), as shown in Figure 

3.1, which also shows the improvement in ACE-R task performance.  

On the other hand, if we consider the comparison with BF > 3 (in terms of significantly equal 

scores), the results show no longitudinal changes in depression (BDI, BF01 = 5.33), hypomania 

(MAS, BF01 = 5.51) and disinhibition (DIS, BF01 = 3.07). 

 

3.4.3 Longitudinal analyses of physical functioning 

As shown in Table 3.2, most participants were classified as "robust" (72% and 64% before and 

during the pandemic, respectively); the rest of the sample had a prefrail status (28% and 36% 

before and during the pandemic, respectively). None of the participants met Fried et al.’s (2001) 

inclusion criteria for frailty status, either before or during the pandemic. Based on the McNemar 

hypothesis test, no changes in physical frailty status were observed (X2 = 2.29, p = 0.515, α = 

0.05) across time points (see Table 3.3). 
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Table 3.3. McNemar test.  

 Value df p 

χ²  2.29  3  0.515  

N  35      

Note. df, degrees of freedom. N, sample size. 

 

3.4.4 Follow‑up: correlation matrix and multiple regression analysis 

To investigate the relationship between neuropsychological performance at follow-up and 

emotional (dys)regulation as assessed by the low-frequency/high-frequency (LF/HF) ratio of 

HRV, we first generated a correlation matrix considering the variables that showed a significant 

difference before and during the pandemic, based on t-tests and BF.  

As shown in Table 3.4, significant correlations were found between LF/HF and both AES (p < 

0.05) and ACE-R (p < 0.05), but not HARS, MoCA, or TT.  

 

Table 3.4. Correlation Matrix - during pandemic.  

 AES LF/HF ratio HARS ACE-R MoCA 

AES  —              

LF/HF ratio  0.352 * —           

HARS  0.565 *** 0.053  —        

ACE-R   -0.143  0.364 * 0.021  —     

MoCA  -0.022  0.310  0.022  0.712 *** —  

TT  -0.053  0.072  0.081  0.336*    

Note. ACE-R, Addenbrooke’s cognitive examination - revised version. AES, Apathy Evaluation Scale. HARS, 

Hamilton Rating Scale for Anxiety. LF/HF, low-frequency/high-frequency. MoCA, Montreal cognitive 

assessment. TT, token test.  

*p < 0.05, **p < 0.01, ***p < 0.001. 

 

AES was selected as the dependent variable of a multiple regression model because it is the 

measure showing the greatest change across time points (t = −7.43, p < 0.001, α = 0.05; see 

Figure 3.1).  

Figure 3.1. Assessments before and during the pandemic. The figure shows changes in: (a) mood, in 

terms of apathy (AES, Apathy Evaluation Scale) and anxiety (HARS, Hamilton Rating Scale for Anxiety); 

and (b) in global cognitive performance on Addenbrooke’s Cognitive Examination-Revised version (ACE-R). 

For AES and HARS, higher values reflect a more severe symptomatology. For ACE-R, higher values reflect 

better performance. 
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In addition to the LF/HF ratio, which reflects emotional (dys)regulation at follow-up, we modelled 

as predictors the variables that showed significant change longitudinally, i.e., ACE-R and HARS, 

which capture global cognitive function and mood anxiety. 

As shown in Table 3.5, a strongly significant model (R = 0.711, R2 = 0.506) indicated that AES 

was significantly predicted by lower ACE-R scores (t = −2.391, p = 0.024) and by higher HARS 

scores (t = 3.704, p = 0.001) and higher LF/HF ratio (t = 3.011, p = 0.006), gender (t = 0.621, 

p = 0.540) and age (t = −0.630, p = 0.534). 

 

Table 3.5. Model coefficients. Apathy Evaluation Scale (AES) during pandemic as dependent 

variable of a multiple regression model. 

Predictor Estimate SE t p 

Intercept   98.072  44.568  2.201  0.037  

ACE-R  -0.968  0.405  -2.391  0.024  

HARS  0.688  0.186  3.704  0.001  

LF/HF ratio  3.691  1.226  3.011  0.006  

          

Gender  1.570  2.529  0.621  0.540  

Age  -0.131  0.208  -0.630  0.534  

Note. ACE-R, Addenbrooke’s cognitive examination - revised version. HARS, Hamilton Rating Scale for 

Anxiety. LF/HF, low-frequency/high-frequency ratio. SE, standard error. 

 

3.5 Discussion 

 

The present study took advantage of the availability of pre-pandemic data on the cognitive, 

physical, and mental status of a cohort of older people who had participated in the U3A Healthy 

and Active Ageing Lab initiatives. The opportunity to directly compare neuropsychological data 

collected before and during the COVID-19 pandemic, and to investigate possible changes 

(positive or negative), is unique. 

Although the results of some surveys have shown that older people responded better to the 

COVID-19 pandemic than younger people in terms of emotional well-being, lower reactivity to 

stressors, and better mental health (Carstensen et al., 2020; Klaiber et al., 2021; Toussaint et 

al., 202; Vahia et al., 2020), our study, however, showed for the first time a positive response 

of healthy older people to the pandemic in terms of neuropsychological performance at different 

time points. Specifically, the data showed (1) significant increases in raw scores on global 

cognitive ability (ACE-R), executive function (MoCA), and comprehension of linguistic utterances 

(TT); (2) stable performance on immediate and delayed memory (RMT), executive attention 

(TMT - parts A and B, in addition to TMT B-A), and global cognitive abilities as measured by the 

MMSE; and (3) stable physical status as measured by phenotypic frailty determinants. Together 

with the absence of participants classified as "frail," this pattern of findings underscores the 

maintenance of good physical performance despite inactivity due to the restrictive lockdown 
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measures. 

Evidence of stable or even improved measures at different time points provides new insight into 

widely held claims about the negative effects of the pandemic in cognitively preserved older 

people, based on self-reported observations of deterioration in sleep quality, mental and physical 

health and functioning, symptoms of depression and apathy, and limitations in social 

relationships (Hausman et al., 2022). Although improved performance on attention and working 

memory tasks has also been reported compared before and during the pandemic measurements, 

the results of this study were obtained by administering questionnaires adapted for remote 

administration (Hausman et al., 2022). 

Interestingly, there is evidence that cognitive decline may be mitigated by so-called CR, i.e., the 

mind/brain’s resilience to age- or disease-related changes (Stern, 2012). Specifically, CR has 

been shown to mitigate the cognitive (Stern, 2012) and psychological (Cosco et al., 2017) effects 

of physiological ageing and, most importantly, its accompanying circumstances such as social 

isolation and loneliness (Keller et al., 2022), which are often cited as major contributors to 

physical and mental changes during the pandemic (Sutton et al., 2022). The American Geriatrics 

Society suggested strategies that could promote healthy ageing in the COVID-19 era based on 

domains that consider health and the promotion of cognitive, physical, and socio-relational 

aspects (Batsis et al., 2021). 

As reported by WHO (2020), U3A identified as an informal learning program and activity 

worldwide (Sibai and Abi Chahine, 2019), and prior to the pandemic, showed a positive impact 

on the psychological well-being and quality of life of the elderly population. Indeed, U3A 

programs emphasized improvements in physical health status, emotional balance (e.g., 

decreases in depressive symptoms and negative affect), social support, and coping activities and 

strategies, thus increasing positive self-perception and sense of control as key effects for the 

decade of ageing (WHO, 2020). 

Importantly, our results highlight how cognitive functioning can be stimulated and even 

improved by appropriate interaction with a positive context during the pandemic, as experienced 

by U3A participants who continued to participate in their distance learning courses and shared 

common experiences via social media. Our study shows that older people can maintain their 

cognitive levels if they continue to engage in social and educational activities. Moreover, CR 

appears to play a protective role against the emotional dysregulation associated with the 

pandemic. 

We also observed across different time points stable mood scores on the BDI, MAS, and DIS 

scales, which measure depression, hypomania, and disinhibition, respectively. In contrast, 

pandemic-related effects appeared to be more associated with mood deflections measured by 

increased apathy (AES) and anxiety (HARS) during the pandemic. 

The results at the correlation matrix, regarding the relationship between neuropsychological 

follow-up data and emotional (dys)regulation during HRV recording, showed significant 

associations between the LF/HF ratio and both AES and ACE-R, but not with HARS, MoCA, or TT. 
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In particular, apathy was associated with greater emotional (dys)regulation, and ACE-R scores 

were related to an increase in the LF/HF ratio, while suggestive pandemic images were 

presented. Because apathy showed the greatest change across time points, it was selected as 

the dependent variable of a multiple regression model. On this basis, higher apathy was 

predicted by poorer global cognitive performance, increased anxiety, and emotional 

(dys)regulation as measured by a higher ratio of low to high frequencies of HRV. 

Thus, preserved global cognitive performance appears to play a protective role against the 

effects of pandemic- related anxiety and emotional dysregulation on apathy. 

These findings highlight the importance of CR in attenuating the negative associations between 

lowered mood and cognition (Opdebeeck et al., 2018) and their joint contribution to well-being, 

even in challenging situations such as a pandemic. 

 

3.6 Conclusion 

 

The growing concern triggered by a major health emergency such as the COVID-19 pandemic 

primarily affects the most vulnerable, for example, the older population with cognitive 

impairment. 

In contrast, our study shows for the first time in the literature how some healthy older subjects 

responded positively to the pandemic emergency despite some mood deflections, showing ’the 

bright side of the moon’ through our study. Therefore, the U3A model is a good way to promote 

active and healthy ageing, especially in the face of complex and negative events such as the 

COVID-19 pandemic, even taking into account demographic changes. In fact, by 2050, one in 

five people will be over 60 years old, which is a total of two billion people worldwide (WHO, 

2017). 

Thus, there is an urgent need to plan and implement evidence-based intervention strategies 

consistent with our study to promote healthy ageing that can overcome the adversity of potential 

future health emergencies. Therefore, U3A programs have the potential to accelerate impact by 

2023 on healthy ageing. 

Despite the small sample size, our findings are based on objective measures collected before 

and during the pandemic through in-depth neuropsychological assessments. This rare 

opportunity provided new insights into the maintenance of cognitive function and its protective 

role in relation to changes in mood and emotional (dys) regulation in socially active individuals 

of moderate to high socioeconomic status. 
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4. EXPLORING BIOMARKERS OF MENTAL FLEXIBILITY IN HEALTHY AGING: A COMPUTATIONAL 

PSYCHOMETRIC STUDY 

 

This chapter further examines the specific mechanisms of cognitive control in healthy older 

adults and extends previous findings on the protective role of cognitive reserve. This published 

computational psychometric study investigates mental flexibility, a core component of executive 

functions, and assesses its cognitive and affective dimensions. The integration of traditional 

neuropsychological assessments with continuous psychophysiological markers, such as heart 

rate variability and respiration during emotional stimulation, aims to identify the most sensitive 

and objective biomarkers of adaptive flexibility and successful ageing3. 
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4.1 Abstract 

 

Mental flexibility (MF) has long been defined as cognitive flexibility. Specifically, it has been 

mainly studied within the executive functions domain. However, there has recently been 

increased attention towards its affective and physiological aspects. As a result, MF has been 

described as an ecological and cross-subject skill consisting of responding variably and flexibly 

to environmental cognitive-affective demands. Cross-sectional studies have mainly focused on 

                                       
3 This chapter is based on the article by Borghesi et al. (2023) published in Sensors. My primary 
contributions to this work included reviewing and editing the manuscript. 
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samples composed of healthy individual and of patients with chronic conditions such as Mild 

Cognitive Impairment and Parkinson’s, emphasizing their behavioural rigidity. Our study is the 

first to consider a sample of healthy older subjects and to outline physiological and psychological 

markers typical of MF, to identify functional biomarkers associated with successful aging. Our 

results reveal that biomarkers (respiratory and heart rate variability assessments) distinguished 

between individuals high vs. low in MF more reliably than traditional neuropsychological tests. 

This unveiled the multifaceted nature of MF composed of both cognitive and affective aspects, 

which emerged only if non-linear multi-variate analytic approaches, such as Supervised Machine 

Learning, were used. 

Keywords: mental flexibility; psychometric model; affect dynamics; bio-markers; neuroscience. 

 

4.2 Introduction 

 

Aging is an inevitable and complex process that brings about a myriad of changes in both 

cognitive and emotional domains. While some individuals experience cognitive decline and 

emotional instability as they age, a growing body of evidence suggests that many older adults 

maintain remarkable cognitive and emotional health levels, often called successful aging 

(Estebsari et al., 2020). Understanding the factors that contribute to successful aging has 

become a focal point in gerontological research, as it not only enhances our knowledge of aging 

but also informs interventions to promote healthy aging outcomes. 

In recent years, researchers have focused on investigating the role of cognitive and affective 

flexibility in successful aging (Estebsari et al., 2020; Plys et al., 2023). Theoretically, these 

studies introduced flexibility as a unitary concept composed of both cognitive and affective 

components. However empirically, these studies did not test these components together in a 

sample of healthy elderly individuals. In fact, the only studies that analyzed and defined these 

components have focused on young, healthy subjects or individuals with already established 

neurological conditions such as Mild Cognitive Impairment, Parkinson’s, or Alzheimer’s disease 

(Audet and Lefebvre, 2017; Badre and Wagner, 2006; Cools et al., 2001; Dajani and Uddin, 

2015; Knížková et al., 2023; Miles et al., 2020; Müller et al., 2014; Hanes et al., 1995; Uddin, 

2021). Conversely, this study aims to experimentally investigate the biomarkers of cognitive-

affective flexibility in a sample of healthy elderly individuals. This exploratory study seeks to 

identify which bio-psycho components distinguish between healthy aging individuals with high 

vs. low levels of flexibility, to identify functional biomarkers associated with successful aging. 

First, Mental Flexibility (MF) is a concept everyone is familiar with but is difficult to define clearly 

and unambiguously. Similarly, also at the scientific level, a partial definition of its cognitive and 

affective components is usually provided rather than a general and comprehensive definition 

(Barbey et al., 2013; Chan et al., 2008; Dajani and Uddin, 2015; Grol and De Raedt, 2020; 

Ionescu, 2012; Malooly et al., 2013; Southwick and Charney, 2012; Uddin, 2021). The following 

are usually identified among MF’s components: Cognitive Flexibility (CF), Affective Flexibility 
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(AF), and its application in young and patient older adult sampling. 

CF is the ability to adjust goals and shift a course of thought or action according to the changing 

demands of the situation. It involves two central components of executive control: inhibition and 

set-shifting (Barbey et al., 2013; Baudier et al., 2023; Cognitive flexibility, 2011; Dajani and 

Uddin, 2015; Uddin, 2021). Inhibition is the ability to override prepotent responses and inhibit 

processing irrelevant material and goals. Set shifting is the ability to flexibly shift focus between 

goals or mental sets (Barulli et al., 2023; Kortte et al., 2002; Uddin, 2021).   

AF is defined as a subset of CF and it is expressed in terms of speed and correctness in 

discriminating between emotional stimuli (Grol and De Raedt, 2020; Malooly et al., 2013). In 

fact, it involves the specific ability to switch between emotion-focused and non-emotional 

cognitive sets. For example, reappraising an emotion-eliciting situation often requires the ability 

to change perspective and put the situation into a broader or different context to change the 

perceived importance of the situation. This involves focusing on emotionally neutral information 

within and outside of the situation (Genet and Siemer, 2011; Grol and De Raedt, 2020; Malooly 

et al., 2013). 

CF is conventionally measured by neuropsychological tests (e.g., Wisconsin Card Sorting Test or 

Trail Making Test) and self-report questionnaires, such as Cognitive Flexibility Inventory or 

Cognitive Flexibility Scale (Cañas et al., 2007; Dajani and Uddin, 2015). Neuropsychological 

tests assess CF in terms of attention, visual screening ability, and processing speed. In contrast, 

self-reports provide an ecological assessment of relational and communicative skills (Cañas et 

al., 2007; Dajani and Uddin, 2015; Howlett et al., 2023). Several recent studies have shown 

that, while they theoretically measured the same construct, the measures did not correlate 

significantly (Barulli et al., 2023; Chan et al., 2008; Dajani and Uddin, 2015; Howlett et al., 

2023; Miles et al., 2021). Most studies stem from a neuropsychology view and interpret AF as a 

CF property (Grol and De Raedt, 2020; Genet and Siemer, 2011; Malooly et al., 2013). AF is 

studied in terms of the task-switching paradigm. The affective task-switching paradigm required 

participants to shift between categorizing positive and negative affective pictures according to 

emotional or non-emotional features (Genet and Siemer, 2011; Grol and De Raedt, 2020; 

Malooly et al., 2013). Previous research (Grol and De Raedt, 2020) showed that greater AF (less 

switch costs) predicted the ability to use reappraisal to down-regulate emotions but was linked 

to a lower resting state Heart Rate Variability (HRV). This result is controversial since, usually, 

higher resting of HRV corresponds to high quality of life and high emotional regulation abilities 

(Nardelli et al., 2015; Rajendra Acharya et al., 2006). 

Previous studies first sought to explain considered CF only for executive functions, AF as a 

subcomponent, and considering only sampling of young adults or patients with chronic disease 

(Dajani and Uddin, 2015; Howlett et al., 2023; Kortte et al., 2002; Uddin, 2021). Those studies 

addressing CF measured shifting abilities in a clinical setting, poorly generalizable to flexible 

daily living skills, analyzed instead by self-reports. Furthermore, when AF is viewed as a 

subcomponent of CF, it loses some of its emotional and variable significance. This way, AF is 
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discretized and made stimulus-responsive, not illustrative of emotional variability. Finally, its 

various definitions and measurements have mainly been studied with young samples or chronic 

disease. 

Hence, our study is the first to consider MF in older healthy aging subjects, trying to outline its 

psycho-physiological components in a successful aging sample. At the cognitive and affective 

level, flexibility is the ability to act and change behaviour variably, adapting to the environment. 

This variability has been measured cognitively by neuropsychological tests and self-reports, and 

affectively measured by physiological signals during emotional imagery administration. The idea 

is to measure AF, expressed through continuous affective dynamics (Bo et al., 2022; Bosley et 

al. 2019; Cipresso et al., 2023; Hamaker et al., 2015; Valenza et al., 2011; Waugh and Kuppens, 

2021). Put differently, here, we measured the cognitive side of MF using conventional 

neuropsychological tests, and the affective dimension using psychophysiological signals. 

Considering flexibility in terms of cognitive-affective and physiological variability in a healthy 

aging population could allow us outlining the most accurate psycho-bio markers of flexibility and 

how they interact with other measurements of aging. 

 

4.3 Materials and methods 

 

4.3.1. Participants 

A group of 35 (27 women; 62–82 years) socially active older people from the University of the 

Third Age (U3A) in Turin (Italy) were recruited, and all agreed to participate.  

A priori power analysis was conducted using G*Power version 3.1.9.7 (Faul et al., 2007) to 

determine the minimum sample size required to test the study hypothesis, based on Fernandez-

Aguilar et al. (2020). Results indicated the required sample size to achieve 95% power for 

detecting a large effect, at a significance criterion of α = 0.05, was N = 26 for independent 

samples t-test (High Flex vs. Low Flex). Considering dropouts and recording issues with 

physiological signals, we recruited 35 participants. All 35 subjects were > 60 years old and, thus, 

can be classified as “older adults” according to World Health Organization (WHO, 2023). The 

study was conducted in accordance with the Declaration of Helsinki, having been approved by 

the Ethics Committee of the University of Turin (Prot. No. 10038 and 151786). 

 

4.3.2 Inclusion criteria 

All participants gave written informed consent before participating in the study. In particular, to 

be included in the study, participant criteria were: > 60 years old in order to be classified as 

“older adults” (WHO, 2023); no neurological or psychiatric disorders and, consequently, were 

not taking any psychotropic medications that could have affected their cognitive abilities or mood 

based on the Cumulative Illness Rating Scale (CIRS, Linn et al., 1968). None of the participants 

met Fried et al.’s inclusion criteria for frailty status (Fried et al., 2001), based on five parameters, 

weight loss, self-reported fatigue, decreased physical activity, grip strength, and walking speed. 
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The absence of all criteria characterized robust subjects, the presence of one or two described a 

prefrail status, and three or more represented a frail individual. Most participants were classified 

as “robust” and “prefrail” (65.71% and 34.29%, respectively). 

 

4.3.3 Procedure 

Participants in the study were enrolled in U3A educational modules, through convenience 

sampling. They were healthy elderly students who paid an annual membership fee. The main 

purpose of U3A regards informal programs to promote lifelong learning and pursuing personal 

interests and goals, a key element of healthy aging. Of 200 students, approximately 17% of the 

total sample, i.e., 35 socially active subjects who did not complain of subjective cognitive decline, 

were voluntarily recruited based on the inclusion criteria. The participants who met the 

experimental criteria for healthy aging were contacted through email and/or telephone to plan 

a meeting. Participants were requested to sit in front of a computer, and they were taught about 

the basic aims of the research and the techniques to be employed. It is a two-step study: a first 

phase of administration of a neuropsychological battery, to test CF, and a second phase of 

psychophysiological test, to test AF through administering emotional stimuli, depicting the initial 

and most stressful phase of the COVID-19 pandemic. 

 

First Phase: Assessing cognitive flexibility through neuropsychological tests  

Participants completed neuropsychological battery in 90 min. To avoid fatigue, the assessment 

was divided into two parts, lasting approximately 45 min, and held on two different days. The 

neuropsychological battery was composed of specific measures for CF and concurrent 

measurements, considered key for the definition of CF (Table 4.1), validated in Italian young 

and older healthy sampling (Badre and Wagner, 2006; Baudier et al., 2023; Ionescu, 2012). We 

assessed CF with neuropsychological tests, as executive function, and with self-report to test CF 

in everyday life settings. 

For neuropsychological tests we used the subscales of Memory (ACE-M), Visual spatial (ACE-

VS), Attention/Orientation (ACE-AO) of Addenbrooke’s Cognitive Examination – Revised version 

(ACE-R, Mioshi et al., 2006), Montreal Cognitive Assessment (MoCA, Conti et al., 2015) and Trail 

Making Task (TMT, Giovagnoli et al., 1996), as indicated in the literature (Cognitive flexibility, 

2011). ACE-R is a comprehensive neuropsychological test that evaluates various cognitive 

domains, including visuospatial abilities and memory functions. These cognitive domains are 

closely linked to CF through their impact on problem-solving and adaptive behaviors. The 

visuospatial and attention component of the ACE-R assess an individual’s capacity to perceive 

and process visual information, understand spatial relationships, and mentally manipulate 

objects in space. The memory component of the ACE-R evaluates an individual’s short-term and 

long-term memory abilities. Memory plays a crucial role in CF, allowing individuals to draw on 

past experiences, information, and learn strategies to adapt to new challenges. For example, 

recalling previous solutions or experiences and applying them in novel situations is essential for 
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flexible problem-solving. These abilities are interconnected with CF, as they underpin an 

individual’s capability to rotate objects mentally between different visual perspectives and adapt 

their spatial strategies to changing situations (Matias-Guiu, 2020). 

 

Table 4.1. Neuropsychological battery. 

 Construct Neuropsychological  

Measurements 

Acronym 

Flexibility 

Measures 

Cognitive 

Flexibility 

Trail Making Task TMT 

TMT – part A 

TMT – part B 

TMT B-A 

 Cognitive 

Flexibility 

Addenbrooke’s Cognitive Examination 

Revised version: 

Memory, Visual spatial,  

Attention/Orientation scale 

ACE-R 

ACE-M, 

ACE-VS, 

ACE-AO 

 Cognitive 

Flexibility 

Montreal Cognitive Assessment MoCA 

 Cognitive 

Flexibility 

Cognitive Flexibility Inventory CoFI 

Concurrent  

Measurements 

Decline  

cognitive 

Cumulative Illness Rating Scale:  

Comorbidity index and  

Severity index 

CIRS COM, CIRS SEV 

 Functional 

Abilities 

Cognitive Function  

Instrument: 

self-report, partner-report, self-partner 

CFI self, CFI partner, 

CFI self-partner 

Depression Beck Depression  

Inventory  

BDI 

Apathy Apathy Evaluation Scale AES 

Anxiety Hamilton Anxiety  

Rating Scale  

HARS 

 Emotion 

Regulation 

Emotion regulation  

Questionnaire: 

Re-appraisal 

Suppression 

ERQ R 

ERQ S 

 

MoCA is a widely used neuropsychological test designed to assess various cognitive domains, 

including CF. It is commonly employed as a screening tool to detect mild cognitive impairment 

and early signs of dementia. Within the MoCA, CF is evaluated through specific tasks that assess 

an individual’s ability to shift attention, mental set, and problem-solving strategies. For instance, 

the test may include tasks that require participants to switch between different cognitive rules 

or to alternate between different categories when performing verbal fluency exercises. 

Furthermore, the MoCA assesses working memory, another cognitive function closely related to 

CF. Working memory is essential for holding and manipulating information in mind, allowing 

individuals to adapt to new information and switch between tasks effectively (Santangelo et al., 

2014). 

TMT is a widely used neuropsychological assessment consisting of part A and part B. The test 

evaluates visual attention, processing speed, and cognitive shifting abilities as CF components. 

Part A primarily assesses visual attention and processing speed, as it requires tracking and 
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quickly connecting the numbers visually. Part B is a more complex task, where the individual is 

required to alternate between connecting numbers and letters in ascending order while switching 

between the two sets (1, A, 2, B, etc.). Both sections specifically target CF, as it demands the 

ability to shift attention, switch between mental sets, and adapt between two different 

sequences, as the participants must rapidly and accurately switch between numbers and letters 

while maintaining the correct sequence. The task challenges the individual to inhibit a prepotent 

response, continuing with numbers, and flexibly shift to a new set of stimuli, switching to letters 

(Kortte et al., 2002). 

As self-report measuring of CF, we used the validated Cognitive Flexibility Inventory (CoFI, 

Portoghese et al., 2020), measuring ecologically the ability to identify alternative solutions, 

generate several explanations, and perceive difficult conditions as controllable. The self-report 

inventory includes 19 items that assess an individual’s capacity to switch between different tasks, 

perspectives, or problem-solving approaches. Respondents are asked to rate their agreement or 

disagreement with each statement, providing insights into their cognitive adaptability and mental 

agility. The CoFI has been widely utilized in both research and clinical settings to understand the 

cognitive processes underlying adaptive behaviors and problem-solving skills (Dennis and Wal, 

2010; Johnco et al., 2014; Portoghese et al., 2020). Researchers often employ the CoFI to 

investigate the role of CF in various domains, such as academic performance, emotional 

regulation, and decision-making (Baudier et al., 2023; Godara et al., 2023; Harel et al., 2023; 

Howlett et al., 2022; Motevalli et al., 2023; Ram et al., 2019; Wu et al., 2020). Convergence 

measures of CF assessed different facets of cognitive and affect processing, already 

demonstrated to be significantly positively and inversely correlated with the construct of CF 

(Aldao et al., 2015; Cobos-Sánchez et al., 2020; Dajani and Uddin, 2015; Uddin, 2021). For 

affect processing Apathy Evaluation Scale (AES, Marin, 1996), Beck Depression Inventory (BDI, 

Wang and Gorenstein, 2013), Hamilton Anxiety Rating Scale (HARS, Hamilton, 1959), and 

Emotion Regulation Questionnaire (ERQ, Balzarotti et al., 2010) were administered. For cognitive 

processing, CIRS was used to assess medical history in terms of comorbidity and severity indexes 

(see Table 4.1), and a Cognitive Function Instrument (CFI) was used to assess subjective 

cognitive function measured by the subject and the partner (Chipi et al., 2018). 

 

Second Phase: Assessing affective flexibility through psychophysiological signals  

After being administered the neuropsychological assessments, participants were exposed to a 

set of selected emotional images depicting events related to the lockdown COVID-19 pandemic, 

to assess individual differences in AF (Amanzio et al., 2023). We randomly administered 75 

pictures featuring emotional content associated with the pandemic situation (Amanzio et al., 

2023). COVID-19-related images were selected to enhance their perceived personal relevance, 

thus potentially triggering a wider range of emotional responses, since the study was conducted 

between the first and second Italian lockdowns (late 2020 to early 2021). To explore the 
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variations in physiological arousal associated with the COVID-19 pandemic, we conducted a 

search on the “Google images” website (https://images.google.com) for pictures depicting the 

crucial period between the virus outbreak and the lockdown in Italy. We used the keyword 

“COVID” and initially obtained 124 images, which were then individually assessed by all authors 

to select those meeting specific inclusion criteria. The images should (i) include people of diverse 

ages, genders, and sociodemographic backgrounds; (ii) feature elements pertinent to the 

pandemic context, such as masks, gloves, and medical personnel; and (iii) represent typical 

COVID-19 everyday situations and hospital scenes. Then, (iv) images should depict at least two 

people interacting (“social” images). (v) To enhance familiarity and emotional relevance, the 

images should feature individuals with exclusively Caucasian facial features, matching the 

ethnicity of the study participants (“ethnicity”). Finally, to avoid duplicates, only unique images 

with distinct content, formats, and resolutions were included. This assessment lasted 45–60 min. 

During this exposure, their psychophysiological activity was recorded, as a measure of AF. The 

idea is that AF refers to an individual’s ability to adapt and regulate emotional responses in 

response to changing situations or emotional stimuli, closely related to physiological variability, 

which refers to the variation in physiological responses, such as heart rate, skin conductance, 

and facial expressions, in different emotional contexts. Individuals with higher AF tend to exhibit 

greater physiological variability, as they can effectively adjust their physiological responses 

based on the emotional demands of the situation (Gonzalez-Escamilla et al., 2022). 

First, the researcher applied the sensor electrodes for Blood Volume Pulse (BVP) and facial 

Electromyography (fEMG), zygomatic and supercilii corrugator activity were measured. Finally, 

Skin Conductance (SC) was recorded with two electrodes applied to annular and index fingers. 

All participants were right-handed (without a history of switching the dominant hand during their 

lifetimes). 

Then, a two-minute baseline session was conducted with all participants to establish a stable 

reference. The psychophysiological assessment began according with a specific trigger 

synchronized with experimental stimuli. 

Finally, the experimenter helped the participants remove all the electrodes and patches, 

following a debriefing phase. 

Using images to assess AF was already utilized in the literature (Genet and Siemer, 2011; Grol 

and De Raedt, 2020; Malooly et al., 2013). However, in our experiment, the variability associated 

with AF is measured in terms of psychophysiological reactions to different emotional stimuli, 

rather than in terms of speed and accuracy in discriminating between different emotional stimuli 

as in previous studies. 

 

4.3.4 Recording of psychophysiological signals 

The data on the autonomic nervous systems were collected by measuring physiological 

responses, i.e., BVP, Respiration (RSP), fEMG (zygomatic and corrugator), and Galvanic Skin 

Response (GSR). Nexus-4 acquired these responses. The responses were then processed with 
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custom software developed using MATLAB 9.13.0 (R2022b) (The Mathworks, Inc., Natick, MA, 

USA). Every channel was acquired synchronously at 2048 Hz and extracted at 256 Hz for the 

computation of indices. 

 

4.3.5 Psychophysiological signal processing 

Cardiovascular and respiratory activities were monitored to assess the voluntary and autonomic 

effects of breathing on heart rate. We examined the Inter-Beat Interval (IBI) from the BVP 

sensor, which is similar to the RR peaks interval from the electrocardiogram. 

IBI (following also RR) was converted into an estimate of heart rate (HR) and pulse (BVP) 

amplitude, which indicate the proportionate increase in blood volume. BVP heart rate readings 

were represented as HR mean (beats per minute) and RR mean (60,000/HR). To assess 

autonomic nervous system response, the Task Force of the European Society of Cardiology and 

the North American Society of Pacing and Electrophysiology (Task Force, 1996) recommends 

extracting typical temporal, spectral, and non-linear HRV indices (Shaffer and Ginsberg, 2017). 

Time-domain indices of HRV quantify the amount of variability in measurements of IBI, which is 

the period between successive heartbeats. As a temporal domain measure, we calculated 

standard deviation of normal-to-normal intervals (SDNN), minimum and maximum HR computed 

using N beat moving average (Max and Min HR), percentage of successive RR intervals that differ 

by more than 50 ms (pNN50), and the root mean square (RMS) of successive RR interval 

differences (RMSSD) using the BVP IBI. For the frequency domain, spectral analysis was 

performed using Fourier spectral methods. In particular, Standard HRV spectral-method indexes 

and similar indexes were used to evaluate the response of the autonomic nervous system. We 

calculated the magnitude of the peak frequency (also indicated as RR peak frequency) in the 

power spectrum. The rhythms were classified as very low frequency (VLF < 0.04 Hz), low-

frequency (LF, between 0.04 and 0.15 Hz), and high frequency (HF, from 0.15 to 0.5 Hz) 

oscillations. This procedure also allowed us to calculate the LF/HF ratio, a well-known 

sympathovagal balance index. Nonlinear domain allows quantification of the unpredictability of 

a time series, plotting every RR in a Poincaré plot. Poincaré plot analysis lets researchers visually 

explore hidden patterns in time series (a sequence of values from successive measurements). 

Poincaré plot analysis is insensitive to RR interval trends, unlike frequency domain observations. 

We considered that the standard deviation (hence SD) of the distance of each point from the y 

= x axis (SD1) specifies the ellipse’s width, and the standard deviation of each point from the y 

= x + average RR interval (SD2) specifies the ellipse’s length the ratio of SD1/SD2, which 

measures the unpredictability of the RR time series, used to measure autonomic balance 

(Brennan et al., 2001, 2002). 

The respiration signal was filtered to produce a smooth sinusoidal signal (Iqbal et al., 2022). The 

RSP period index represents the peak-to-peak time (maximum-to-maximum distance of the 

sinusoid), which allowed us to compute the RSP rate that corresponded to the breaths per 

minute. 
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SC or Skin Conductance Response (SCR) can be extracted from a GSR biosensor. Electrodermal 

activity is measured in conductance (microsiemens). SCR may be captured at 32 Hz without 

distortion because it is a slow physiological function. The mean of the sampled signal after 

artefact reduction was used to construct SC’s mean index (Sharma et al., 2023). 

The raw electromyography raw is a collection of positive and negative electrical signals; their 

frequency and amplitude give us information on the contraction or rest state of the muscle. RMS 

is generally considered for rectifying the raw signal and converting it to an amplitude envelope 

Jayendhra et al., 2021). We considered both corrugator electromyography (EMG1) and 

zygomatic electromyography (EMG2). 

 

4.3.6 Statistical analyses 

Analyses were performed using Jamovi Statistics software (version 2.2.5.0). Two normality tests 

(i.e., Kolmogorov–Smirnov and Shapiro–Wilk) were performed to determine whether the 

variables were normally distributed. Conditions (Low Flexibility-High Flexibility) were compared 

using independent t-tests. 

 

4.3.7 Computational analyses 

Computational analyses were carried out using Python 3.4 with the Orange 3.34 data mining 

suite (Demšar et al., 2013), which was available free in the open-source code 

(https://github.com/biolab/orange) and from which it is possible to see all the algorithms used 

in the article. In particular, cross-validation leave one out was performed using the following 

methods (Dennis and Vander Wal, 2010; Johnco et al., 2014), i.e., (1) Random Forest 

classification using an ensemble of decision trees; (2) Support Vector Machine (SVM) to map 

inputs to higher-dimensional feature spaces that best separate different classes; and (3) Naïve 

Bayes, a probabilistic classifier based on Bayes’ theorem and K-Nearest Neighbors (kNN) to 

predict according to the nearest training instances, with Euclidean metric and uniform weight. 

As stated before, all the algorithms used were available in the open-source code and 

documentation related to them can be found in the Scikit user guide, which provides a detailed 

explanation of all the algorithms used in the study, including rank calculation, classification tree, 

and learners (Pedregosa et al., 2011). 

 

4.4 Results 

 

In the first analysis, we used classical null hypothesis significance testing to test difference on 

Flexibility level (Low vs. High). In Tables 4.2 and 4.3, we reported descriptive of 

neuropsychological and physiological variables, divided in constructs and type measurements 

used. Independent t-tests were calculated to determine whether two conditions of Flexibility 

(Low Flexibility, High Flexibility) differed in term of psychophysiological variables. 
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Table 4.2. Neuropsychological measurements. 

Constructs Type Test Group N Mean SE SD 

Cognitive 

flexibility  

Neuropsychological 

test 

TMT –  

part A 

High Flex 15 38 3.2 12.4 

Low Flex 15 37.2 2.54 9.84 

TMT –  

part B 

High Flex 15 100.47 12.9 50 

Low Flex 15 89.8 5.11 19.8 

TMT B-A High Flex 15 62.6 10.5 40.5 

Low Flex 15 52.6 4.27 16.5 

ACE-R High Flex 15 94.73 0.54 2.09 

Low Flex 15 94.6 0.7 2.72 

ACE AO High Flex 15 17.67 0.21 0.82 

Low Flex 15 17.93 0.07 0.26 

ACE M High Flex 15 24.8 0.26 1.01 

Low Flex 15 24.67 0.39 1.5 

ACE VS High Flex 15 15.27 0.27 1.03 

Low Flex 15 14.8 0.22 0.86 

MoCA High Flex 15 26.4 0.68 2.64 

Low Flex 15 27 0.56 2.17 

Cognitive 

Function 

Self-report CFI self High Flex 15 2.57 0.45 1.74 

Low Flex 15 3.2 0.45 1.73 

CFI 

partner 

High Flex 15 1.37 0.26 1.03 

Low Flex 15 1.33 0.37 1.44 

CFI self-

partner 

High Flex 15 1.2 0.53 2.04 

Low Flex 15 1.87 0.47 1.84 

Cognitive 

decline 

Self-report CIRS sev High Flex 15 1.33 0.04 0.17 

Low Flex 15 1.36 0.03 0.14 

CIRS com High Flex 15 1.13 0.19 0.74 

Low Flex 15 1.47 0.22 0.83 

Affective Self-report BDI High Flex 15 6.33 1.63 6.31 

Low Flex 15 6.87 1.67 6.48 

HARS High Flex 15 7.6 1.37 5.3 

Low Flex 15 7.33 1.41 5.46 

ERQ R High Flex 15 32.07 1.36 5.28 

Low Flex 15 27.4 1.13 4.37 

ERQ S High Flex 15 17.47 1.04 4.02 

Low Flex 15 18 1.29 5.01 

 

The independent group was divided into two sub-groups a posteriori based on the median of 

CoFI. The use of median depends on the fact that we did not have a normative sample of elderly 

people. Independent t-tests showed no statistical significance, either for any of the 

neurophysiological measurements, or for neuropsychological battery, except for scale of Re-

Appraisal in ERQ (R ERQ) [t (28) = 2.64, p = 0.014, d = 0.97], and almost significant for LF/HF 

ratio FFT [t (25) = −1.78, p = 0.08, d = −0.69].  
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Table 4.3. Physiological Measurements. 

Physio Type Measurements Group N Mean SE SD 

Heart Rate 

Variability 

Temporal 

domain 

RMSSD (ms) High Flex 14 25.12 2.18 8.14 

Low Flex 13 37.70 15.91 57.37 

SDNN (ms) High Flex 14 24.01 2.18 8.16 

Low Flex 13 33.04 10.10 36.43 

Max HR (bpm) High Flex 14 83.62 2.04 7.62 

Low Flex 13 84.78 5.44 19.60 

NN50 (beats) High Flex 14 178.50 44.95 168.20 

Low Flex 13 293.00 153.65 553.98 

Frequency 

domain 

VLF pow FFT (ms2) High Flex 14 43.99 12.00 44.91 

Low Flex 13 70.89 24.12 86.98 

LF pow FFT (ms2) High Flex 14 305.53 66.88 250.22 

Low Flex 13 934.41 529.39 1908.74 

HF pow FFT (ms2) High Flex 14 222.51 59.00 220.76 

Low Flex 13 806.51 631.68 2277.57 

LF HF ratio FFT High Flex 14 1.48 0.13 0.49 

Low Flex 13 2.02 0.28 1.02 

Non linear SD1 (ms) High Flex 14 17.76 1.54 5.76 

Low Flex 13 26.66 11.25 40.58 

SD2 (ms) High Flex 14 28.76 2.83 10.58 

Low Flex 13 37.40 9.16 33.02 

SD2 SD1 ratio High Flex 14 1.65 0.10 0.36 

Low Flex 13 1.79 0.13 0.46 

Facial Electromyo-

graphy 

 mean EMG1/EMG2 High Flex 14 2.99 0.38 1.44 

Low Flex 14 3.15 0.39 1.46 

mean EMG2/EMG1 High Flex 14 1.58 0.90 3.39 

Low Flex 14 1.97 1.17 4.38 

StD EMG1/EMG2 High Flex 14 3.83 2.25 8.43 

Low Flex 14 9.07 6.17 23.08 

StD EMG2/EMG1 High Flex 14 19.81 14.76 55.23 

Low Flex 14 19.75 17.65 66.03 

RMS EMG1/EMG2 High Flex 14 5.50 2.17 8.12 

Low Flex 14 10.52 6.06 22.69 

RMS EMG2/EMG1 High Flex 14 20.08 14.77 55.25 

Low Flex 14 20.05 17.67 66.11 

Skin Conductance  Mean SC High Flex 13 2.38 1.37 0.38 

Low Flex 14 2.35 0.92 0.25 

StD SC High Flex 13 0.30 0.23 0.06 

Low Flex 14 0.29 0.13 0.04 

RMS SC High Flex 13 2.41 1.37 0.38 

Low Flex 14 2.37 0.92 0.25 

Respiration Rate  Mean RSP Rate High Flex 14 29.83 0.80 3.00 

Low Flex 14 31.85 1.64 6.14 

StD RSP Rate High Flex 14 10.52 0.44 1.66 

Low Flex 14 12.26 0.87 3.27 

RMS RSP Rate High Flex 14 31.68 0.76 2.84 

Low Flex 14 34.26 1.67 6.26 

 



85 
 

To collect more information regarding those findings, we conducted computational analyses on 

physiological and neuropsychological measures, using leave one out cross validation (for 

additional information about algorithms that were used for the Python computation (Demsae et 

al., 2013), Dichotomized CoFI self-report was used as predicted variable, divided in Low 

flexibility and High flexibility (Dennis and Wal, 2010; Portoghese et al., 2020). 

Neuropsychological measurements and physiological measurements were used as predictors. 

The first model took into consideration only neuropsychological measurements, based on 

neuropsychological measurements of CF and cognitive and affective concurrent variables. 

TMT, ACE-AO, ACE-M, ACE-VS, and MoCA are used for neuropsychological measures of Cognitive 

Flexibility. AES, BDI, HARS, and ERQ assessed affective concurrent variables. 

CIRS assessed cognitive decline, whereas CFI self-report and partner-report scale, measured 

cognitive functional abilities. The results were not satisfying. It showed a precision between 30% 

and 60% with most of the loss due to predicted High flex when actual was Low Flex, with an 

error ranging from 72%, as highlighted in the confusion matrices. ERQ-R is the first predictor in 

indices ranking (Figure 4.1). 

 

 

Figure 4.1. Ranking of neuropsychological measurement discriminating low vs. high mental flexibility. 

 

The second model considered all physiological measures, based on HRV, RSP Rate, fEMG, and 

SCR, with the indices ranked as showed in Figure 4.2 (Pedregosa et al., 2011). 
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Figure 4.2. Indexes ranking of all neurophysiological measurements. 

 

Hence, we selected the first 10 ranking measurements, testing abilities to discriminate between 

High flexibility and Low flexibility. The results showed a precision between 64% and 81% (Table 

4.4) with most of the loss due to predicted High Flexibility when actual was Low flexibility, with 

an error ranging from 20% to 30%, as highlighted in the confusion matrices. 

 

Table 4.4. A leave one out cross-validation: Four learning algorithms were compared, i.e., (1) 

kNN, (2) Support vector machine, (3) Random Forest, and (4) Naïve Bayes. 

Method  AUC CA F1 Precision Recall 

kNN 0.54 0.63 0.63 0.63 0.63 

Support Vector Machine  0.46 0.60 0.59 0.61 0.60 

Random Forest  0.68 0.60 0.60 0.60 0.60 

Naive Bayes  0.81 0.80 0.80 0.81 0.80 

Note. AUC, Area under the Receiver Operating Characteristic (ROC) curve. CA, Classification accuracy. 

AUC is the area under the classic receiver-operating curve. CA represents the proportion of the classified 

examples correctly. F1 represents the weighted harmonic average of the precision and recall (defined 

below). Precision represents a proportion of true positives among all the instances classified as positive. In 

our case, the proportion of a condition was identified correctly. Recall represents the proportion of true 

positives among the positive instances in our data. 
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In ranking the 10 measurements, cardiac indices predominated (i.e., LF, HF, VLF, LF/HF ratio, 

NN50, and Max HR), followed by two measurements of breathing (mean and RMS respiration 

rate) and one of facial electromyography (RMS EMG2/EMG1). 

Interestingly high levels of sympathetic activation were found in subjects with low flexibility, as 

evidenced in linear analysis (Figure 4.3). 

 

 

Figure 4.3. Low flexibility/High flexibility (LF/HF) ratio and LF power between High Flexibility and Low 

Flexibility. 

 

Based on the classification tree and ranking, we tested a third model with only RMS of RSP rate 

and Max HR (Figure 4.4).  

 

 

Figure 4.4. Scatterplot between High and Low Flexibility for Max Heart Rate (HR) and Root Mean Square 

respiration rate (RMS RSP). External part shows low flexibility level vs Internal part shows high flexibility 

level. 

 

The results significantly improved and become excellent. The results showed a precision between 

60% and 90% (Table 4.5) with most of the loss due to predicted High Flexibility when actual 

was Low flexibility, with an error ranging from 10% to 20%, as highlighted in the confusion 

matrices (Figure 4.5). 
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Table 4.5. A leave one out cross-validation: Four learning algorithms were compared, i.e., (1) 

kNN, (2) Support vector machine, (3) Random Forest, and (4) Naïve Bayes. 

Method AUC CA F1 Precision Recall 

kNN 0.68 0.67 0.64 0.73 0.67 

Support Vector Machine   0.77 0.77 0.76 0.80 0.77 

Random Forest  0.89 0.87 0.87 0.87 0.87 

Naive Bayes  0.88 0.83 0.83 0.83 0.83 

 

 

 
Figure 4.5. Confusion matrix for the four classification methods of two models: 10 vs. 2 physiological 

measurements. The diagonal values represent the correct proportion predicted, while off-diagonal elements 

are those that are mislabelled by the classifier. 

 

The high discriminative abilities of RMS respiration rate and Max HR are also shown through the 

Decision tree, a simple algorithm that splits the data into nodes by class purity (information gain 

for categorical and regression metric for numeric target variable). It is a precursor to the Random 

Forest algorithm (Figure 4.6). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.6. Decision tree for discrimination between Low and High Flexibility. Small circles indicate the 

ratio of classifications reported inside the rectangle in terms of percentage of correctness in recognizing 

the specific characteristics. Different colours indicate classification as one of the two groups: light blue for 

High flexibility subjects, dark blue for Low flexibility subjects. 
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Figure 4.6 shows that those with an RMS RSP Rate greater than 35 in 100% of cases are 

inflexible. Those with smaller RMS Respiration rate values are 100% flexible if they also have 

values lower than 93 in Max HR. 

 

4.5 Discussion 

 

MF is a complex construct that is still difficult to define today. Generally, it is defined as the 

subject’s ability to act, react, and think variably. In previous studies, two cognitive and affective 

components have been outlined and analyzed as part of executive functions, with young adults 

or patients. 

In this study, a healthy aging sample was involved, and both the cognitive and affective 

components have been jointly measured by integrating conventional neuropsychological tests 

(usually addressing the cognitive dimension) with continuous psychophysiological signals (used 

to measure the affective dimension). The aim was to outline the bio-psychological markers of 

MF especially in healthy aging. To this end, we considered an extensive battery in assessing CF: 

from neuropsychological tests to self-reports, with affective-cognitive measures as measures of 

convergent validity. Instead, for measures of AF, we considered psychophysiological signals 

measured during the administration of emotional imagery. This is the first time in which a direct 

and continuous methodology of assessment of AF, intended as physiological variability, was 

implemented (Grant and Cassidy, 2021; Uddin, 2021). 

Our first linear model showed that neither classical neuropsychological tests (TMT, MoCA, or 

ACE-R) or physiological measuring (BVP, fEMG, GSR, or RSP) nor concurrent measures (BDI, 

AES, CFI, or CIRS) significantly discriminated individual subcomponents between flex vs. low in 

MF, except for ERQ Re-appraisal. As a between-grouping variable, we considered CoFI scores as 

a more ecological measure than classical neuropsychological tests, dividing the sample into high 

and low flexibility. This division allowed us to examine associations with the psychophysiological 

measures collected. 

Results from the neuropsychological tests were consistent with previous studies that showed no 

significant correlations between neuropsychological measures and self-reports, measuring CF 

(Howlett et al., 2022, 2023). Although formally afferent to the same construct of CF, the 

measures appear to measure different underlying abilities. The CF investigated by 

neuropsychological tests is related to tasks on executive functions, while CF related to self-

reports to everyday life situations (Baudier et al., 2023; Cheng et al., 2001; Howlett et al., 2023; 

Miles et al., 2021; Tong et al., 2023). It is probable that neuropsychological tests provide a 

direct and controlled measure of CF based on participants’ performance in structured cognitive 

tasks, but are poorly-generalizable to real-life situations. 

Only the Re-appraisal subscale of the Emotion Regulation Questionnaire had significant 

differences in Low and High Flexibility: subjects with high flexibility had high levels of Re-

appraisal abilities. This result is consistent with the literature (Aldao et al., 2015; English and 
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Eldesouky, 2020; Gonzalez-Escamilla et al., 2022; Goubet and Chrysikou, 2019; Malooly et al., 

2013; Sheppes and Gross, 2011; Specker and Nickerson, 2023; Ullah et al., 2021). 

Emotional regulation, particularly in the form of reappraisal, plays a significant role in MF. Re-

appraisal is a cognitive emotion regulation strategy that involves reinterpreting the meaning of 

emotional situations to modify one’s emotional response. It allows individuals to adaptively 

regulate their emotions and flexibly shift their cognitive perspective when confronted with 

emotionally challenging situations (Aldao et al., 2015; English and Eldesouky, 2020; Gonzalez-

Escamilla et al., 2022). 

Among cardiac, electromyographic, galvanic, and respiratory physiological signals, there is no 

obvious significance, but some evidence for spectral indices (LF/HF ratio). The LF/HF ratio 

measures the autonomic nervous system (ANS) activity derived from HRV analysis. The ANS has 

two main branches: the sympathetic nervous system and the parasympathetic nervous system. 

The LF/HF ratio reflects the balance between sympathetic and parasympathetic activities. 

Individuals with lower MF exhibited higher LF/HF ratio, indicating a higher sympathetic 

dominance in their autonomic nervous system. The connection between MF and LF/HF ratio 

suggests that the ability to adapt and shift cognitive strategies is linked to autonomic nervous 

system regulation. Higher MF may be associated with a more efficient and adaptive response to 

stress, promoting better emotional regulation and overall well-being. This finding, also confirmed 

by nonlinear analyses later, is novel compared with all other studies on AF: no previous study 

had considered long-term cardiac indices such as spectral ones. 

To highlight the significant evidence uncovered by the linear model, we employed multilayer 

non-linear models, such as supervised Machine Learning (ML). As suggested by Uddin et al. 

(2021), the rationale behind this decision is that the neuropsychological and physiological 

components of flexibility may have complex interactions, and these interactions can be better 

explored through a comprehensive and multivariate approach such as ML (Miles et al., 2020). 

Traditional linear models may struggle to capture such complex relationships and might overcall 

nonlinear associations. It can identify nonlinear and interactive effects, providing a more 

nuanced understanding of how cognitive and affective processes jointly influence flexibility. This 

flexibility in model representation is precious in the context of complex human behaviour, where 

linear assumptions may not fully capture the intricacies of cognitive and affective interactions. 

Additionally, ML offers predictive capabilities, enabling us to develop models that can accurately 

classify individuals based on their flexibility profiles. This predictive power can be precise in 

clinical settings, where identifying individuals at risk for cognitive or affective impairments could 

facilitate early intervention and personalized treatment plans (Orrù et al., 2020). 

Hence, the second model proposed a non-linear approach, with supervised ML, including all 

neuropsychological measurements (those specific to CF and all measures of affective and 

cognitive convergence). The ML model replicates the considerable ERQ difference: the model 

included complete neuropsychology testing and ERQ ranked first. Only three of the top 10 

ranking indices directly evaluate CF (TMT B-A, MoCA, and ACE VS); the rest are concurrent 
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measures of affective states (AES, BDI, and HARS), cognitive impairment (CIRS), and global 

cognitive performance (CFI self). In our hypothesis, these results could depend on the nature of 

the predicted variable, a self-reported measure of CF (CFI). In fact, the literature shows that 

these self-report questionnaires measure the ability to adapt flexibly by asking the subject to 

imitate everyday life situations (Howlett et al., 2022, 2023). The CFI would represent a more 

ecological measure of flexibility, managing to integrate affective elements, such as Emotion 

Regulation, and more cognitive elements, such as executive functions. Regardless, the model’s 

discriminative capabilities remained limited and uninformative. 

This, however, cannot be stated for physiological measurements. We implemented a third ML 

model, which considers all the physiological indices extracted from fEMG, BVP, RSP, and SCR as 

predictors. It has discrete discriminative capabilities, and the model clearly improved by picking 

only the first 10 indices. 

Prominent among the findings are primarily cardiac indices, i.e., temporal ones (Max HR and 

NN50), as indicated by the literature (Grol and De Raedt, 2020) and spectral ones (LF, LF/HF 

ratio, and VLF), as anticipated by the linear analysis. Overall, the ML model confirms the limited 

evidence from the linear model: subjects with low MF appear to have higher sympathetic nervous 

system activation in response to emotional stimuli, confirmed by significantly higher maximum 

heart rate (Max HR). They seem more reactive to emotional stimuli, maintaining higher levels of 

sympathetic activation throughout the experiment, likely linked to emotional dysregulation, as 

suggested by significantly lower levels of Reappraisal (Baevsky and Chernikova, 2017; Berntson 

et al., 1997; Cipresso et al. 2021; Rajendra Acharya et al., 2006; Shaffer and Ginsberg, 2017; 

Task Force, 1996). 

In terms of flexibility, RMS values also are novel findings. The RMS is commonly used as a 

substitute for standard deviation when the input signal has a zero mean, referring to the square 

root of the mean squared departure of a signal from a baseline or fit. RMS implies a standard 

deviation or variability in the signal, which fits nicely with the concept of flexibility defined in 

terms of adaptive variability. This variability was described in terms of electromyographic (RMS 

EMG2/EMG1) and respiratory rate (RMS RSP). Electromyographic activation is closely related to 

the valence of the emotional images seen. In particular, the ratio of EMG2/EMG1 expresses 

greater activation for zygomatic facial motion than for corrugator facial motion. Greater 

variability in activation of the two facial movements could aid in discriminating between High 

and Low Flexibility. 

RSP rate, expressed both as mean and RMS, is one of the most important indices in the ranking. 

The last ML model only considers the top two of ten ranking indicators (Max HR and RMS RSP), 

and it has the highest discriminatory ability between high and low flexibility. Max HR [beats/min] 

and RMS respiration rate shed light on how physiological parameters could interact and 

discriminate between High and Low Flexibility: the variability of those with lower levels of 

flexibility is connected to the presence of polarization at the upper and lower extremes, as the 

decision tree and scatterplot show (Figures 4.5 and 4.6). On the other hand, those with high 
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flexibility have scores that are distributed evenly on average. Those with low CF have extreme 

values in the high and low ranges, deceptively creating greater data dispersion. This may help 

to explain earlier research results showing higher cardiac variability in people with lower CF. As 

the scores of persons with low Flexibility are bipolar at the extremes, short-term markers such 

as Max HR and RMSSD will likely show variability. On the other hand, spectral indices are less 

impacted because they steal more time. 

In conclusion, our findings suggest that physiological measures demonstrate superior 

discriminative capabilities between high and low flexibility compared to neuropsychological tests, 

highlighting the importance of considering comprehensive bio-physiological markers to 

understand better the complexities of flexibility in the context of cognitive and affective 

processes. 

One possible explanation for the superior discriminative capabilities of physiological measures is 

their ability to capture real-time responses to emotional and cognitive stimuli. 

Physiological indices, such as HRV and electromyographic activation, directly reflect the 

autonomic nervous system’s dynamic changes in response to emotional experiences and 

cognitive demands. In contrast, traditional neuropsychological tests primarily assess cognitive 

abilities in controlled settings, which may only partially capture the complex and adaptive nature 

of flexibility in real-life scenarios. Moreover, physiological measures offer a more holistic 

representation of an individual’s emotional and cognitive reactivity, as they integrate both 

cognitive and affective aspects of flexibility. For instance, HRV can reflect the interplay between 

cognitive appraisal and emotional regulation during adaptive responses to challenges. This 

comprehensive approach allows physiological measures to capture the interwoven complexities 

of flexibility, providing a more accurate and nuanced depiction of an individual’s flexibility profile. 

Furthermore, physiological measures offer the advantage of being less susceptible to conscious 

control or cognitive biases that can influence self-report measures used in traditional 

neuropsychological assessments. As a result, physiological indices may provide a more objective 

and reliable assessment of an individual’s cognitive-affective responses, enhancing their capacity 

to distinguish between high and low flexibility. 

Despite the enhanced discriminative capabilities of physiological measures, it remains crucial to 

consider and integrate both physiological and neuropsychological assessments in the 

comprehensive evaluation of flexibility, as they collectively provide a more comprehensive and 

multidimensional understanding of the cognitive-affective aspects underlying this complex 

construct. 

We hypothesize that considering the numerous behavioural and physiological markers in a 

complex non-linear model has allowed relationships that otherwise would not have occurred. 

 

4.6 Conclusion 

 

MF, with its cognitive-affective and physiological biomarkers, is a complex and multifaceted 
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construct. Studying its components in healthy aging enables a better understanding of how they 

work and interact, as a signal of successful aging (Amanzio et al., 2023). 

Our findings highlight how just two physiological parameters, cardiac variability (Max HR) and 

RMS Respiration Rate, can discriminate between high and low flexibility. 

In general, physiological measurements are more discriminating and predictive than the 

neuropsychological test batteries usually used. AF, on the other hand, measured continuously 

through physiological measures taken during stimulus display, is a sound methodology of 

analysis that captures the full range of changes in behavioural-physiological typical of flexibility. 

This study shows that nonlinear multivariate models can disclose the complicated relationship 

between cognitive and emotional flexibility and physiological data. Future studies could use 

Virtual Reality (VR) or 360° videos to test cognitive and AF jointly (Borghesi et al., 2022). Both 

could allow ecological flexibility studies by placing participants in real-life scenarios where they 

must make behavioural, relational, and decision-making judgments. VR or 360° environments 

can elicit cognitive and affective responses, providing valuable insights into how individuals adapt 

and shift cognitive strategies in dynamic and complex ecological settings, which are similar to 

the equivalent real ones. Furthermore, they enable controlled manipulation of stimuli and 

scenarios, facilitating systematic investigations of flexibility under various conditions. One 

potential concern about VR is the cyber sickness or discomfort experienced by participants, which 

may impact cognitive performance and emotional responses. Instead, for 360° videos the quality 

and realism of the videos vary, potentially impacting participant engagement and response 

validity. Using either tool depends on the choice of scenarios, whether the participant can 

interact or only observe, budget considerations, and the desired level of realism to be achieved. 

Finally, both would enable us to investigate flexibility in its two components continuously 

integrate rather than splitting them into mechanisms or sub-mechanisms. 

 

4.7 Limitations 

 

The study investigated biopsychological markers of cognitive-affective flexibility in healthy aging 

using a sample of 35 participants aged 62–82 years, with a gender imbalance, as approximately 

77% were female. However, this gender unbalance reflects the national demographic trend of 

healthy ageing population, showing a higher number of females than males (the percentage of 

female vs. male is 63% to 37%). One potential limitation could be gender distribution, which 

may impact the generalizability of the findings. A more balanced sample should be considered 

in further studies. Another limitation was the absence of a control group, such as socially inactive 

individuals or those with neurological conditions, to compare flexibility biomarkers between 

different populations. Therefore, future studies could consider this group comparison. However, 

our study minimizes this lack, with more than 100 variables per subject, including 

neuropsychological tests and physiological measures, ensuring high representativeness of 

intrasubject and between-subject variability. Although the cross-sectional design provided a 
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snapshot of flexibility at a specific time, a longitudinal approach could be beneficial for 

understanding its developmental trajectory. Therefore, a further step could take into 

consideration longitudinal analysis on the same healthy elderly group, to trace flexibility changes 

(neuropsychological and physiological) over the time. Additionally, the study adopted COVID-

related images as emotional stimuli, which are very specific to the period in which the study was 

conducted; thus, this study could be replicated with images reporting a broader range of 

emotional contents. Despite these limitations, the study offered key and novel insights into 

cognitive-affective flexibility in healthy aging and suggested directions for future investigations. 
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5. A UNIQUE NEUROPSYCHOPHYSIOLOGICAL APPROACH TO OBJECTIFY EMOTION (DYS)REGULATION IN 

HEALTHY OLDER ADULTS DURING THE COVID-19 PANDEMIC 

 

The relationship between emotional dysregulation and cognitive health in older adults is the 

central focus of this chapter. This published study adopts an interdisciplinary approach, 

integrating multidimensional neuropsychological assessments with facial electromyography to 

provide an objective measure of emotional dysregulation during the COVID-19 pandemic. 

Analysis of the interplay between zygomaticus and corrugator reactivity and multidimensional 

neuropsychological data clarifies the interaction between top-down executive control and 

bottom-up affective strategies in the older population4. 
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5.1 Abstract 

 

The response of older people to the COVID-19 pandemic has attracted much attention as they 

are at increased risk of adverse outcomes. A longitudinal study has shown that improvement in 

global cognitive, executive and language functioning in healthy older adults enrolled at the 

University of the Third Age appears to play a protective role against emotional dysregulation and 

mood changes during the pandemic. To date, no study has examined emotional dysregulation 

                                       
4 This chapter is based on the article by Amanzio et al. (2023b) published in Scientific Reports. My primary 

contributions to this work included drafting the manuscript, creating tables and infographics, interpreting 
the data, and critically revising the manuscript for important intellectual content. 
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through COVID-19-related images using facial electromyographic recordings in healthy older 

adults. Therefore, we aimed to analyse the relationships between zygomaticus and corrugator 

reactivity, neuropsychological measures, and the affective dimensions of arousal, dominance, 

and valence. The results showed an unexpected association between higher zygomaticus activity 

and higher levels of apathy, depression, and anxiety. In contrast, increased contracture of the 

corrugator was associated with poorer performance on cognitive tests (global cognition, 

memory, executive functions) and physical status, i.e., walking speed. These results are 

consistent with the reappraisal of emotional stimuli in response to the challenges of the 

pandemic. Interestingly, COVID-19-related stimuli triggered the activation of bottom-up 

affectivity strategies associated with higher mood levels and interacted with top-down factors 

that play an important role in the dysregulation of cognitive control. 

 

5.2 Introduction 

 

The study of healthy older adults represents a valuable opportunity to objectify the determinants 

of early mild changes by examining their responses during the COVID-19 pandemic, which may 

be crucial for planning interventions in future health emergencies.  

To date, few studies have used a longitudinal approach to examine healthy older people by 

comparing data before and during the pandemic (Amanzio et al., 2021, 2023; Bartoli et al., 

2021).  

The first study showed how mood swings, executive attention and physical condition played an 

important role during the COVID-19 pandemic. In particular, lockdown fatigue triggered by the 

restrictive COVID-19 measures was associated with higher depression scores and reduced 

attentional processing and walking speed (Amanzio et al., 2021).  

Furthermore, fear of SARS-CoV-2 infection could be an additional source of concern for this 

population, increasing anxiety and thus affecting quality of life (Golden et al., 2011). Notably, 

longitudinal data have indeed shown that the perceived threat of SARS-CoV-2 infection was 

predicted by physical, cognitive and mood-related baseline factors, specifically a combination of 

pre-frailty status, language comprehension performance and slower information processing, and 

anxiety (Bartoli et al., 2021). 

Nevertheless, a recent study reported the positive responses of older adults to such a negative 

scenario, in terms of comparable cognitive performance (e.g., memory and attention) and 

physical condition before and after the pandemic (Amanzio et al., 2023). Surprisingly, 

participants who attended courses at the University of the Third Age (U3A) even showed an 

improvement in global cognitive, executive and language performance. However, a change in 

mood was observed after the lockdown, especially in terms of apathy and anxiety. To investigate 

emotional dysregulation, participants’ heart rate variability (HRV) was recorded while they were 

shown pandemic-related images. The results suggested that preserved global cognition played 

a protective role against the negative effects of the pandemic on mood and emotional 
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(dys)regulation (Amanzio et al., 2023). 

To further uncover the reactions of older people during the pandemic, and in particular the 

relationship between cognitive function, mood, physical state and emotional (dys)regulation, we 

used a novel interdisciplinary approach. Namely, we combined neuropsychological data with 

facial muscle reactivity through electromyographic recordings (fEMG) during the presentation of 

images associated with the early - and most stressful - phase of the pandemic, which is strategic 

given the ongoing impact. fEMG represents an interesting way to better understand and objectify 

the emotional impact of the pandemic on healthy older adults who have experienced this 

stressful event. It is non-invasive, and yet sensitive to transient and subtle changes in facial 

muscle reactivity in an ongoing emotional process when visual observation is unavailable or 

unclear (Neta et al., 2009; Tassinary et al., 2007). In other words, the fEMG is a useful tool to 

infer a person’s affective state and mood (Cacioppo and Petty, 1981; van Boxtel, 2010). It has 

been widely used to study emotional responses elicited by affective visual stimuli (e.g., Bradley 

et al., 1996; Lang et al., 1993; Larsen et al., 2003; Neta et al., 2009), especially based on the 

three-dimensional model of emotion (pleasure, arousal, dominance), which provides useful 

descriptions of emotional states (Mehrabian, 1995). In particular, the reactivity of the corrugator 

supercilii and zygomaticus major has previously been associated with the expression of negative 

and positive emotions, respectively (Lang et al., 1998), and with consistent subjective emotional 

experience (Tan et al., 2012). Corrugator and zygomaticus contractures are able to effectively 

discriminate between arousal (intensity) and valence (pleasure) of an emotional state (Cacioppo 

et al., 1986) and with the implicit processing of negative and positive emotions, i.e. the 

reappraisal associated with frowning and smiling, respectively (Carr et al., 2014). 

On this basis, 35 healthy and socially active older adults underwent a thorough 

neuropsychological assessment approximately 20 months after the outbreak of the pandemic to 

collect data on (1) global cognition, memory, language, executive and attentional functions, (2) 

mood, and (3) physical condition. During the same period, we assessed the degree of their 

emotional (dys)regulation during the presentation of COVID-19-related images using fEMG 

reactivity and the Self-Assessment Manikin (SAM) metric (Bradley and Lang, 1994). 

We therefore examined the correlation between the neuropsychological measures, the fEMG data 

and the affective dimensions of arousal, dominance and valence using SAM. 

Considering that emotional self-regulation is crucial for well-being during stressful events 

(Flores-Kanter et al., 2021) and that fEMG can be intentionally modulated to serve emotion 

regulation (Smith et al., 2005), we hypothesized that a pattern of facial reactivity will be useful 

to objectify the dysregulation of cognitive control, namely reappraisal in the face of the 

pandemic. The expected results may reveal strategies for processing emotional stimuli with 

higher demands on cognitive emotion regulation, where neuropsychological factors such as 

executive functions, memory and mood changes should play an important role in the 

dysregulation of cognitive control. 
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5.3 Methods 

 

5.3.1 Participants 

Older adults attending courses on the neuropsychology of healthy and active aging at the U3A 

in Turin (N = 200) were proposed for participation in the study. 

The minimum sample size, approximately 20% of the total sample, i.e., 35 socially active 

subjects who did not complain of SCD, were recruited voluntarily, according to the inclusion 

criteria and the results of an a priori power analysis performed with G*Power (Faul et al., 2007), 

based on the effect size of a previous study (Pedder et al., 2016). Specifically, Pedder et al. 

analyzed facial reactivity in 35 older adults and reported significant zygomaticus (p < 0.001, 

Cohen’s d = 1.26) and corrugator (p < 0.001, Cohen’s d = 1.33) activity during passive viewing 

of images with positive or negative valence (Pedder et al., 2016). The power analysis yielded a 

minimum sample size of 26 and 24 participants to detect significant zygomaticus and corrugator 

reactivity, respectively, with α = 0.001 and power (1−β) = 0.99. 

From June to December 2021 (i.e., 15–21 months after the outbreak of the pandemic), these 

subjects (27 women; 62–82 years) agreed to undergo an in-depth neuropsychological 

examination to assess their cognitive functioning, mood, and physical health. 

Participants also took part in a psychophysiological examination to assess emotional reactivity 

to images related to the COVID-19 pandemic. 

Subjects were excluded if they: were < 60 years old and thus could not be categorized as “older 

adults” according to World Health Organization (WHO, 2023); complained of cognitive decline 

(Jessen et al., 2020); had neurological or psychiatric conditions (Cumulative Illness Rating Scale, 

CIRS, Linn et al., 1968). Informed consent was obtained for all subjects to participate in the 

study. The experiment was designed and conducted in accordance with the ethical guidelines of 

the University of Turin and was approved by the Ethics Committee (Prot. No. 151786). 

 

5.3.2 Multidimensional neuropsychological battery 

The multidimensional neuropsychological battery assessed cognitive performance, mood, and 

physical and health status. To avoid fatigue, the neuropsychological test was divided into two 

sections, each lasting around 45 min and conducted on the same day. 

 

Socio-demographic characteristics and cognitive domain 

We assessed participants’ socioeconomic status (SES) using the four-factor index of social status 

(Hollingshead, 1975, 2011), i.e., the Hollingshead Index (HI), which combines educational level, 

gender, occupation, and marital status to determine the social status of individuals or families. 

The possible presence of subjective cognitive decline (SCD) was assessed using the Jessen 

criteria (2020) and the Cognitive Function Instrument (CFI, Chipi et al., 2018), which includes 

both self and partner reports to provide a more accurate measure. Global cognition was assessed 

using the Addenbrooke’s Cognitive Examination - Revised Version (ACE-R, Mioshi et al., 2006), 
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which also includes the Mini Mental State Examination (MMSE, Folstein et al., 1975) score. 

Executive function was assessed using the Montreal Cognitive Assessment (MoCA, Conti et al., 

2015) and Trail Making Test (TMT) - parts A and B (Giovagnoli et al., 1996). The TMT - part A 

was used to assess information processing speed (i.e., psychomotor speed). Speech 

comprehension was assessed with the Token Test (TT, De Renzi and Vignolo, 1962), while 

immediate and delayed recall were analyzed with Rey Memory Test (RMT, Spinnler and Tognoni, 

1987). 

 

Mood domain 

The mood domain was assessed using the following scales: The Apathy Rating Scale (AES, Marin, 

1996), the Beck Depression Inventory (BDI, Beck et al., 1988), and the Hamilton Rating Scale 

for Anxiety (HARS, Hamilton, 1959), to objectify apathy, depression, and anxiety, respectively. 

 

Physical and health status domain 

We used the phenotypic frailty model (Fried et al., 2001) to assess physical and health status. 

Five criteria were considered: a) weight loss, b) grip strength, c) self-reported fatigue, d) 

decreased walking speed, and e) decreased physical activity. Based on the presence of the five 

criteria, participants could be categorized as robust (none), pre-frail (1 or 2), or frail (3 or more). 

Information on clinical history, symptoms, current illnesses, and pharmacotherapy was collected 

using CIRS. Specifically, we reported the mean and standard deviation of the CIRS-severity and 

comorbidity indices. Participants were asked about their health status, in particular (a) whether 

they had been vaccinated against SARS-CoV-2 (and how many doses had been administered) 

and (b) whether they had previously reported an infection with SARS-CoV-2. 

 

5.3.3 Psychophysiological evaluation 

The participants were welcomed and introduced to the experiment. They were then asked to sit 

in a comfort- able chair in the observation laboratory of the Department of Psychology. During 

the experiment, they were instructed to focus on images randomly presented on a 17.3-inch 

monitor that reminded them of the most critical phase of the pandemic. They were also 

instructed to rate their emotional state using the SAM (Bradley and Lang, 1994), as 

recommended by Lang et al. (2008), after each image was shown. The psychophysiological 

assessment was conducted a few days after the neuropsychological assessment and lasted 

between 45 and 60 min. 

The images of the COVID-19 pandemic, ranging from daily life to hospital contexts, were 

previously selected by our group and recently used by to assess HRV as an indicator of emotional 

(dys)regulation in terms of dynamic changes in the autonomic nervous system (Amanzio et al., 

2023). Specifically, 124 images related to the COVID-19 pandemic were selected via the website 

“Google images” (https://images.google.com/, accessed July 1, 2022) using the keyword 

“COVID”. 

https://images.google.com/
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To select the images that met certain inclusion criteria, they were evaluated individually by all 

authors. The images should (i) show people of different ages, genders, and socio-demographic 

backgrounds; (ii) have elements relevant to the pandemic context such as masks, gloves, and 

medical staff; (iii) depict typical COVID-19 everyday situations and hospital contexts; (iv) show 

at least two people interacting (“social” images); and (v) show people with exclusively Caucasian 

facial features (“ethnicity”) to increase the familiarity of the participants. To avoid overlap, only 

unique images with different content, formats, and resolutions were considered. Disagreements 

that arose at this stage were resolved through discussion between all authors. Cohen’s K was 

used to assess the level of agreement according to the predefined eligibility criteria: % 

agreement 100; Cohen’s K:1. 

At the end of the assessment phase, 75 images met the inclusion criteria. As the study was 

conducted between the first and second Italian lockdown (late 2020 to early 2021), images 

related to COVID-19 were selected to increase the perceived personal and emotional relevance 

and thus potentially elicit a wider range of emotional responses. 

Each image was rated by the participants according to affective dimensions using SAM, an 

instrument commonly used in psychological research to measure emotional reactions and 

subjective feelings (Bradley and Lang, 1994). SAM consists of a series of three drawings of 

human figures, i.e., manikins, each representing a specific emotional state (dimensions): Arousal 

(calm to excited), Dominance as the degree of control that a stimulus triggers (controlled to 

controlling), and Valence (negative to positive). For each dimension, the subjects had to rate 

the intensity that best corresponded to their emotional state on a 9-point Likert scale (1 = lowest 

intensity; 9 = highest intensity). For all participants, we considered the mean ± standard 

deviation of all presented images in terms of arousal, dominance, and valence. 

 

5.3.4 EMG recording and signal processing 

Facial EMG activities were recorded using 4 mm diameter bipolar silver/silver chloride (Ag/AgCl) 

skin surface electrodes and a gel-filled recording chamber. The bipolar electrodes were placed 

on the corrugator supercilii (fEMG-1) and zygomaticus major muscle (fEMG-2) areas on the left 

side of the participants’ face according to the EMG placement guidelines recommended by 

Fridlund and colleagues (Fridlund and Cacioppo, 1986). 

A 2-min baseline session was then conducted with all participants to establish a stable reference 

value. Psychophysiological assessment began after a specific trigger synchronized with the 

experimental stimuli. Finally, after a debriefing session, the experimenter helped the participants 

to remove all electrodes and patches. 

The EMG signals were recorded at a sampling rate of 1024 Hz (1024 per second) to ensure 

sufficient variability for signal processing of this complex muscle activity. 

The raw EMG signals were filtered with a 50 Hz notch filter to reduce power noise and with a 10 

Hz high-pass filter to exclude noise that could be caused by the participants’ movements. The 

EMG signals were then displayed on a high-resolution computer monitor to manually exclude 
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stimulus-independent artifacts (e.g., due to coughing or voluntary pouting) by visual inspection. 

The main measure used in the study was the amplitude of the EMG signal, which reflects the 

level of muscle activity, while participants viewed images with high ecological validity as 

pandemic scenarios that were familiar to them and that they had just experienced. Higher 

amplitude values indicate greater muscle activation, suggesting increased emotional 

responsiveness to stimuli. 

By examining the amplitude of EMG signals in response to emotional stimuli and recording facial 

expressions, we aimed to objectify the relationship between positive or negative emotion 

regulation and the variables assessed with the multidimensional neuropsychological battery. 

Signals were recorded using Nexus-4 and then processed using custom software in MATLAB 

7.10.0 (R2010a) (The Mathworks, Inc; Natick, MA, USA). The responses were then processed 

using specialized software developed with MATLAB 9.13.0 (R2022b) (The Mathworks, Inc., 

Natick, MA, USA). 

 

5.3.5 Statistical analysis 

The Jamovi Statistics software (version 2.2.5.0) and RStudio (version 2023.06.0 + 421) were 

used to perform the analyses. Kolmogorov–Smirnov and Shapiro–Wilk normality tests were 

performed to check whether all variables were normally distributed. 

To examine the relationship between emotional (dys)regulation, as indexed by the mean 

amplitude of corrugator activity (fEMG-1) or zygomatic activity (fEMG-2), and 

neuropsychological data, we calculated a correlation matrix using Pearson’s “r” correlation 

coefficient. In addition, we also examined the relationship between the affective dimensions 

using SAM and the neuropsychological data in the correlation matrix. 

Confidence intervals were included in the correlation matrices to ensure that they did not contain 

zero and to provide an additional indication of the significance of the results. 

 

5.4 Results 

 

5.4.1 Multidimensional neuropsychological battery 

Participants’ cognitive, affective, and physical characteristics are listed in Table 5.1. All 

neuropsychological variables follow a normal distribution and have no missing values. All 

participants were right-handed (without having changed their dominant hand during their 

lifetime). 

 

Sociodemographic characteristics and cognitive domain 

In terms of socio-demographic characteristics, 77.14% of the participants were women and 

22.86% were men, their mean age was 70.4 years (age range: 62–82), and their mean level of 

education was 13.29 years (range: 9–17). They attended middle school (N = 3), high school (N 

= 25), and college (N = 7). 
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40% of the sample lived alone and the remaining 60% lived with at least one person (in most 

cases their partner). According to HI, most of the subjects had a medium to high SES. More 

specifically, 8.57% of them fell in the highest status (HI range: 66–55), 51.43% in the second 

(HI range: 54–40), 37.14% in the third (HI range: 39–30), 2.86% in the fourth (HI range: 29–

20), and none in the lowest (HI range: 19–8). 

 

Table 5.1. Multidimensional neuropsychological battery.  

 N M SD Cut-Off 

Sociodemographic characteristics     

Subjects 35    

Gender     

women 27    

men 8    

Age [years]  70.40 5.58  

Education [years]   13.29 1.90  

Cognitive domain     

MMSE  29.34 0.80 ≥23.8 

ACE-R   94.26 2.89 
≥79 (<75 years old); 

≥60 (>75 years old) 

MoCA   26.20 2.64 ≥17.363 

CFI self-report  2.76 1.66  

CFI partner-report  1.54 1.39  

RMT - 15 instant words  43.86 7.64 ≥28.53 

RMT - 15 delayed words  9.63 3.11 ≥4.69 

TMT - part A  38.63 11.61 ≤94 

TMT - part B  95.89 38.84 ≤283 

TMT B-A  57.29 32.30 ≤187 

TT  34.77 1.03 ≤29 

Mood domain     

AES  10.46 6.70 ≤14 

BDI   6.60 5.89 ≤9 

HARS   7.83 5.15 ≤14 

Physical and health status domain     

Frailty phenotype status  0.40 0.60 0 

robust 23    

pre-frail 12    

frail 0    

CIRS      

severity index  1.37 0.18  

comorbidity index  1.46 0.98  

Note. ACE-R, Addenbrooke’s Cognitive Examination-Revised version. AES, Apathy Evaluation Scale. BDI, 

Beck Depression Inventory. CFI, Cognitive Functional Instrument. CIRS, Cumulative Illness Rating Scale. 

HARS, Hamilton Rating Scale for Anxiety. M, mean. MMSE, Mini Mental State Examination. MoCA, Montreal 

Cognitive Assessment. N, number. RMT, Rey Memory Test. SD, standard deviation. TMT, Trail Making Test. 

TT, Token Test. 

 

The subjects’ performance on both ACE-R and MMSE did not indicate the presence of mild 

cognitive impairment (MCI, i.e., O'Bryant et al., 2007), as all subjects scored above the cut-off 

and did not report SCD, as assessed by CFI. Their performance was above cut-off on the 

following tests: MoCA (100%), RMT - 15 immediate words (97.14%), RMT - 15 delayed words 
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(94.29%), TMT - part A (100%), TMT - part B (100%), TMT B-A (97.14%), and TT (100%). 

Although some performances in the neuropsychological tests were below the cut-off value, the 

percentages corresponded to the error rate in the normative older population. 

 

Mood domain 

Some participants showed mood swings. In particular, higher scores for apathy (AES), 

depression (BDI), and anxiety (HARS) were found in 37.14%, 28.57%, and 14.29% of the 

sample, respectively. 

 

Physical and health status domain 

Most of the participants were classified as “robust” (65.71%); the rest of the sample was pre-

frail (34.29%). On the other hand, none of the participants met Fried et al. (2001) inclusion 

criteria for frailty status. 

The subjects scored 1.37 ± 0.18 (mean ± standard deviation) on CIRS - severity index and 1.46 

± 0.98 (mean ± standard deviation) on the CIRS - comorbidity index. 

Regarding the data on immunization against SARS-CoV-2, 20% of the participants reported 

having been vaccinated with the first dose, 74.29% with the second dose, and only two people 

(5.71%) had not been vaccinated. 

Only one of the participants reported being infected with SARS-CoV-2, while the others stated 

that they did not have COVID-19. 

 

5.4.2 Correlation matrix between the multidimensional neuropsychological battery and the 

psychophysiological assessment 

We used a correlation matrix to investigate the relationship between neuropsychological 

performance and emotional dysregulation as measured by the mean amplitude of the fEMG. Only 

significant correlations between fEMG-1 (corrugator activity) or fEMG-2 (zygomaticus activity) 

and the three domains of neuropsychological assessment were listed in Table 5.2. A negative 

correlation was found between increased corrugator activity and decreased performance in 

global cognition (ACE-R: r = − 0.429, p < 0.05) and long-term memory (RMT-15 delayed words: 

r = − 0.370, p < 0.05). A positive correlation was found between increased corrugator activity 

and higher time performance on tasks assessing (a) visual processing and attentional-executive 

(TMT - part A: r = 0.512, p < 0.01; TMT - part B: r = 0.521, p < 0.01; TMT B-A: r = 0.439, p 

< 0.05) and (b) walking speed (r = 0.482, p < 0.01). The results related to fEMG-2 showed 

significant correlations only with mood scales, i.e., AES (r = 0.444, p < 0.01), BDI (r = 0.689, 

p < 0.001), and HARS (r = 0.507, p < 0.01), suggesting that increased zygomaticus activity is 

associated with higher scores for apathy, depression, and anxiety, respectively. 

Given the significant associations between the neuropsychological data and the fEMG, we created 

a new correlation matrix to further investigate the relationship between the affective dimensions 

assessed using SAM. 
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Table 5.2. Correlation matrix.  
 fEMG-1 95% CI fEMG-2 95% CI 

ACE-R 
r = -0.429 

P < 0.05 
[-0.673, -0.100]   

RMT - 15 delayed words 
r = -0.37 

P < 0.05 
[-0.633, -0.031]   

TMT – part A 
r = 0.512 

P < 0.01 
[0.204, 0.727]   

TMT – part B 
r = 0.521 

P < 0.01 
[0.217, 0.733]   

TMT B-A 
r = 0.439 

P < 0.05 
[0.113, 0.680]   

Frailty criterion - walking speed 
r = 0.482 

P < 0.01 
[0.166, 0.708]   

AES   
r = 0.444 

P < 0.01 
[0.118, 0.683] 

BDI   
r = 0.689 

P < 0.001 
[0.453, 0.835] 

HARS   
r = 0.507 

P < 0.01 
[0.198, 0.724] 

Note. ACE-R, Addenbrooke’s Cognitive Examination-Revised version. AES, Apathy Evaluation Scale. BDI, 
Beck Depression Inventory. CI, confidence interval (95% CI are indicated as the inferior and superior values 
of the interval). fEMG-1, electromyography - corrugator activity. fEMG-2, electromyography - zygomaticus 
activity. HARS, Hamilton Rating Scale for Anxiety. P, p-value. r, Pearson’s correlation coefficient. RMT, Rey 
Memory Test. TMT, Trail Making Test. 

 

In Table 5.3, we first presented (a) the negative relationship between valence and arousal (r = 

− 0.603, p < 0.001), (b) the negative relationship between dominance and arousal (r = -0.414, 

p < 0.05), and (c) the positive relationship between valence and dominance (r = 0.497, p < 

0.01).  

 

Table 5.3. Correlation matrix between the mean values of Arousal, Dominance and Valence and 

neuropsychological data.  

 Arousal 95% CI 
Domi-

nance 
95% CI Valence 95% CI 

Arousal       

Dominance 
r = -0.414 

P < 0.05 

[-0.657,  

-0.094] 
    

Valence 
r = -0.603 

P < 0.001 

[-0.779, 

-0.337] 

r = 0.497 

P < 0.01 

[0.196, 

0.712] 
  

TMT – part B     
r = 0.350 

P < 0.05 

[0.019, 

0.612] 

TMT B-A     
r = 0.364 

P < 0.05 

[0.035, 

0.622] 

AES 
r = 0.350 

P < 0.05 

[0.019, 

0.612] 

r = -0.411 

P < 0.05 

[-0.654, 

-0.090] 
  

BDI   
r = -0.42 

P < 0.05 

[-0.661, 

-0.101] 
  

HARS 
r = 0.401 

P < 0.05 

[0.078, 

0.647] 

r = -0.523 

P < 0.01 

[-0.729, 

-0.230] 
  

Note. AES, Apathy Evaluation Scale. BDI, Beck Depression Inventory. CI, confidence interval (95% CI are 

indicated as the inferior and superior values of the interval). HARS, Hamilton Rating Scale for Anxiety. P, 

p-value. r, Pearson’s correlation coefficient. TMT, Trail Making Test. 
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Figure 5.1 shows the means ± standard deviations of the presented images in terms of arousal, 

dominance, and valence for all participants together with the individual mean values of SAM. On 

the 9-point Likert scale of SAM, we observed a higher mean for dominance (M = 5.97 ± SD = 

1.21), followed by valence (M = 4.8 ± SD = 0.71) and arousal (M = 4.2 ± SD = 1.18). 

 

 

 

Figure 5.1. Mean (rhombus) ± standard deviation (lines) of mean ratings of Arousal, Dominance, and 

Valence of the Self-Assessment Manikin (SAM) on the 9-point Likert scale of all participants. Individual 

subjects (black circles) are also shown considering their mean SAM scores. 

 

In Table 5.3, we only reported significant correlations between the three affective dimensions of 

arousal, dominance, and valence and the neuropsychological data. In particular, a positive 

correlation was found between valence and executive functions (TMT - part B: r = 0.350, p < 

0.05; TMT B-A: r = 0.364, p < 0.05).  

A positive correlation was found between arousal and both apathy (AES: r = 0.350, p < 0.05) 

and anxiety (HARS: r = 0.401, p < 0.05). A negative correlation was found between dominance 

and all mood scales (AES: r = − 0.411, p < 0.05; BDI: r = − 0.420, p < 0.05; and HARS: r = 

− 0.523, p < 0.01). 

 

5.5 Discussion 

 

This is the first study to examine the emotional impact of the pandemic, about 20 months after 

the outbreak, on healthy older people using a unique interdisciplinary approach. The latter 

combines neuropsychological data and recordings of emotional dysregulation using fEMG and 

SAM during the presentation of pandemic-related images. Although it is important to emphasize 

that correlation does not imply causation, our study can help to explain how emotional stimuli, 

i.e. images from the pandemic context, trigger fEMG responses measured by mean amplitude, 
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and how these are related to multidimensional neuropsychological data. 

Our results showed that increased corrugator activity was associated with decreased 

performance on cognitive tests assessing global cognition, long-term memory, visual processing, 

and executive functions. In addition, a positive correlation was found between increased 

corrugator activity and longer walking time on a linear path, i.e., slower gait speed. On the other 

hand, we found a positive correlation between increased zygomatic activity and mood changes, 

i.e. higher levels of apathy, depression, and anxiety, while no significant correlations were found 

between fEMG-1 and mood scales. In terms of neuropsychological data and SAM, we found an 

association between a) poorer executive performance (i.e. longer times on TMT – part B and B-

A) and more positive valence ratings; b) higher scores for apathy (AES) and anxiety (HARS) and 

higher levels of arousal; c) higher scores for apathy, depression (BDI) and anxiety and lower 

control over emotion regulation (dominance). 

The results obtained are consistent with a strategy of re-evaluating emotional stimuli in response 

to the challenges of the pandemic, but no study had been conducted during such a stressful 

event. Interestingly, COVID-19-related stimuli triggered the activation of bottom-up affectivity 

strategies associated with higher mood levels and interacted with top-down factors that played 

an important role in the dysregulation of cognitive control, namely reappraisal. A recent meta-

analysis of the literature revealed that fEMG activity of the corrugator generally corresponds with 

changes in valence and significantly decreases during reappraisal of negative emotions 

(Zaehringer et al., 2020). In agreement with these results, we found that higher positive valence 

of COVID-19 images was associated with poorer performance, i.e., longer TMT response time, 

and that an increase in fEMG-1 activity was associated with inadequate reappraisal. This could 

be due to a slowdown in cognitive control abilities associated with executive tasks such as the 

TMT. Indeed, the TMT is useful to assess selective attention, response inhibition, and monitoring 

processes that impact emotion regulation in terms of reappraisal. Interestingly, the correlation 

between increased corrugator activity and slowed gait speed reinforces and complements the 

previously observed association with poorer TMT executive performance in terms of information 

processing speed and cognitive flexibility in cognitively preserved older adults (Kearney et al., 

2013). 

The results of our study show an unexpected and counterintuitive positive correlation between 

higher zygomatic activity and higher levels of apathy, depression, and anxiety. Indeed, this type 

of contraction pattern is usually associated with facial expressions of positive emotions, such as 

smiling (Carr et al., 2014). However, other evidence suggests that the role of this muscle activity 

in the expression of emotion is less stereotyped and that the modulators of its use are not yet 

fully understood. For example, fEMG activation of the zygomaticus during neutral and negative 

emotions is ambiguous, as the position of the zygomaticus major is close to several muscles 

such as the zygomaticus minor, masseter, and buccinators (Tassinary et al., 2007), which are 

associated with negative emotions, e.g., frustration and scepticism (Unz and Schwab, 2005). In 

addition, fear and anger triggered greater zygomaticus muscle activity, reflecting a so-called 
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“miserable smile” (Ekman et al., 1980). 

Considering that mood changes are controlled by bottom-up processes, anxiety increases 

attention to threatening stimuli and impairs the attentional control system (Eysenck et al., 

2007). Indeed, our results seem to suggest that the effect of higher mood levels influences 

cognitive abilities such as attention and memory, in terms of higher demands on cognitive 

emotion regulation during reappraisal. Although no associations were observed between 

zygomatic activity and executive functions, we found that higher levels of apathy, depression 

and, more significantly, anxiety were associated with lower dominance, while higher levels of 

apathy and anxiety were associated with higher arousal. These associations contribute to the 

previous observation that executive functions support emotion regulation (Schmeichel et al., 

2008) during reappraisal by promoting the processing of COVID-related stimuli in novel ways. 

In addition, the observed positively oriented pattern of facial muscle contraction in response to 

pandemic- related stimuli could be another aspect that should be discussed in the context of the 

well-known “positivity effect” (Carstensen and DeLiema, 2018) in healthy aging. It is 

hypothesized that this effect enables the maintenance of emotional functions despite cognitive 

and physical decline (Carstensen and Mikels, 2005; Isaacowitz and Blanchard-Fields, 2012; 

Mather, 2012; Scheibe and Carstensen, 2010). If mimic reactivity is a medium of emotional 

expression, changes in its expression with age could be a means of maintaining emotional self-

regulation in healthy older people (Pedder et al., 2016). Therefore, the above-mentioned 

reactivity may have contributed to shaping facial expressions as a means of emotional 

dysregulation through a defensive strategy of reappraisal during the pandemic period. 

The study provides a new and comprehensive perspective on emotional dysregulation through a 

unique approach that combines neuropsychological assessments with facial muscle reactivity 

data that allow a better understanding of the emotional impact of the pandemic. We used visual 

stimuli that are timely and relevant given the ongoing impact of the pandemic and the fact that 

subjects were experiencing a critical health crisis. Our results show how the pandemic impacted 

healthy older adults approximately 20 months after the outbreak, in terms of a possible neuro-

psycho-physiological signature of emotional dysregulation. Future studies could extend these 

data and contribute to the generalizability of the obtained results by investigating other 

measures of emotional (dys)regulation and the factors influencing facial reactivity, thus helping 

to develop new interventions for the emotional well-being of older people during stressful events. 

Further research would be needed to confirm and extend our findings, also considering other 

important aspects. For example, a cross-sectional approach could allow the identification of 

differences between younger and older people to (1) differentiate baseline values, (2) compare 

the effects of emotion regulation, and (3) clarify the conditions under which older people’s facial 

expressions are reduced or enhanced when processing visual pandemic stimuli. Finally, the use 

of dynamic stimuli, such as movies, would likely have favoured stronger emotional activation, 

as found in some psychophysiological studies (e.g., Gabert-Quillen et al., 2015; Mauss and 

Robinson, 2010). 
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6. EXECUTIVE CONTROL FROM HEALTHY AGEING TO COGNITIVE IMPAIRMENT: A SYSTEMATIC REVIEW 

OF STROOP AND SIMON EFFECTS USING PSYCHOPHYSIOLOGICAL AND IMAGING TECHNIQUES 

 

This systematic review expands the research perspective to examine the central neural 

substrates of executive control in the older population. Synthesising evidence from studies using 

Stroop and Simon interference tasks, as well as neuroimaging and psychophysiological 

techniques, it identifies robust neural markers that distinguish physiological cognitive resilience 

from early neurocognitive impairment. These findings highlight the compensatory mechanisms 

of the prefrontal cortex and their potential failure in pathological conditions5. 
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6.1 Abstract 

 

Background: The prevalence of cognitive impairment and dementia in the ageing population 

emphasises the need for strategies to mitigate cognitive decline. While research on Alzheimer’s 

Disease (AD) has focused on early risk factors, less attention has been paid to protective factors 

                                       
5 This chapter is based on the article by Cipriani et al. (2025) published in Neuroscience & Biobehavioral 

Reviews. As co-first author, my primary contributions to this work included curating the data, creating the 
infographics, tables, and figures, as well as reviewing and editing the manuscript. 
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such as cognitive reserve (CR) and cognitive control (CC). Methods: This review examines age-

related changes in the prefrontal cortex (PFC) in healthy ageing and cognitive impairment. We 

analysed studies using Stroop and Simon tasks in conjunction with EEG, EEG/ERP, fNIRS and 

fMRI. Results: Of the 1411 articles reviewed, 49 studies met our criteria. The results suggest 

that the Stroop and Simon effects are essential for distinguishing between healthy ageing and 

cognitive impairment. Increased activity of the PFC supports task performance, especially in 

cognitive ageing. However, when compensatory mechanisms fail, deficits in Stroop and Simon 

effects may indicate cognitive impairment and reduced activation of the PFC. Conclusion: This 

review emphasises the critical role of CR in attenuating age-related cognitive decline and 

highlights the importance of the PFC in maintaining CC. 

Keywords: Executive control, healthy ageing, cognitive impairment, Stroop and Simon effects, 

EEG/ERP, fNIRS and fMRI. 

 

6.2 Introduction  

 

Population aging presents significant opportunities and challenges and has profound implications 

for global health and economic systems. In line with the United Nations Decade of Healthy Ageing 

(2021–2030), it is imperative to improve our understanding and strategies to promote healthy 

aging while mitigating cognitive impairments such as dementia (World Health Organization, 

2020). Traditionally, research has identified risk factors and early biomarkers for Alzheimer's 

disease (AD), focusing on cardiovascular and metabolic diseases as well as lifestyle influences 

(Livingston et al., 2020; Niotis et al., 2024). 

However, less attention has been paid to protective factors that could support healthy aging and 

delay cognitive decline (Pappalettera et al., 2024; Turrini et al., 2023). In particular, cognitive 

reserve (CR) can be considered a crucial mediating factor that moderates the relationship 

between structural and cognitive decline. Although some researchers have distinguished 

between CR and brain reserve in terms of differences in cognitive processing strategies that can 

help compensate for neuronal damage and individual differences in the neurobiological state of 

the brain, respectively (Stern, 2009; Stern et al., 2023), other researchers have argued that the 

distinction between these two concepts is somewhat artificial, as cognition is inherently brain-

dependent (Cabeza et al., 2018). 

This reserve reflects the brain's ability to effectively utilize neural resources to compensate for 

age-related cognitive decline, potentially delaying the onset of cognitive impairment (Cabeza et 

al., 2018). It is crucial for maintaining cognitive function and emotional regulation and serves 

as a buffer against dementia (Amanzio et al., 2023a, 2023b; Corbo et al., 2023; Opdebeeck et 

al., 2016). Promoting CR through activities such as cognitive training can improve executive 

functions (EFs), which are particularly vulnerable to age-related decline (Basak et al., 2008). 

EFs, also referred to as cognitive control (CC), are responsible for coordinating top-down mental 

processes and actions in accordance with current goals and future plans and are primarily 
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mediated by the prefrontal cortex (PFC) (Egner, 2017; Miller and Cohen, 2001). It is widely 

agreed that there are three core EFs: Inhibition (including self-control, and interference control), 

working memory (WM), and cognitive flexibility (set shifting) (Lehto et al., 2003; Miyake et al., 

2000). 

Interestingly, it is a major challenge to understand how the PFC is organized to mediate the 

broad range of cognitive processes referred to as CC/EFs (Friedman and Robbins, 2022). These 

include inhibiting automatic or dominant responses, controlling interference, switching between 

tasks, coordinating multiple tasks, updating WM, monitoring, and higher-order EFs processes 

such as reasoning, problem solving, and planning (Diamond, 2013; Friedman and Miyake, 2017; 

Jurado and Rosselli, 2007). Neuropsychological tests such as the Stroop (MacLeod, 1991; 

Stroop, 1935) and Simon tasks (Simon, 1990) are valuable for studying CC/EFs, including 

inhibition, shifting, and updating (Miyake et al., 2000), and for investigating the neural 

mechanisms associated with these processes using advanced psychophysiological and imaging 

techniques. These tasks provide important insights into how the CC/EFs rely on the PFC and 

related regions, which are among the first cognitive functions to decline with age (Hasher et al., 

2007). 

The dorsolateral prefrontal cortex (DLPFC) modulates task-relevant information processing 

through top-down control and plays a crucial role in the preparation and maintenance of task 

rules as well as in the monitoring and regulation of cognitive performance. The DLPFC facilitates 

important actions by exerting CC/EFs over motor behaviour (Hoshi, 2006; Miller and Cohen, 

2001), with the rostral midlateral prefrontal regions (Brodmann areas, BA, 10 and 46) playing a 

special role (Moayedi et al., 2015; Petrides, 2005a). 

Despite the well-documented role of the DLPFC in various CC/EFs, the existence of functional 

subdivisions within the DLPFC remains unclear (Jung et al., 2022). Numerous fMRI studies report 

activation of the DLPFC, but the exact location and extent of activation sites vary depending on 

the executive task (Bahlmann et al., 2015; Kohn et al., 2014; Nee et al, 2007; Rottschy et al., 

2012; Zheng et al., 2008). Cieslik et al. (2013) investigated the subdivision of the DLPFC using 

a meta-analysis of task-dependent and task-independent connectivity. In this study, the DLPFC 

was divided into two regions with different connectivity profiles: an anterior subregion, which is 

co-activated with the anterior cingulate cortex (ACC), and a posterior subregion, which is co-

activated with the parietal cortex. Functional characterization by forward and backward inference 

revealed that the anterior network is involved in attentional processes such as monitoring motor 

responses, action inhibition, and behavioral adjustments (e.g., in the Stroop task), whereas the 

posterior cluster is more involved in action control processes that depend on stimulus processing 

and WM (e.g., in the n-back task) (Cieslik et al., 2013). These findings indicate functional 

variation along a rostral-caudal axis in the DLPFC (Petrides, 2005b) and, together with its 

anatomical diversity, suggest that the DLPFC consists of functionally distinct subregions.  

The DLPFC is also functionally and structurally connected to the insula and the ACC (Catani et 

al., 2012; Cieslik et al., 2013; Jung et al., 2022). As core components of the Multiple Demand 
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Network, these regions play a role in cognitively demanding tasks such as CC/EFs and in 

responding to the uncertainty of emotional arousal (Camilleri et al., 2018; Menon and Uddin, 

2010; Seeley et al., 2007). In addition, a neural circuit involved in goal-directed behaviors 

connects subregions of the DLPFC directly to the basal ganglia and thalamus via corticostriatal 

projections (Alexander et al., 1986; Jarbo and Verstynen, 2015). In particular, the anatomical 

connections between the basal ganglia and the DLPFC form a neural circuit that supports action 

control (Cieslik et al., 2013; Petrides, 2005a).  

Maintaining the function of the PFC is crucial for effective CC/EFs (Miller and Cohen, 2001). On 

the other hand, declining PFC function impairs the ability to manage conflicting responses and 

ignore distractions, resulting in diminished executive control (Braver and Barch, 2002; Raz, 

2000; Stuss and Craik, 2019). Studies have shown that the reduction in gray matter volume in 

the PFC is more pronounced with age, while other areas, such as the sensory and entorhinal 

cortex, shrink less (Raz, 2000). Ageing may also impair frontostriatal circuitry, leading to 

decreased EFs and secondary memory problems (Buckner, 2004). In particular, the medial PFC 

undergoes significant changes in healthy older adults at high risk for dementia, and AD patients, 

which are exacerbated by hypertension and metabolic syndrome (Fjell et al., 2009; Raz et al., 

2005). 

Neuropsychological tests such as the Stroop task (MacLeod, 1991; Stroop, 1935) and the Simon 

task (Simon, 1990) are valuable for the assessment of CC/EFs in healthy individuals and for the 

assessment of executive control in older adults with subjective cognitive decline (SCD) or 

objective cognitive impairment.  

Although the Stroop and Simon tasks address different types of conflict, both draw on similar 

top-down CC mechanisms involving the PFC, albeit via different neural pathways (Liu et al., 

2004). These tasks provide a unique opportunity to investigate age-related differences in brain 

activity, with older adults showing either increased or decreased activity compared to younger 

individuals. The underlying mechanisms, including compensatory or inefficient neuronal 

recruitment such as dedifferentiation (e.g., Park et al., 2012), remain poorly understood, 

particularly with regard to the distinction between physiological and pathological aging and 

between cognitive and executive control processes. 

Our systematic review uniquely examines neuropsychological paradigms of CC/EFs, such as the 

Stroop and Simon tasks, and the associated neural mechanisms using advanced cognitive 

neuroscience techniques, including electroencephalography (EEG), functional near-infrared 

spectroscopy (fNIRS), and functional magnetic resonance imaging (fMRI). For the purposes of 

this systematic review, the term "cognitive reserve" is used to better capture the adaptive 

aspects of the cognitive processes and brain networks involved in tasks such as Simon and 

Stroop, rather than structural differences in the brain. 

By examining the specific neural basis of the Stroop and Simon effects and considering the 

differences between these techniques, this review aims to answer several key questions: 1) How 

does CR contribute to the maintenance of cognitive performance? 2) How do age-related cortical 
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changes and compensatory mechanisms occur? 3) What role do CR mechanisms play in the 

detection of SCD? 4) How can these mechanisms falter in cognitive disorders characterized by 

dysexecutive control, such as mild cognitive impairment (MCI)? 

Early detection of deficits in cognitive and executive control associated with progression from 

SCD to MCI and dementia is critical for timely and effective intervention. Identifying these neural 

markers of executive control dysfunction could provide strategies for intervention and prevention 

and ultimately contribute to improved quality of life for older adults at risk of cognitive decline. 

 

6.3 Material and methods 

 

The study selection and the data collection adhered to the updated Preferred Reporting Items 

for Systematic Reviews and Meta-Analyses (PRISMA) guidelines (Page et al., 2021).  

 

6.3.1 Systematic search and study selection 

A systematic literature search was conducted in five electronic databases: PubMed, Scopus, 

Embase, Web of Science (WoS) and PsycInfo, up to 11 June 2024. No filters or limits were used 

and no reference time period was specified. Furthermore, only original articles in English were 

considered and no restrictions regarding gender and ethnicity were made.  

The search string was as follows: (aging OR ageing OR older adults OR older people OR older 

population OR elder*) AND (simon OR simon task OR stroop OR stroop task) AND (event-related 

potential OR erp OR electroencephalography OR eeg OR functional near-infrared spectroscopy 

OR fnirs OR functional magnetic resonance imaging OR fmri) AND (healthy aging OR healthy 

ageing OR healthy older adults OR healthy older people OR healthy older population OR healthy 

elder* OR subjective cognitive decline OR scd OR subjective cognitive complaint OR subjective 

cognitive impairment OR mild cognitive impairment OR mci). 

We also hand-searched for reports in scientific journals. This ad hoc method enables the 

identification of studies that could neither be found nor retrieved in the major electronic 

databases (Cochrane Training, 2025). 

 

6.3.2 Inclusion and exclusion criteria 

We only included studies that met the following criteria: (a) with human subjects; (b) with 

subjects aged ≥ 60 years; (c) with the Simon task and/or the Stroop task; (d) with healthy older 

adults, individuals with SCD, and/or MCI; and (e) with EEG or EEG/ERP, fNIRS and/or fMRI 

technology.  

We excluded studies with the following characteristics: (a) with non-human species or animal 

models; (b) with subjects < 60 years of age; (c) without Simon task and/or Stroop task; and 

(d) without EEG or EEG/ERP, fNIRS and/or fMRI signals. 

To further evaluate the mechanisms of cognitive control, we also examined the following groups 

from the included studies: (a) younger healthy adults and (b) patients 60 years and older with 
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different chronic conditions and/or neurocognitive disorders (e.g., psychiatric, vascular, and 

neurodegenerative diseases). 

 

6.3.3 Data screening and selection 

Three authors (S.M., G.E.C., and R.M.) independently selected studies based on title, abstract, 

and full text. Any discrepancies were discussed and clarified under the supervision of another 

author (M.A.). After the eligibility criteria for each study were discussed, two authors (S.M. and 

G.E.C.) independently analysed the population characteristics, sample size, procedures, study 

design and results. In case of disagreement, a consensus was reached between all authors or 

the judgement of a third author (M.A.) was obtained. 

Cohen's K was used to assess the level of agreement regarding the inclusion and exclusion of 

studies: % agreement 100; Cohen's K:1.  

 

6.3.4 Data extraction 

This review was conducted to find useful information on the activity of the PFC in relation to 

cognitive and executive control processes in older adults. It also considers individuals with 

subjective cognitive decline and MCI and focuses on studies using Simon or Stroop tasks with 

EEG or EEG/ERP, fNIRS and fMRI. 

After removing duplicates from the search terms, the titles and abstracts were screened, 

followed by a full-text review of the articles to determine whether they were eligible to be 

reviewed. 

Three reviewers (G.E.C., S.M. and R.M.) independently extracted data on study characteristics 

and measures. 

Finally, M.A. validated the extracted results against the records and discussed any discrepancies 

with the other authors (G.E.C. and S.M.).  

 

6.3.5 Methodological quality assessment 

The Mixed Methods Appraisal Tool (MMAT, Hong et al., 2018a, 2018b) was used to assess the 

quality of empirical studies, including primary research based on experiments, observations, or 

simulations (Abbott, 1998; Porta et al., 2014). It is not applicable to non-empirical studies such 

as reviews and theoretical papers. The MMAT is capable of evaluating the most common study 

methodologies and designs, but it does not cover specific designs like economic and diagnostic 

accuracy studies, for which other appraisal tools might be more appropriate. 

The MMAT is specifically designed for qualitative, quantitative, and mixed methods studies. It 

assesses methodological quality in five different classes: qualitative research, randomised 

controlled trials (RCTs), non-randomized studies, quantitative descriptive studies, and mixed 

methods studies. Each included study was assessed for quality using the MMAT (Hong et al., 

2018), providing appropriate criteria tailored to each research design. Qualitative, RCTs, and 

non-randomized studies were each evaluated on five criteria, while mixed-methods studies were 
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assessed on 15 criteria, covering the qualitative and quantitative component, and the integration 

of findings. Each criterion was rated as sufficiently met or not, resulting in scores out of 5 for 

qualitative and quantitative studies, and out of 15 for mixed-methods studies. Two reviewers 

(R.M. and G.E.C.) independently conducted the appraisals, and final ratings were established 

through discussion and consultation with a third reviewer (M.A.). No overall score was calculated 

for the studies, in line with recommendations from Hong et al. (2018) and Glenny (2005), as 

these scores can “obscure” specific methodological strengths and weaknesses (Hong et al., 

2019; Viswanathan et al., 2012). Instead, the MMAT ratings for each criterion were detailed to 

better inform readers about the quality of the included studies (see Supplementary Table 6.S1 

for MMAT evaluations). 

 

6.4 Results 

 

6.4.1 Study Selection 

A total of 1411 studies were found: 656 in PubMed, 47 in Scopus, 216 in Embase, 282 in WoS 

and 210 in PsycInfo.  

After the removal of 268 duplicates and an initial screening of 654 titles and abstracts, 489 titles 

were subjected to full-text screening, which resulted in 45 studies that met the inclusion criteria. 

Specifically, 1098 articles were excluded based on the title, abstract, and full-text screening. 

The reasons for exclusion were as follows: 

▪ 21 dealt with irrelevant topics (inadequate topic);  

▪ 381 did not refer to older adults (wrong age group); 

▪ 110 used a different task for executive functions (wrong cognitive task); 

▪ 20 were not written in English (wrong language); 

▪ 61 used other procedures (wrong procedure); 

▪ 1 did not study humans (wrong species); 

▪ 347 did not use EEG or EEG/ERP, fNIRS or fMRI signals (wrong technique); 

▪ 157 were not original articles (40 books, 31 conference papers, 32 reviews, 22 study 

protocols, 5 meta-analyses, 14 single cases, 6 pilot studies, 5 dissertations). 

In addition, we identified 4 studies by hand searching. 

After the identification and screening phase, 49 studies met our eligibility criteria and were 

included:  

▪ 39 studies analysed cortical activation during the Stroop task using EEG (n = 4), EEG/ERP 

(n = 8), fNIRS (n = 12), and fMRI (n = 15); 

▪ 8 studies analysed cortical activation during the Simon task using EEG/ERP;  

▪ 2 studies analysed cortical activation during a combined Simon and Stroop task (1 using 

EEG/ERP and 1 using fMRI).  

The flowchart for the selection of studies is shown in Figure 6.1. 
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Figure 6.1. PRISMA 2020 flow diagram of study selection that included searches of databases, registers 

and other sources (Page et al., 2021). 

 

6.4.2 Description of the Selected Studies  

General characteristics of the different samples in the included studies 

The general characteristics of the samples from the included studies (e.g., demographic data) 

are listed in Table 6.1 (see also Supplementary Table 6.S2 for additional “all participants” data). 

Subjects were divided into six reference groups: young adults (YA), middle-aged adults (MA), 

healthy older adults (HA), SCD participants, MCI patients and subjects with other clinical 

conditions such as AD, Parkinson’s disease (PD), transient ischemic attack (TIA), vascular 

cognitive impairment (VCI), depression (D) and human immunodeficiency virus (HIV). In 

addition, specific subgroups within these clinical pathologies include amnestic MCI (aMCI), single 

domain amnestic MCI (sdaMCI), multidomain amnestic MCI (mdaMCI), multidomain non-

amnestic MCI (mdnaMCI) and MCI due to PD (PDMCI). It should be noted that SCD is an umbrella 

term that is described with different labels, such as subjective memory impairment or subjective 

memory complaints (SMC), as indicated by Abdulrab and Heun (2008) and Jessen et al. (2014). 

Therefore, outcomes labelled as SMC in studies such as Cespón et al. (2018) were classified as 

SCD in this review. 

Other measures used in the studies are neuropsychological assessments such as the Mini Mental 

State Examination (MMSE) and the Montreal Cognitive Assessment (MoCA). Various techniques 

were used to examine brain activity, including EEG, fNIRS and fMRI during specific interference-

task conditions (e.g., neutral, congruent, incongruent) and cognitive reserve classifications (low 

cognitive reserve, LCR; high cognitive reserve, HCR). The studies also took into account 
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differences in genotype (e.g., Val/Val, Val/Met, Met/Met) and diseases such as cerebral 

microangiopathy (CMA) and stroke (SP). 

The included studies spanned 27 years, from 1997 to 2024. 

 

Behavioural results for Simon and Stroop tasks taking into account the different groups 

Tables 6.2 and 6.3 show the reaction times (RTs) and error rates (ERs) for congruent and 

incongruent conditions in the Simon and Stroop tasks as mean and standard deviation (SD). To 

maintain homogeneity between studies, ERs were calculated from accuracy data (percentage of 

correct responses) where appropriate. For missing or incomplete data, the authors of the 

included studies were contacted to obtain behavioural measures of Stroop and Simon effects. 

For each study that provided these values, the effect size of the interference effect for both RTs 

and ERs was computed using the Cohen’s d index (Lakens, 2013). Namely, Cohen’s d was 

computed by dividing the mean difference (Mdiff) between incongruent and congruent conditions 

by the average standard deviation: Mdiff/(SDcongr+SDincongr)/2 (Lakens, 2013). The 

difference in Cohen’s d was considered small for values between 0.2 and 0.5, moderate for 

values between 0.5 and 0.8, and large for values greater than 0.8 (Cohen, 1988). 

As indicated in the tables, RTs and ERs were analysed for different groups, including young 

adults, middle-aged adults and healthy-aged participants, as well as subjects with SCD, and 

patients with MCI, AD, PD, Stroke Patients and other clinical conditions such as Vascular 

Cognitive Impairment, Transient Ischemic Attack and Human Immunodeficiency Virus. Within 

MCI, subgroups such as Single Domain Amnestic MCI (sdaMCI), Multiple Domains Amnestic MCI 

(mdaMCI), Multiple Domains Non-Amnestic MCI (mdnaMCI) and MCI due to Parkinson’s Disease 

(PDMCI) were also analysed. Cognitive reserve was considered with Low Cognitive Reserve (LCR) 

and High Cognitive Reserve (HCR) categories, and other factors such as abnormal (CH-PAT) and 

normal (CH-NAT) Aβ/tau ratios were reported. 

Some studies reported additional genotype data (e.g., Val/Val, Val/Met, Met/Met), which were 

analysed for their potential impact on executive control. In cases where error rates or reaction 

times were not available (N.A.) or were not reported (N.R.), these limitations were detailed. 

Where data were obtained directly from the authors or where median values were reported, this 

has also been reported. Overall, these results provide a comprehensive overview of executive 

control task performance across a wide range of groups and conditions. 

As shown in Figures 6.2 and 6.3 and in supplementary Table 6.S3, 6.S4, 6.S5 the proportion of 

studies for each reference group (YA, MA, HA, SCD, MCI, and other clinical pathologies) was 

analysed using the calculated effect size of the interference effects for RTs and ERs. Effect sizes 

were categorised as non-computable, small, moderate or large. Due to the small number of 

eligible studies for SCD and other clinical pathologies (<5 studies), these groups were excluded 

from the figures. 

The largest number of studies involved healthy older adults and MCI patients. In the healthy 

ageing group, a large effect size for RTs was observed in 65% (21/33) of studies and in 47% 
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(14/30) for ERs. In MCI patients, only 9% (1/11) of studies reported a large interference effect 

for RTs, while 46% (6/13) reported a large effect for ERs. 

Figure 6.2 illustrates the proportion of studies in the different groups (YA, MA, HA, MCI) that 

reported effect sizes for RTs in the Simon and Stroop tasks.  

 

 

Figure 6.2. Proportion of studies for each reference group reporting the effect size (Cohen's d) of Stroop 

and Simon interference effects for RTs. 

Note. HA, Healthy Ageing. MA, Middle-aged Adults. MCI, Mild Cognitive Impairment. YA, Young Adults. 

 

Figure 6.3 similarly shows the proportion of studies reporting effect sizes for ERs. Both figures 

illustrate that large effect sizes predominate in the healthy ageing and MCI groups, while smaller 

or no effect sizes are reported in the other groups. 

 

 

Figure 6.3. Proportion of studies for each reference group reporting the effect size (Cohen's d) of Stroop 

and Simon interference effects for ERs. 

Note. HA, Healthy Ageing. MA, Middle-aged Adults. MCI, Mild Cognitive Impairment. YA, Young Adults. 
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Cortical activation during the Simon and Stroop tasks, taking into account the different groups 

Table 6.4 summarises the results of EEG, EEG/ERP, fNIRS and fMRI studies, focusing on the 

regions of interest (ROIs) and the main patterns of cortical activation and deactivation when 

comparing different groups and conditions (congruent vs. incongruent). The table includes 

results from studies with YA, MA, HA, SCD, MCI, and other clinical populations such as AD, PD 

and stroke patients. 

Key regions activated or deactivated in these studies during the Stroop and Simon tasks included 

the DLPFC, ventrolateral prefrontal cortex (VLPFC) and ACC, areas commonly associated with 

cognitive control and conflict monitoring. Activation differences were also detected in BA based 

on BOLD fMRI signals (dependent on blood oxygen levels), and fNIRS data showed changes in 

oxygenated (oxy-Hb) and deoxygenated (deoxy-Hb) haemoglobin levels. In some studies, ROIs 

were influenced by certain clinical characteristics, such as abnormal vs. normal Aβ/tau ratios 

(CH-PAT vs. CH-NAT), genetic factors such as brain-derived neurotrophic factor (BDNF) 

polymorphisms (Val/Val, Val/Met, Met/Met genotypes), or high and low cognitive reserve. For 

example, participants with higher cognitive reserve showed different activation patterns in 

prefrontal areas than participants with low cognitive reserve. 

Table 6.4 and Table 6.S3 also include data from interventions such as physical exercise, cognitive 

exercise or reading control, showing how these activities can influence cortical activation during 

task performance. In addition, studies with specific subgroups, such as sdaMCI, mdaMCI, 

mdnaMCI and individuals with SMC, also reported different activation patterns in the ROIs. The 

results indicate that both the task condition (congruent vs. incongruent) and individual 

differences (e.g., clinical pathology, genetic predisposition, CR) significantly influence the cortical 

activation patterns during the Stroop and Simon tasks. 

Supplementary Table 6.S6 shows additional pre-post data for clinical trials, including behavioural 

results and brain activation findings.  

Finally, the main cerebral findings of the Stroop and Simon effects were summarized in Table 

6.5. 

 

6.5 Factors that influence executive control 

 

In this section, we examine the factors influencing the Stroop and Simon effects and their neural 

activations in the included studies. These effects refer to cognitive interference between 

automatic and controlled mental processes that lead to slower reaction times and a higher error 

rate in the incongruent condition compared to the congruent condition (Liu et al., 2004). We 

highlight how age-related differences, positive lifestyle interventions (e.g., cognitive and/or 

physical training, nutritional supplements), biological influences (e.g., genetics, AD biomarkers), 

subjective or objective cognitive impairments (SCD, MCI and dementia), health conditions 

(healthy ageing) and chronic diseases (neurological, e.g., AD, PD, psychiatric, e.g., depression, 

and cerebral vascular diseases) influence executive control. 
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Table 6.1. General characteristics of the different samples in the included studies. 

Study 
Study 
Design 

Participants Gender Age 
Education 
in years 

MMSE MoCA Task 
Task 

version  
Task 

condition  
Tech-
nique 

    group 
sub-

groups 
N W/M 

 M ± SD 
(range) 

M ± SD 
(range) 

M ± SD 
(range) 

M ± SD 
(range) 

        

Arakaki et 
al, 2022 

cross 
sectional 

HA CH-NAT 20 15/5 
75.1 ± 

7.5 
15.7 ± 2.3 

29.3 ± 
1.3 

N.R. Stroop 

standard 

or partially 
modified 

congruent, 
incongruent 

EEG 

  HA CH-PAT 21 16/5 
76.2 ± 

8.4 
16.3 ± 1.9 

29.2 ± 
0.98 

     

Burin and 
Kawashima, 
2021 

RCT HA 1PP 21 11/10 
70.57 ± 

6.51 
14.25 ± 

2.46 
  Stroop 

standard 
or partially 
modified 

congruent, 
incongruent, 

neutral 
fNIRS 

  HA 3PP 21 17/4 
72.86 ± 

4.66 
13.45 ± 

1.95 
      

Byun et al, 

2024 

clinical 

trial 
HA control 41 10/31 

67.7 
(65.9 - 
69.6) 

13.9 (13.3 

- 14.5) 

29.0 
(28.6 - 
29.4) 

 Stroop 
standard 

or partially 
modified 

congruent, 
incongruent, 

neutral 
fNIRS 

  HA 
mild 

exercise 
40 30/10 

68.7 
(67.0 - 

70.3) 

13.4 (12.7 

- 14.1) 

29.1 
(28.7 - 

29.4) 

     

Cespón et 
al, 2013 

cross 
sectional 

HA  25 11/14 
65.0 ± 

8.1 
10.8 ± 5.6 

28.4 ± 
1.3 

 Simon modified 
CDCP, IDCP, 
CDIP, IDIP 

EEG/ 
ERP 

  MCI sda 17 7/10 
67.0 ± 

9.1 
8.9 ± 4.3 

27.2 ± 
1.9 

     

  MCI mda 13 7/6 
71.0 ± 

9.2 
9.2 ± 4.8 

23.5 ± 

1.7 
     

Cespón et 
al, 2015a 

cross 
sectional 

HA  18 11/7 
68.3 ± 
1.68 

11.1 ± 
1.24 

28.5 ± 
0.38 

 Simon modified 
CDCP, IDCP, 
CDIP, IDIP 

EEG/ 
ERP 

  MCI sda 13 5/8 
69.1 ± 
1.98 

10.1 ± 
1.46 

26.9 ± 
0.45 

     

  MCI mda 12 7/5 
71.2 ± 
2.06 

9.2 ± 1.52 
23.7 ± 
0.47 

     

Cespón et 
al, 2015b 

cross 
sectional 

HA  15  
66.0 ± 

7.5 
10.2 ± 5.4 

28.3 ± 
1.2 

 Simon modified 
CDCP, IDCP, 
CDIP, IDIP 

EEG/ 
ERP 

  MCI mdna 11  
66.5 ± 

9.7 
6.9 ± 2.9 

24.4 ± 
2.4 

     

  MCI sda 16  
67.1 ± 

9.3 
9.0 ± 4.3 

27.2 ± 
1.9 

     

  MCI mda 11  69.6 ± 9.8 ± 5.0 23.7 ±      



133 
 

9.0 1.6 

Cespón et 
al, 2018 

cross 
sectional 

SCD low 18 13/5 
65.1 ± 

9.1 
9.1 ± 5.4 

28.2 ± 
1.2 

 Simon modified 
CDCP, IDCP, 
CDIP, IDIP 

EEG/ 
ERP 

  SCD high 16 13/3 
64.6 ± 

7.1 
8.4 ± 2.8 

27.6 ± 
1.6 

     

Cespón et 
al, 2022 

cross 
sectional 

YA  21 16/5 
22.6 ± 
2.59 

   Simon 
standard 

or partially 
modified 

congruent, 
incongruent 

EEG/ 
ERP 

  HA  20 10/10 
67.0 ± 
3.11 

       

Cespón et 

al, 2023 

cross 

sectional 
HA LCR 34  

72.2 ± 

4.3 
   

Simon 
& 

Stroop 

Simon, 
spatial 
Stroop 

c-C, i-C, i-I,c-

I 

EEG/ 

ERP 

   HCR 35  
69.6 ± 

4.9 
 

 
     

Faulkner et 
al, 2017 

cross 
sectional 

HA  15 2/13 
61.5 ± 

7.1 
   Stroop 

standard 
or partially 
modified 

congruent, 
incongruent 

fNIRS 

  other TIA 11 2/9 
65.1 ± 
10.1 

       

Gajewski et 

al, 2012 

cross 

sectional 
HA Val/Val 79 58/21 

70.8 ± 

4.7 
 

28.3 ± 

1.9 
 Stroop 

standard 

or partially 

modified 

congruent, 

incongruent 

EEG/ 

ERP 

   
Val/Met 

- 
Met/Met 

52 23/28 
70.2 ± 

4.3 
 

28.8 ± 

1.4 
     

Gajewski 
and 

Falkenstein, 
2015 

cross 

sectional 
HA 

Low 

active 
20 0/20 

73.6 ± 

4.9 
3.6 ± 1.2 

28.7 ± 

0.9 
 Stroop 

standard 
or partially 
modified 

congruent, 

incongruent 

EEG/ 

ERP 

   Active 20 0/20 
72.7 ± 

4.3 
4.0 ± 0.6 

29.0 ± 
0.8 

     

Gajewski et 

al, 2020 

cross 

sectional 
YA  36 19/17 

25.1 ± 

2.7 (19 - 

33) 

 N.A.  Stroop 

standard 

or partially 

modified 

congruent, 

incongruent 

EEG/ 

ERP 

  MA  58 0/58 
46.5 ± 

4.5 (40 - 
53) 

       

  HA 
old high 
perform

ers 
50  

69.8 ± 
3.8 

3.8 ± 1.1 
28.8 ± 

1.6 
     

  HA old mid 51  70.2 ± 3.4 ± 1.2 28.5 ±      
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perform

ers 

4.8 1.2 

  HA 
old low 
perform

ers 
51  

70.9 ± 
3.7 

3.2 ± 1.1 
28.5 ± 

1.4 
     

Gauthier et 
al, 2013 

cross 
sectional 

YA  31 10/21 
23.74 ± 

0.52a 
17.03 ± 

0.38a 
N.A.  Stroop 

standard 
or partially 
modified 

congruent, 
incongruent, 

switching 
fMRI 

  HA  31 14/17 
63.53 ± 

0.87a 
16.01 ± 

0.57a 
28.81 ± 

0.20a 
     

Goenarjo et 

al, 2021 

cross 

sectional 
MA 

higher-

fit 
8 0/8 

57.9 ± 

1.6 
   Stroop 

standard 
or partially 
modified 

congruent, 
incongruent, 

switching 
fNIRS 

  MA lower-fit 6 0/6 
57.3 ± 

2.0 
       

  HA 
higher-

fit 
5 0/5 

64.8 ± 
3.6 

       

  HA lower-fit 5 0/5 
65.7 ± 

2.9 
       

Hamasaki et 
al, 2018a 

cross 
sectional 

YA  22 7/15 
27 ± 1 

(20 - 39) 
   Stroop 

standard 
or partially 

modified 

congruent, 
incongruent 

fNIRS 

  MA  22 12/10 
55 ± 1 

(50 - 59) 
       

  HA 60s 40 31/9 
64 ± 0 

(60 - 69) 
       

  HA 70s 14 8/6 
74 ± 1 

(70 - 79) 
       

Hamasaki et 
al, 2018b 

cross 
sectional 

HA 
low 

stiffness 
31 15/16 

61.4 ± 
6.5 

   Stroop 
standard 

or partially 
modified 

congruent, 
incongruent 

fNIRS 

  HA 
high 

stiffness 
31 25/6 

64.4 ± 
6.2 

       

Heiberg et 
al, 2023 

cross 
sectional 

HA  22 12/10 

64.5b 

(58.5 - 
69) 

  > 25 Stroop 

standard 

or partially 
modified 

congruent, 

incongruent, 
neutral 

fNIRS 

  other SP 21 11/10 
64b (57 - 

71) 
  

26b (25 
- 27) 

    

Huang et al, 
2022 

cross 
sectional 

YA  20 12/8 
23.7 ± 

3.9 (18 - 
35) 

   Stroop 
standard 

or partially 
modified 

congruent, 
incongruent 

fNIRS 

  HA  13 8/6 63.9 ±        
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4.0 (60 - 

72) 

Ji et al, 
2019 

cross 
sectional 

HA  20 9/11 
65.6 ± 
1.32 

11.25 ± 
1.48 

27.90 ± 
0.62 

 Stroop 
standard 

or partially 
modified 

congruent, 
incongruent, 

switching 
fNIRS 

Katayama 
et al, 2023 

cross 
sectional 

HA  402 229/173 
73 (70 - 

78)b 
12 (12 - 

16)b 
29 (27 - 

30)b 
 Simon modified 

congruent, 
incongruent, 
no response 

EEG/ 
ERP 

  MCI  47 20/27 
73 (69 - 

78)b 
12 (12 - 

14)b 
28 (26 - 

29)b 
   

 
 

Kaufmann 

et al, 2008 

cross 

sectional 
HA  9  

68.3 ± 

7.5 
 

29.0 ± 

1.2 
 Stroop 

modified 
(numerical

) 

congruent, 
incongruent, 

neutral 
fMRI 

  MCI  6  
69.8 ± 

5.3 
 

24.8 ± 

1.2 
     

Kricheldorff 
et al, 2023 

cross 
sectional 

HA  30 12/18 
59.4 ± 

6.8 
16 ± 3.2 > 25  Stroop 

modified 
(numerical

) 

congruent 
(mostly), 

incongruent 
(mostly) 

EEG 

  other PD 30 8/22 64 ± 9.6 16.2 ± 3 > 25      
Laguë-

Beauvais et 

al, 2013 

cross 

sectional 
YA  21 13/8 

24.38 ± 

4.47 (19 

- 36) 

16.00 ± 

2.37 
N.A.  Stroop modified 

incongruent, 

neutral, 

switching 

fNIRS 

  HA  19 16/3 
64.00 ± 
3.40 (59 

- 69) 

14.37 ± 

3.17 

29.00 ± 

1.15 
     

Langenecker 
et al, 2004 

cross 
sectional 

YA  13 7/6 
26.3 ± 

5.5 
17.2 ± 3.3   Stroop 

standard 
or partially 

modified 

congruent, 
incongruent, 

neutral 

fMRI 

  HA  13 8/5 
71.1 ± 

5.4 
17.8 ± 2.8 

28.4 ± 
1.56 

     

Lau et al, 
2020 

RCT MCI placebo 18 13/5 
65.94 ± 

3.61 
N.A. N.R.  Stroop 

standard 
or partially 

modified 

congruent, 
incongruent 

fMRI 

  MCI p. minor 18 15/3 
66.89 ± 

4.00 
N.A. N.R.  Stroop 

standard 
or partially 
modified 

congruent, 
incongruent 

fMRI 

Li et al, 
2009 

cross 
sectional 

HA  9 5/4 
65.2 ± 

7.2 (57 - 
68) 

7.1 ± 4.6 
28.8 ± 

0.9 
 Stroop 

standard 
or partially 
modified 

incongruent fMRI 

  MCI  9 4/5 
63.4 ± 

4.6 (52 - 
7.2 ± 3.1 

26.4 ± 

4.2 
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67) 

  other AD 10 5/5 
65.8 ± 

6.1 (54 - 
69) 

6.8 ± 2.7 
16.7 ± 

2.6 
     

Li et al, 
2012 

cross 
sectional 

HA  11 6/5 
64.9 ± 

4.2 
6.8 ± 4.2 

28.0 ± 
2.2 

 Stroop 
standard 

or partially 
modified 

incongruent fMRI 

  other SIVD 12 6/6 
65.5 ± 

5.7 
7.6 ± 3.2 

16.5 ± 

4.7 

14.6 ± 

3.8 
    

  other SIVCIND 12 6/6 
66.2 ± 

4.9 
6.9 ± 3.6 

26.6 ± 

1.7 

22.3 ± 

1.5 
    

Manard et 
al, 2017 

cross 
sectional 

YA  20 8/12 
23.5 ± 

3.22 (21 

- 30) 

14.80 ± 
1.82 

  Stroop modified 

congruent 
(mostly), 

incongruent 

(mostly), 
neutral 

fMRI 

  HA  20 12/8 
65.1 ± 

3.8 (61 - 
74) 

15.45 ± 

3.3 
    

 
 

Mason et al, 
2022 

cross 
sectional 

HA  33 21/12 
73.7 ± 

0.7 
 

29.4 ± 
1.0 

 Stroop 
modified 
(verbal) 

congruent, 
incongruent, 

nominal 

fNIRS 

  other CAS 33 10/23 
73.6 ± 

0.5 
 

29.5 ± 
1.0 

   
 

 

Mathis et al, 
2009 

cross 
sectional 

YA  12 5/7 
26.8 ± 

3.4 (22 - 
30) 

   Stroop 
standard 

or partially 
modified 

congruent, 
incongruent, 

neutral 
fMRI 

  MA  12 8/4 

51.7 ± 

3.1 (46 - 
55) 

       

  HA  12 3/8 
62.8 ± 

3.0 (60 - 
68) 

       

Milham et 
al, 2002 

cross 
sectional 

YA  12 5/7 
23 (21 - 

27) 
   Stroop 

standard 

or partially 
modified 

congruent, 

incongruent, 
neutral 

fMRI 

  HA  10 3/7 
68 (60 - 

75) 
       

Müller-
Oehring et 
al, 2022 

cross 
sectional 

HA  28 16/12 
61 ± 9 

(45 - 76) 
17 ± 2 
(12-21) 

  Stroop 
modified 

(match-to-
sample) 

congruent, 
incongruent 

fMRI 

  other HIV 31 13/18 60 ± 7 14 ± 2       
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(47 - 78) (10-19) 

  other PD 35 14/21 
65 ± 8 

(49 - 79) 
17 ± 2 
(12-21) 

      

Nombela et 
al, 2014 

cross 
sectional 

YA 20s 17  (20 - 29)    Stroop 
modified 
(animal) 

congruent, 
incongruent 

EEG 

  YA 30s 20  (30 - 39)        
  MA 40s 17  (40 - 49)        
  MA 50s 18  (50 - 59)        

  HA 60s 18  (60 - 69)        

Onur et al, 

2011 
RCT YA  15 6/9 

24.23 ± 

3.09 
N.R.   

Simon 

& 
Stroop 

visual–

spatial 
version 

congruent, 

incongruent 
fMRI 

  HA  13 5/8 
63.81 ± 

6.00 
N.R.       

Pišljar et al, 
2013 

cross 
sectional 

HA  24 14/10 72.8 ± 6 8.9 ± 2.7 
29.4 ± 

0.6 
 Stroop 

standard 
or partially 
modified 

congruent, 
incongruent, 

neutral, 
verbal, 
reading 

EEG/ 
ERP 

  other D 34 20/14 
72.8 ± 

4.2 
8.2 ± 1.9 

28.7 ± 
1.0 

   
 

 

Puente et 
al, 2014 

cross 
sectional 

HA  26 16/10 74 ± 5.5 17 ± 2.3 

28.0 ± 

2 (23-
30) 

 Stroop 

standard 

or partially 
modified 

congruent, 

incongruent, 
neutral 

fMRI 

  MCI  17 10/7 75 ± 6.3 14.4 ± 3.4 
25.9 ± 

2.4 (19-
30) 

     

Ramos-

Goicoa et al, 
2016 

cross 
sectional 

HA*  45 28/17 
65.4 ± 

9.2 
10.1 ± 5.3 

28.5 ± 
1.3 

 Stroop 

standard 

or partially 
modified 

congruent, 

incongruent, 
neutral 

EEG/ 
ERP 

  MCI* amnestic 39 21/18 
70.7 ± 

9.1 
9.9 ± 5.2 

25.5 ± 
2.5 

     

Sánchez-

Moguel et 

al, 2018 

cross 

sectional 
HA 

normal-

EEG 
22 13/9 

65.54 ± 

5.21 

15.81 ± 

5.13 
  Stroop 

modified 

(counting) 

congruent, 

incongruent 

EEG/ 

ERP 

   
theta-
EEG 

22 13/9 
67.59 ± 

5.81 
15.31 ± 

3.84 
      

Sánchez-
Moguel et 
al, 2022 

cross 
sectional 

HA 
normal-

EEG 
23 13/10 >60 >9 > 27  Stroop 

modified 
(counting) 

congruent, 
incongruent 

EEG/ 
ERP 

   
theta-

EEG 
23 13/10 >60 >9 > 27      
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Schroeter et 
al, 2007 

cross 
sectional 

HA  12 7/5 
64.5 ± 2 
(62 - 67) 

   Stroop 

standard 

or partially 
modified 

congruent, 

incongruent, 
neutral 

fNIRS 

  other CMA 12 2/10 
61.2 ± 

4.9 (54 - 
68) 

       

Schulte et 
al, 2011 

cross 
sectional 

YA  19 10/9 
23.6 ± 3 
(19 - 30) 

15.8 ± 1.1   Stroop 
modified 

(match-to-

sample) 

congruent, 
incongruent 

fMRI 

  HA  14 6/8 
71 ± 8.7 

(58 - 85) 
17.3 ± 2.7 N.A.      

Singh et al, 
2018 

cross 
sectional 

HA  28 11/17 
69.2 ± 

9.2 
16.6 ± 3.1 

28.8 ± 
1.0 

 Simon modified 
congruent, 
incongruent 

EEG/ 
ERP 

  other PD 28 11/17 
69.8 ± 

8.59 

17.3 ± 

3.24 

28.6 ± 

1.06 
     

Singh et al, 
2023 

cross 
sectional 

HA  49 23/26 
70.9 ± 

1.1 
N.R.  

26.7 ± 
0.3 

Simon 
standard 

or partially 
modified 

congruent, 
incongruent 

EEG/ 
ERP 

  MCI PDMCI 34 9/25 
71.2 ± 

1.4 
N.R.  

23.7 ± 
0.2 

    

  other PD 47 20/27 
66.0 ± 

1.1 
N.R.  

27.4 ± 

0.2 
    

  other PDD 19 3/16 
70.2 ± 

1.9 
N.R.  

17.8 ± 
0.8 

    

Tam et al, 
2015 

cross 
sectional 

YA  15 9/6 23.5 ± 1.6 17.2 ± 1.0  N.R. Stroop 
standard 

or partially 
modified 

congruent, 
incongruent, 

neutral 
fMRI 

  HA  28 17/11 64.8 ± 8.7 15.9 ± 3.4  N.R.     

Vidoni et al, 
2013 

cross 
sectional 

HA  18 9/9 
72.2 ± 

7.2 
N.R. 

29.2 (27 
- 30) 

 Stroop 
modified 

(word/arro
w) 

congruent, 
incongruent 

fMRI 

  other AD 16 7/9c 
74.9 ± 

7.4 
N.R. 

26.8 (24 
- 30) 

     

West and 
Bell, 1997 

cross 
sectional 

YA  20 10/10 
20.30 (18 

- 28) 
13.9 28.28  Stroop 

modified 
(spatially 

integrated/
separated) 

congruent, 
incongruent 

EEG 

  HA  19 10/9 
70.47 (62 

- 78) 
14.8 28.0      

You et al, 
2021 

RCT MCI placebo 10 7/3 

63.40 ± 

2.41 (60 
- 75) 

10.40 ± 

3.69 
26.58 ± 

1.35 
 Stroop 

standard 

or partially 
modified 

congruent, 

incongruent, 
neutral 

fMRI 
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  MCI 

CC 

supplem
ent 

10 7/3 

64.00 ± 

4.00 (60 
- 75) 

10.90 ± 

3.54 

27.09 ± 

1.38 
     

Zurrón et al, 
2014 

cross 
sectional 

YA  11 3/8 
20.5 ± 

1.4 
N.R.   Stroop 

standard 
or partially 
modified 

congruent, 
incongruent 

EEG/ 
ERP 

   HA  11 3/8 
67.6 ± 

6.4 
N.R.       

Note. AD, Alzheimer’s Disease. aMCI, amnestic MCI. CAS, Carotid Atherosclerosis. HIV, Human Immune-deficiency Virus. CC Supplement, Cosmos caudatus 
Supplement. c-C, congruent-congruent. CDCP, Compatible Direction and Compatible Position. CDIP, Compatible Direction and Incompatible Position. CH-NAT, 

normal Aβ/tau ratios. CH-PAT, abnormal Aβ/tau ratios. c-I, congruent-Incongruent. CMA, Cerebral Microangiopathy. D, Depression. EEG, Electroencephalography. 
ERP, Event-Related Potential. fMRI, functional Magnetic Resonance Imaging. fNIRS, functional Near Infrared Spectroscopy. HA, Healthy Ageing. HCR, High 

Cognitive Reserve. i-C, incongruent-congruent. IDCP, Incompatible Direction and Compatible Position. IDIP, Incompatible Direction and Incompatible Position. i-
I, incongruent-incongruent. LCR, Low Cognitive Reserve. M, Mean. MA, Middle-aged Adults. MCI, Mild Cognitive Impairment. mdaMCI, multiple domains amnestic 
MCI. mdnaMCI, multiple domains non amnestic MCI. Met/Met, Met/Met genotype carriers. MMSE, Mini Mental State Examination. MoCA, Montreal Cognitive 
Assessment. N.R., Assessed but not Reported. N, Number. W/M, Women/Men. PD, Parkinson’s Disease. PDD, Dementia in PD. PDMCI, MCI due to Parkinson’s 
Disease. RCT, Randomized Controlled Trial. SD, Standard Deviation. sdaMCI, single domain amnestic MCI. SIVCIND, Subcortical Ischemic Vascular Cognitive 
Impairment No Dementia. SIVD, Subcortical Ischemic Vascular Dementia. SMC, Subjective Memory Complaints. SP, Stroke Patients. TIA, Transient Ischemic 
Attack. Val/Met, Val/Met genotype carriers. Val/Val, Val/Val genotype carriers.  

 

 

Table 6.2. Main reactions times findings. 

Study YA MA HA SCD MCI 
other  

patho-
logies 

sub- 
groups 

main RT findings between groups 

Stroop studies         
Arakaki et al, 2022        Comparisons not statistically significant 

RT incongruent   
973.37 ± 

164.9a 
   

All 
participan

ts 
 

RT congruent   
763.79 ± 

112.03a 
     

Stroop effect   209.58      
Cohen's d    1.51      

RT incongruent   
994.57 ± 
186.64  

   CH-NAT  

RT congruent   
784.92 ± 
125.16 

     

Stroop effect   209.65      
Cohen's d    1.34      
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RT incongruent   
952.18 ± 

143.23 
   CH-PAT  

RT congruent   742.66 ± 98.90      
Stroop effect   209.52      

Cohen's d    1.73      
Burin and Kawashima, 
2021 

       Comparisons not statistically significant 

RT incongruent   
1933.42 ± 

330.45 
   

All 

participan
ts 

  

RT congruent   N.A.      
Stroop effect   N.A.      

Cohen's d    N.A.      
RT incongruent   N.A.    1PP  

RT congruent   N.A.      
Stroop effect   N.A.      

Cohen's d    N.A.      
RT incongruent   N.A.    3PP  

RT congruent   N.A.      
Stroop effect   N.A.      

Cohen's d    N.A.      

Byun et al, 2024         

RT incongruent   1623.80    control No significant difference at baseline Stroop 
Interference (incongruent - neutral trials) 
between the control group and the mild 
exercise group. 

RT congruent   N.A.     
Stroop effect   N.A.     

Cohen's d    N.A.     

RT incongruent   1577.60     
mild 

exercise 
 

RT congruent   N.A.       
Stroop effect   N.A.       

Cohen's d    N.A.       
Faulkner et al, 2017        • HA < TIA 

RT incongruent   N.A.   N.A. TIA  

RT congruent   N.A.   N.A.   

Stroop effect   N.A.   N.A.   
Cohen's d    N.A.   N.A.   

Gajewski et al, 2012        • Val/Val > Val/Met-Met/Met 

RT incongruent   
1105.00 ± 
180.83a 

   
All 

participan
ts 

 

RT congruent   
955.00 ± 

172.82a 
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Stroop effect   150.00      

Cohen's d    0.85      
RT incongruent   N.A.     Val/Val  

RT congruent   N.A.      
Stroop effect   N.A.      

Cohen's d    N.A.      
RT incongruent   N.A.    Val/Met-  

RT congruent   N.A.    Met/Met  

Stroop effect   N.A.      
Cohen's d    N.A.      

Gajewski and 
Falkenstein, 2015 

       Comparisons not statistically significant 

RT incongruent   
1106.00 ± 
178.98a 

   
All 

participan

ts 

 

RT congruent   
976.00 ± 
178.98a 

     

Stroop effect   130.00      
Cohen's d    0.73      

RT incongruent   N.A.    
Low 

active 
 

RT congruent   N.A.      

Stroop effect   N.A.      
Cohen's d    N.A.      

RT incongruent   N.A.    Active  
RT congruent   N.A.      
Stroop effect   N.A.      

Cohen's d    N.A.      

Gajewski et al, 2020        • HA > YA 

RT incongruent 

885.85 
± 

125.47a

,c 

1001.45 ± 
176.25a,c 

1430.41 ± 
195.30a,c 

   
All 

participan

ts 

• HA > MA 

RT congruent 

762.54 

± 
122.16a

,c 

879.59 ± 
159.73a,c 

1149.07 ± 
187.13a,c 

     

Stroop effect 123.31 121.86 281.34      
Cohen's d  1.00 0.73 1.47      

RT incongruent   
1149.52 ± 
178.40a,c 

   
old high 

performer

s 
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RT congruent   
919.34 ± 

147.74a,c 
     

Stroop effect   230.18      
Cohen's d    1.41      

RT incongruent   
1407.01 ± 
178.24a,c 

   
old mid 

performer
s 

 

RT congruent   
1130.63 ± 

172.52a,c 
     

Stroop effect   276.38       

Cohen's d    1.58      

RT incongruent   
1734.72 ± 
229.27a,c 

   
old low 

performer
s 

 

RT congruent   
1397.25 ± 
241.15a,c 

     

Stroop effect   337.48      
Cohen's d    1.43      

Gauthier et al, 2013        
Both control and inhibition - switching 
condition: 

RT incongruent 

898.20 

± 

212.02a 

 
1239.91 ± 

524.81a 
    • HA > YA 

RT congruent 
575.52 

± 
139.97a 

 
696.78 ± 

129.29a 
     

Stroop effect 322.68  543.13      
Cohen's d  1.83  1.71      

Goenarjo et al, 2021        • HA > MA  

RT incongruent   
1009.90 ± 

206.50 
   

All 
participan

ts  
• HA lower-fit > HA higher-fit  

RT congruent   
861.30 ± 

132.30 
     

Stroop effect   148.60      
Cohen's d    0.88      

RT incongruent  
930.70 ± 
106.60 

1085.90 ± 
132.90 

   Higher-fit  
 

RT congruent  
841.70 ± 

89.20 853.70 ± 13.60 
     

Stroop effect  89.00 232.20      

Cohen's d   0.91 3.17      
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RT incongruent  
840.00 ± 

160.90 

1264.10 ± 

177.40 
   Lower-fit  

RT congruent  
744.30 ± 

99.60 
1040.80 ± 

111.40 
     

Stroop effect  99.70 223.30      
Cohen's d   0.73 1.55      

Hamasaki et al, 2018a        Stroop interference time (difference  
RT incongruent N.A. N.A. N.A.      between EASY and HARD conditions)  

RT congruent N.A. N.A. N.A.     • HA > YA  
Stroop effect N.A. N.A. N.A.     YA (0.32), 50s (0,32), 60s (0,41), 70s (0,58) 

Cohen's d  N.A. N.A. N.A.     Stroop interference: 
Hamasaki et al, 2018b        • high stiffness > low stiffness  

RT incongruent   N.A.    
All 

participan

ts  
RT congruent   N.A.      
Stroop effect   N.A.      

Cohen's d    N.A.      
RT incongruent   N.A.    Low  

RT congruent   N.A.    stiffness  
Stroop effect   N.A.      

Cohen's d    N.A.      

RT incongruent   N.A.    High  
RT congruent   N.A.    stiffness  
Stroop effect   N.A.      

Cohen's d    N.A.      
Heiberg et al, 2023        Congruent and incongruent:  

RT incongruent   
1520.00 ± 

380.00 
  

1850.00 

± 
380.00 

SP • SP > HA 

RT congruent   
1370.00 ± 280. 

00 
  

1580.00 
± 

350.00 
  

Stroop effect   150.00   270.00   

Cohen's d    0.45   0.74   
Huang et al, 2022        Congruent and incongruent: 

RT incongruent 725.00  1053.00     • HA > YA  
RT congruent 211.00  529.00      
Stroop effect 514.00  524.00      

Cohen's d  N.A.  N.A.      

Ji et al, 2019        
The Stroop effect and Cohen's d cannot be 

calculated 
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RT incongruent   N.A.     because the executive task  

RT congruent   N.A.     contains both incongruent 
Stroop effect   N.A.      and congruent trials 

Cohen's d    N.A.      
Kaufmann et al, 2008        Overall response latencies were  

RT incongruent physical   
704.50 ± 
101.50a,d 

 
685.50 ± 
74.50a,d 

  comparable between groups. 

RT incongruent numerical   
713.50 ± 

103.50a,d 
 

688.00 ± 

118.00a,d 
   

Stroop effect   N.A.  N.A.    

Cohen's d    N.A.  N.A.    
Kricheldorff et al, 2023        • PD > HA 

RT incongruent   N.A.   N.A. PD  
RT congruent   N.A.   N.A.   

Stroop effect   N.A.   N.A.   
Cohen's d    N.A.   N.A.   

Laguë-Beauvais et al, 
2013 

       Interference: 

RT incongruent 
807.89 

± 
131.27 

 
1033.58 ± 

99.43 
    • HA > YA 

RT congruent N.A.  N.A.      

Stroop effect N.A.  N.A.      
Cohen's d  N.A.  N.A.      

Langenecker et al, 2004        Comparisons not statistically significant  

RT incongruent 
799.00 

± 
134.00 

 
851.00 ± 
115.00 

     

RT congruent 
693.00 

± 
111.00 

 
733.00 ± 
133.00 

     

Stroop effect 106.00  118.00      
Cohen's d  0.87  0.95      

Lau et al, 2020        N.R.  

RT incongruent     N.A.    
RT congruent     N.A.    
Stroop effect     N.A.     

Cohen's d      N.A.     
RT incongruent     N.A.     

RT congruent     N.A.     
Stroop effect     N.A.     

Cohen's d      N.A.     
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Li et al, 2009        • AD > MCI > HA 

RT incongruent   528.41 ± 97.55  
595.03 ± 
157.21 

678.32 
± 

155.39 
AD  

RT congruent   N.A.  N.A. N.A.   
Stroop effect   N.A.  N.A. N.A.   

Cohen's d    N.A.  N.A. N.A.   
Li et al, 2012        • SIVD > SIVCIND > HA   

RT incongruent   531.46 ± 98.76   
714.63 

± 

145.61 

SIVD  

RT congruent   N.A.   N.A.   
Stroop effect   N.A.   N.A.   

Cohen's d    N.A.   N.A.   

RT incongruent      
627.18 

± 
139.55 

SIVCIND  

RT congruent      N.A.   
Stroop effect      N.A.   

Cohen's d       N.A.   
Manard et al, 2017        • HA > YA 

RT incongruent 

841.00 

± 
142.30a 

 
1019.00 ± 
192.30a 

     

RT congruent 
733.00 

± 
143.10a 

 
852.00 ± 
143.10a 

     

Stroop effect 108.00  167.00      

Cohen's d  0.76  1.00      
Mason et al, 2022        Comparisons not statistically significant 

RT incongruent   1040.00b   
1090.00

b 
CAS  

RT congruent   N.A.   N.A.   

Stroop effect   N.A.   N.A.   

Cohen's d    N.A.   N.A.   
Mathis et al, 2009        All conditions: 

RT incongruent 
1126.0

0 ± 
98.00 

1258.00 ± 

65.00 

1278.00 ± 

61.00 
    • YA < HA  

RT congruent 
1070.0

0 ± 

85.00 

1200.00 ± 
95.00 

1190.00 ± 
67.00 

    • YA < MA 
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Stroop effect 56.00 58.00 88.00      

Cohen's d  0.61 0.73 1.38      
Milham et al, 2002        Interference effect: 

RT incongruent N.A.  N.A.     • HA > YA 
RT congruent N.A.  N.A.      
Stroop effect N.A.  N.A.      

Cohen's d  N.A.  N.A.      
Müller-Oehring et al, 

2022 
       Comparisons not statistically significant 

RT incongruent   857.50a   897.50a HIV  

RT congruent   799.00a   825.00a   
Stroop effect   58.50   72.50   

Cohen's d    N.A.   N.A.   
RT incongruent      890.00a PD  

RT congruent      830.00a   
Stroop effect      60.00   

Cohen's d       N.A.   
Nombela et al, 2014        Significant differences of all groups with  

RT incongruent 
820.00 
(20s)a 

920.00 (40s)a 960.00 (60s)a     respect to HA. 

RT congruent 
700.00 

(20s)a 
780.00 (40s)a 810.00 (60s)a      

Stroop effect 
120.00 
(20s) 

140.00 (40s) 150.00      

Cohen's d  N.A. N.A. N.A.      

RT incongruent 
900.00 
(30s)a 

975.00 (50s)a       

RT congruent 
680.00 

(30s)a 
810.00 (50s)a       

Stroop effect 
220.00 
(30s) 

165.00 (50s)       

Cohen's d  N.A.  N.A.        
Pišljar et al, 2013        • D > HA  

RT incongruent   
1124.43 ± 
137.64d 

  

1426.68 

± 
226.08d 

D  

RT congruent   
868.95 ± 

117.44d 
  

1104.90 
± 

199.09d 
  

Stroop effect   255.48   321.79   
Cohen's d    2.00   1.51   

Puente et al, 2014        Comparisons not statistically significant 
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RT incongruent   
1084.60 ± 

182.00 
 

1173.50 

± 337.70 
   

RT congruent   
837.50 ± 
131.10 

 
864.80 ± 
167.90 

   

Stroop effect   247.10  308.70    
Cohen's d    1.58  1.22    

Ramos-Goicoa et al, 
2016 

        

RT incongruent  
549.80 ± 
108.30 

601.70 ± 
152.00 

 
553.80 ± 

76.80 
 MA aMCI • HA > MA  

RT congruent  
529.70 ± 

85.10 
563.80 ± 
132.50 

 
517.20 ± 

61.00 
   

Stroop effect  20.10 37.90  36.60    
Cohen's d   0.21 0.27  0.53    

RT incongruent     
626.20 ± 
102.90 

 HA aMCI  

RT congruent     
582.30 ± 

88.80 
   

Stroop effect     43.90    
Cohen's d      0.46    

Sánchez-Moguel et al, 

2018 
       Stroop interference: 

RT incongruent   
707.46 ± 

63.21a 
   

All 
participan

ts 
• normal EEG > Theta EEG  

RT congruent   
651.25 ± 

58.93a 
     

Stroop effect   56.21      

Cohen's d    0.92      

RT incongruent   721.80 ± 53.83    
Normal-

EEG 
 

RT congruent   652.88 ± 52.61      
Stroop effect   68.92      

Cohen's d    1.30      

RT incongruent   702.12 ± 72.60    
Theta-
EEG 

 

RT congruent   649.62 ± 65.25      
Stroop effect   52.50      

Cohen's d    0.76      
Sánchez-Moguel et al, 
2022 

       
The Theta-EEG group showed fewer 
differences 

RT incongruent   713.09 ±    All Between stimulus types than  
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66.01a participan

ts  

RT congruent   
657.53 ± 

65.03a 
    the Normal-EEG group. 

Stroop effect   54.56      
Cohen's d    0.83      

RT incongruent   727.47 ± 59.21    
Normal-

EEG 
 

RT congruent   658.97 ± 59.13      
Stroop effect   68.50      

Cohen's d    1.16      

RT incongruent   698.71 ± 72.81    
Theta-
EEG 

 

RT congruent   656.10 ± 70.93      

Stroop effect   42.61      
Cohen's d    0.59      

Schroeter et al, 2007        • CMA > HA  

RT incongruent   
1543.00 ± 
298.00 a 

  
2571.00 

± 
890.00a 

CMA  

RT congruent   N.A.   N.A.   

Stroop effect   N.A.   N.A.   

Cohen's d    N.A.   N.A.   
Schulte et al, 2011        Stroop effects: 

RT incongruent 
863.30 

± 
223.00a 

 
773.10 ± 
203.99a 

    • HA < YA 

RT congruent 

800.70 

± 
212.15a 

 
747.30 ± 
190.48a 

     

Stroop effect 62.60  25.80      
Cohen's d  0.29  0.13      

Tam et al, 2015        Comparisons not statistically significant 

RT incongruent 

684.60 

± 
144.60 

 
747.70 ± 
116.70 

     

RT congruent 
567.50 

± 
123.20 

 607.80 ± 98.00      

Stroop effect 117.10  139.90      
Cohen's d  0.87  1.30      

Vidoni et al, 2013        N.R. 
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RT incongruent   
1075.00 ± 
204.00b  

  

1103.00 

±195.0
0b  

AD  

RT congruent   
940.00 ± 

213.00b  
  

991.00 
± 

171.00b 
  

Stroop effect   135.00   112.00   
Cohen's d    0.65   0.61   

West and Bell, 1997        Interference:  

RT incongruent 
750.00a

,b 
 1100.00a,b     Comparisons not statistically significant 

RT congruent 
612.50a

,b 
 822.00a,b      

Stroop effect 137.50  278.00      

Cohen's d  N.A.  N.A.      
You et al, 2021        N.R.  

RT incongruent     
1574.09 
± 96.21d 

   

RT congruent     
1174.51 

± 105.61d 
   

Stroop effect     399.58    

Cohen's d      N.A.     

RT incongruent     
1557.39 
± 83.21d 

   

RT congruent     
1157.39 

± 196.04d 
   

Stroop effect     400.00    
Cohen's d      N.A.     

Zurrón et al, 2014        • HA > YA  

RT incongruent 
647.00 
± 79.00 

 
951.00 ± 
170.00 

     

RT congruent 
587.00 
± 88.00 

 
827.00 ± 
134.00 

     

Stroop effect 60.00  124.00      

Cohen's d  0.72  0.82      
Simon studies         
Cespón et al, 2013        Comparisons not statistically significant 

RT incongruent   595.00 ± 85.00  
631.00 ± 
123.00 

 sdaMCI  

RT congruent   544.00 ± 86.00  
580.00 ± 
109.00 

   

Simon effect   51.00  51.00    
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Cohen's d    0.44 . 0.44    

RT incongruent     
664.00 ± 
121.00 

 mdaMCI  

RT congruent     
595.00 ± 

97.00 
   

Simon effect     69.00    
Cohen's d      0.63    

Cespón et al, 2015a        N.R. 

RT incongruent   
624.80 ± 
109.46a 

 
636.20 ± 
109.60a 

 sdaMCI  

RT congruent   
567.50 ± 

98.00a 
 

583.30 ± 
98.70a 

   

Simon effect   52.90  52.90    
Cohen's d    0.51  0.51    

RT incongruent     
667.30 ± 
109.46a 

 mdaMCI  

RT congruent     
611.20 ± 

97.68a 
   

Simon effect     56.10    
Cohen's d      0.54    

Cespón et al, 2015b        Comparisons not statistically significant 

RT incongruent   604.00 ± 89.00  
602.00 ± 

48.00 
 mdnaMCI  

RT congruent   551.00 ± 92.00  
565.00 ± 

55.00 
   

Simon effect   37.00  37.00    
Cohen's d    0.72  0.72    

RT incongruent     
636.00 ± 

125.00 
 sdaMCI  

RT congruent     
584.00 ± 
112.00 

   

Simon effect     52.00    
Cohen's d      0.44    

RT incongruent     
667.00 ± 

128.00 
 mdaMCI  

RT congruent     
599.100.

00 
   

Simon effect     68.00    
Cohen's d      0.60    

Cespón et al, 2018        Comparisons not statistically significant 

RT incongruent    
593.0

0 ± 
  Low SMC  



151 
 

80.00 

RT congruent    
555.0
0 ± 

88.00 
    

Simon effect    62.00     
Cohen's d     0.94     

RT incongruent    
614.0
0 ± 

71.00 

  High SMC  

RT congruent    

552.0

0 ± 
61.00 

    

Simon effect    62.00     
Cohen's d     0.94     

Cespón et al, 2022        Both congruent and incongruent: 
RT incongruent 413.00  553.00     • HA > YA 

RT congruent 384.00  502.00      
Simon effect 51.00  51.00      

Cohen's d  N.A.  N.A.      
Katayama et al, 2023        Both congruent and incongruent: 

RT incongruent   
610.00 ± 

90.00c 
 

670.00 ± 

100.00c 
  • MCI > HA 

RT congruent   
580.00 ± 

90.00c 
 

630.00 ± 
100.00c 

   

Simon effect   40.00  40.00    
Cohen's d    0.40  0.40    

Singh et al, 2018        Comparisons not statistically significant 
RT incongruent   590.00a   600.00a PD  

RT congruent   550.00a   560.00a   
Simon effect   40.00   40.00   

Cohen's d    N.A.   N.A.   
Singh et al, 2023        For the Simon task, there was a main effect of 

Group but no interaction. These findings 

indicate that PD-related cognitive dysfunction 

does not reliably affect behavioural indicators 
of control adaptation during incongruent 
Simon trials. 

RT incongruent   558.00b  562.00b 522.00b PDMCI 

RT congruent   537.00b  520.00b 499.00b  PD 

Simon effect   N.A.  N.A. N.A.  
Cohen's d    N.A.  N.A. N.A.  

RT incongruent      540.00b PDD 
RT congruent      N.A.    
Simon effect      N.A.    

Cohen's d       N.A.    
Simon and Stroop 

studies 
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Cespón et al, 2023        N.R. 

RT incongruent (Simon)   
593.95 ± 

72.75a 
   

All 
participan

ts 
 

RT congruent (Simon)   
542.40 ± 

66.50a 
     

Simon effect   51.55      
Cohen's d (Simon)    0.74      

RT incongruent (Stroop)   
653.30 ± 

97.10a 
     

RT congruent (Stroop)   
568.95 ± 

78.35a 
     

Stroop effect   84.35      
Cohen's d (Stroop)    0.96      

RT incongruent (Simon)   605.50 ± 87.90    LCR  
RT congruent (Simon)   550.30 ± 72.20      

Simon effect   55.20      
Cohen's d (Simon)    0.69      

RT incongruent (Stroop)   
677.90 ± 
114.50 

     

RT congruent (Stroop)   583.60 ± 73.80      

Stroop effect   94.30      

Cohen's d (Stroop)    1.00      
RT incongruent (Simon)   582.40 ± 57.60    HCR  

RT congruent (Simon)   534.50 ± 60.80      
Simon effect   47.90      

Cohen's d (Simon)    0.81      
RT incongruent (Stroop)   628 70 ± 79.70      

RT congruent (Stroop)   554.30 ± 82.90      
Stroop effect   74.40      

Cohen's d (Stroop)    0.92      
Onur et al, 2011        Interference: 

RT incongruent N.A.   N.A.      • HA > YA 

RT congruent N.A.   N.A.       

Simon effect N.A.   N.A.       
Stroop effect N.A.   N.A.       

Cohen's d  N.A.   N.A.           

Note. Reaction Time (RT) values are expressed in milliseconds as mean ± standard deviation.  

AD, Alzheimer’s Disease. aMCI, amnestic MCI. CAS, Carotid Atherosclerosis. CH-NAT, normal Aβ/tau ratios. CH-PAT, abnormal Aβ/tau ratios. CMA, Cerebral 

Microangiopathy. D, Depression. HA, Healthy Ageing. HCR, High Cognitive Reserve. HIV, Human Immune-deficiency Virus. LCR, Low Cognitive Reserve. MA, 

Middle-aged Adults. MCI, Mild Cognitive Impairment. mdaMCI, multiple domains amnestic MCI. mdnaMCI, multiple domains non amnestic MCI. Met/Met, Met/Met 
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genotype carriers. N.A., Not available or not available for individual subgroups, as the studies only included one group. N.C., Not Computable. N.R., Not Reported. 

PD, Parkinson’s Disease. PDD, Dementia in PD. PDMCI, MCI due to Parkinson’s Disease. SCD, Subjective Cognitive Decline. sdaMCI, single domain amnestic MCI. 

SIVCIND, Subcortical Ischemic Vascular Cognitive Impairment No Dementia. SIVD, Subcortical Ischemic Vascular Dementia. SMC, Subjective Memory Complaints. 

SP, Stroke Patients. TIA, Transient Ischemic Attack. Val/Met, Val/Met genotype carriers. Val/Val, Val/Val genotype carriers. YA, Young Adults.  
a The values were obtained by calculations based on the data available in the study (e.g., subgroups, standard errors, figures). 
b Median values. 
c Data received by the authors.  
d Data only for correct responses. 

 

 

Table 6.3. Main error rates findings. 

Study YA MA HA SCD MCI 
other 

pathologi
es 

subgroup
s 

main ER findings between 
groups 

Stroop studies         

Arakaki et al, 2022        
Comparisons not statistically 

significant 

ER incongruent   
10.00 ± 
4.50a,c 

   
All 

participant

s 

 

ER congruent   6.00 ± 2.50a,c      
Stroop effect   4.00      

Cohen's d    1.14      

ER incongruent   
10.00 ± 
4.00** 

   CH-NAT  

ER congruent   
6.00 ± 
3.00** 

     

Stroop effect   4.00      
Cohen's d    1.14      

ER incongruent   
10.00 ± 

5.00** 
   CH-PAT  

ER congruent   
6.00 ± 
2.00** 

     

Stroop effect   4.00      
Cohen's d    1.14      

Burin and Kawashima, 
2021 

       
Comparisons not statistically 

significant 

ER incongruent   15.79 ± 1.41    
All 

participant
s 
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ER congruent   N.A.      

Stroop effect   N.A.      
Cohen's d    N.A.      

RT incongruent   N.A.    1PP  
RT congruent   N.A.      
Stroop effect   N.A.      

Cohen's d    N.A.      
RT incongruent   N.A.    3PP  

RT congruent   N.A.      
Stroop effect   N.A.      

Cohen's d    N.A.      
Byun et al, 2024        N.R. 

ER incongruent   19.30    control  
ER congruent   N.A.      

Stroop effect   N.A.      
Cohen's d    N.A.      

ER incongruent   15.80    
mild 

exercise 
 

ER congruent   N.A.      
Stroop effect   N.A.      

Cohen's d    N.A.      

Faulkner et al, 2017        N.R. 

ER incongruent   N.A.   N.A. TIA  
ER congruent   N.A.   N.A.   
Stroop effect   N.A.   N.A.   

Cohen's d    N.A.   N.A.   

Gajewski et al, 2012        
Incompatible trials (colour 

naming): 

ER incongruent   5.10 ± 6.80a    
All 

participant
s 

• Val/Val > Val/Met-Met/Met 

ER congruent   1.60 ± 2.28a      
Stroop effect   3.50      

Cohen's d    0.77      

ER incongruent   6.30 ± 6.22a    Val/Val  
ER congruent   1.60 ± 6.22a      
Stroop effect   4.70      

Cohen's d    0.76      
ER incongruent   3.80 ± 7.21a    Val/Met -  

ER congruent   1.60 ± 6.48a    Met/Met  
Stroop effect   2.20      

Cohen's d    0.32      
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Gajewski and 

Falkenstein, 2015 
       

Incompatible trials of the color-

naming: 

ER incongruent   2.90 ± 3.79a    
All 

participant
s 

• Low active > Active 

ER congruent   1.30 ± 1.26a      
Stroop effect   1.60      

Cohen's d    0.63      

ER incongruent   N.A.    Low active  
ER congruent   N.A.      

Stroop effect   N.A.      
Cohen's d    N.A.      

ER incongruent   N.A.    Active  
ER congruent   N.A.      

Stroop effect   N.A.      
Cohen's d    N.A.      

Gajewski et al, 2020        • HA > YA 

ER incongruent 
8.17 ± 
6.51a,c 

12.10 ± 
11.71a,c 

13.70 ± 
9.58a,c 

   
HA All 

participant
s • HA > MA 

ER congruent 
2.00 ± 

2.52a,c 

2.04 ± 

3.45a,c 
1.82 ± 3.52a,c      

Stroop effect 6.17 10.06 11.89      
Cohen's d  1.37 1.33 1.81      

ER incongruent   7.81 ± 5.89a,c    
old high 

performers 
 

ER congruent   1.35 ± 2.45a,c      
Stroop effect   6.45      

Cohen's d    1.55      

ER incongruent   
13.06 ± 
10.20a,c 

   
old middle 
performers 

 

ER congruent   1.67 ± 4.18a,c      
Stroop effect   11.39      

Cohen's d    1.58      

ER incongruent   
20.25 ± 
12.67a,c 

   
old low 

performers 
 

ER congruent   2.42 ± 3.93a,c      
Stroop effect   17.82      

Cohen's d    2.15      

Gauthier et al, 2013        
Both control and inhibition - 

switching 

ER incongruent 3.81 ±  12.61 ±     condition: 
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4.56a,c 13.41a,c 

ER congruent 
0.48 ± 
1.33a,c 

 2.42 ± 8.96a,c     • HA > YA 

Stroop effect 3.33  10.19      
Cohen's d  1.13  0.90      

Goenarjo et al, 2021        
Comparisons not statistically 

significant 

ER incongruent   3.30 ± 4.60c    

All 

participant
s 

 

ER congruent   2.60 ± 2.70c      
Stroop effect   0.70      

Cohen's d    0.19      
ER incongruent  1.70 ± 1.50c 2.00 ± 3.60c    Higher-fit  

ER congruent  3.70 ± 3.70c 0.70 ± 0.90c      
Stroop effect  -2.00 1.30      

Cohen's d   -0.77 0.58      
ER incongruent  5.30 ± 7.20c 5.00 ± 4.60c    Lower-fit  

ER congruent  2.50 ± 1.80c 3.00 ± 2.70c      
Stroop effect  2.80 2.00      

Cohen's d   0.62 0.55      

Hamasaki et al, 2018a        N.R. 

ER incongruent N.A. N.A. N.A.      
ER congruent N.A. N.A. N.A.      
Stroop effect N.A. N.A. N.A.      

Cohen's d  N.A. N.A. N.A.      
Hamasaki et al, 2018b        N.R. 

ER incongruent   N.A.    

All 

participant
s 

 

ER congruent   N.A.      
Stroop effect   N.A.      

Cohen's d    N.A.      

ER incongruent   N.A.    Low  

ER congruent   N.A.    stiffness  
Stroop effect   N.A.      

Cohen's d    N.A.      
ER incongruent   N.A.    High  

ER congruent   N.A.    stiffness  
Stroop effect   N.A.      

Cohen's d    N.A.      

Heiberg et al, 2023        Congruent and incongruent: 
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ER incongruent   11.20 ± 5.00b   
24.90 ± 

23.70b 
SP • SP > HA 

ER congruent   1.70 ± 2.20b   
5.10 ± 
7.90b 

  

Stroop effect   9.50   19.80   
Cohen's d    2.64   1.25   

Huang et al, 2022        Accuracy (incongruent): 
ER incongruent 5.72c  14.93c     • HA < YA 

ER congruent 3.51c  8.27c      
Stroop effect 2.21  6.66      

Cohen's d  N.A.  N.A.      
Ji et al, 2019        The Stroop effect and Cohen's d 

cannot be calculated because the 
executive task contains both 

incongruent and congruent trials. 

ER incongruent   N.A.     
ER congruent   N.A.     

Stroop effect   N.A.     
Cohen's d    N.A.      

Kaufmann et al, 2008        
Comparisons not statistically 

significant 

ER incongruent physical   
20.00 ± 
28.50a 

 
36.50 ± 
23.00a 

   

ER incongruent numerical   
41.50 ± 

18.50a 
 

41.50 ± 

20.50a 
   

Stroop effect   N.A.  N.A.    
Cohen's d    N.A.  N.A.    

Kricheldorff et al, 2023        • PD > HA 
ER incongruent   N.A.   N.A. PD  

ER congruent   N.A.   N.A.   
Stroop effect   N.A.   N.A.   

Cohen's d    N.A.   N.A.   
Laguë-Beauvais et al, 
2013 

       Interference: 

ER incongruent 
2.00 ± 
2.43c 

 5.56 ± 7.00c     • HA > YA 

ER congruent N.A.  N.A.      

Stroop effect N.A.  N.A.      
Cohen's d  N.A.  N.A.      

Langenecker et al, 2004        • HA > YA 

ER incongruent 4.90 ± 5.20  
16.60 ± 
10.00 

     

ER congruent 2.30 ± 2.00  12.60 ± 8.60      
Stroop effect 2.60  4.00      

Cohen's d  0.72  0.43      
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Lau et al, 2020        N.R. 

ER incongruent     N.A.    
ER congruent     N.A.    
Stroop effect     N.A.    

Cohen's d      N.A.    
ER incongruent     N.A.    

ER congruent     N.A.    
Stroop effect     N.A.    

Cohen's d      N.A.    
Li et al, 2009        • AD > MCI > HA 

ER incongruent   4.31 ± 10.58  5.31 ± 6.21 
9.36 ± 
14.13 

AD  

ER congruent   N.A.  N.A. N.A.   
Stroop effect   N.A.  N.A. N.A.   

Cohen's d    N.A.  N.A. N.A.   
Li et al, 2012        • SIVD > SIVCIND > HA 

ER incongruent   3.37 ± 1.35   
5.24 ± 
2.17 

SIVD  

ER congruent   N.A.   N.A.   
Stroop effect   N.A.   N.A.   

Cohen's d    N.A.   N.A.   

ER incongruent      
3.44 ± 

1.93 
SIVCIND  

ER congruent      N.A.   
Stroop effect      N.A.   

Cohen's d       N.A.   

Manard et al, 2017        
Comparisons not statistically 

significant 

ER incongruent 
4.58 ± 
1.23a,c 

 6.33 ± 1.23a,c      

ER congruent 
1.42 ± 
0.85a,c 

 2.67 ± 0.85a,c      

Stroop effect 3.16  3.66      

Cohen's d  3.04  3.52      

Mason et al, 2022        
Comparisons not statistically 

significant 
ER incongruent   1.00b,c   2.00b,c CSA  

ER congruent   N.A.   N.A.   
Stroop effect   N.A.   N.A.   

Cohen's d    N.A.   N.A.   
Mathis et al, 2009        Accuracy (incongruent condition): 

ER incongruent 7.60 ± 24.00 ± 21.30 ± 9.30c     • YA > HA 
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5.60c 18.10c 

ER congruent 
2.50 ± 
1.80c 

10.00 ± 
9.90c 

8.30 ± 6.20c     • YA > MA 

Stroop effect 5.10 14.00 13.00      
Cohen's d  1.38 1.00 1.68      

Milham et al, 2002        Interference effect: 
ER incongruent N.A.  N.A.     • HA > YA 

ER congruent N.A.  N.A.      

Stroop effect N.A.  N.A.      
Cohen's d  N.A.  N.A.      

Müller-Oehring et al, 
2022 

       
Comparisons not statistically 

significant 
ER incongruent N.A.     N.A. HIV  

ER congruent N.A.     N.A.   

Stroop effect N.A.     N.A.   
Cohen's d  N.A.     N.A.   

ER incongruent      N.A. PD  
ER congruent      N.A.   
Stroop effect      N.A.   

Cohen's d       N.A.   

Nombela et al, 2014        
Significant differences of all groups 

with 

ER incongruent N.A. N.A. N.A.     respect to HA. 
ER congruent N.A. N.A. N.A.      
Stroop effect N.A. N.A. N.A.      

Cohen's d  N.A. N.A. N.A.      
Pišljar et al, 2013        N.R. 

ER incongruent   N.A.   N.A. D  

ER congruent   N.A.   N.A.   
Stroop effect   N.A.   N.A.   

Cohen's d    N.A.   N.A.   

Puente et al, 2014        
Comparisons not statistically 

significant 

ER incongruent   3.00 ± 5.00c  
8.00 ± 

11.00c 
   

ER congruent   1.00 ± 12.00c  2.00 ± 3.00c    
Stroop effect   2.00  6.00    

Cohen's d    0.24  0.86    
Ramos-Goicoa et al, 
2016 

       • HA > MA 

ER incongruent  2.14 ± 1.71c 5.43 ± 4.00c  5.43 ± 8.86c  MA aMCI  

ER congruent  2.71 ± 2.28c 6.43 ± 5.14c  3.86 ± 4.28c    
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Stroop effect  -0.57 -1.00  1.57    

Cohen's d   -0.29 -0.22  0.34    

ER incongruent     
9.14 ± 
12.43c 

 HA aMCI  

ER congruent     7.43 ± 5.14c    
Stroop effect     1.71    

Cohen's d      0.24    
Sánchez-Moguel et al, 

2018 
      

 

Comparisons not statistically 

significant 

ER incongruent   
21.62 ± 

12.56a,c 
   

All 

participant
s 

 

ER congruent   
13.95 ± 
9.03a,c 

     

Stroop effect   7.67      
Cohen's d    0.71      

ER incongruent   
20.95 ± 
12.05c 

   
Normal-

EEG 
 

ER congruent   14.06 ± 8.69c      
Stroop effect   6.89      

Cohen's d    0.66      

ER incongruent   
22.28 ± 

13.07c 
   Theta-EEG  

ER congruent   13.83 ± 9.37c      
Stroop effect   8.45      

Cohen's d    0.75      
Sánchez-Moguel et al, 
2022 

       
Comparisons not statistically 

significant 

ER incongruent   
24.12 ± 
17.24a,c 

   
All 

participant
s 

 

ER congruent   
16.65 ± 
15.71a,c 

     

Stroop effect   7.47      

Cohen's d    0.45      

ER incongruent   
22.87 ± 
14.93c 

   
Normal-

EEG 
 

ER congruent   
16.45 ± 
14.28c 

     

Stroop effect   6.42      
Cohen's d    0.44      

ER incongruent   25.37 ±    Theta-EEG  
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19.55c 

ER congruent   
16.85 ± 
17.14c 

     

Stroop effect   8.52      
Cohen's d    0.46      

Schroeter et al, 2007        
Patients with CMA and controls 

showed a 

ER incongruent   
12.00 ± 

14.00a 
  

11.41 ± 

14.00a 
CMA clear interference effect 

ER congruent   N.A.   N.A.   

Stroop effect   N.A.   N.A.   
Cohen's d    N.A.   N.A.   

Schulte et al, 2011        
Comparisons not statistically 

significant 

ER incongruent N.A.  N.A.      
ER congruent N.A.  N.A.      
Stroop effect N.A.  N.A.      

Cohen's d  N.A.  N.A.      

Tam et al, 2015        
Comparisons not statistically 

significant 
ER incongruent N.A.  N.A.      

ER congruent N.A.  N.A.      

Stroop effect N.A.  N.A.      
Cohen's d  N.A.  N.A.      

Vidoni et al, 2013        N.R. 
ER incongruent   N.A.   N.A. AD  

ER congruent   N.A.   N.A.   
Stroop effect   N.A.   N.A.   

Cohen's d    N.A.   N.A.   
West and Bell, 1997        Accuracy: 

ER incongruent N.A.  N.A.     • HA < YA 
ER congruent N.A.  N.A.      
Stroop effect N.A.  N.A.      

Cohen's d  N.A.  N.A.      

You et al, 2021        N.R. 

ER incongruent     
27.50 ± 

5.89c 
   

ER congruent     
20.50 ± 

6.43c 
   

Stroop effect     7.00    
Cohen's d      1.14    

ER incongruent     26.00 ±    
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6.99c 

ER congruent     
20.50 ± 

4.97c 
   

Stroop effect     5.50    
Cohen's d      0.92    

Zurrón et al, 2014        
Comparisons not statistically 

significant 
ER incongruent 4.42 ± 3.8c  3.27 ± 3.8c      

ER congruent 5.19 ± 3.8c  5.57 ± 3.8c      
Stroop effect -0.77  -2.30      

Cohen's d  -0.20  -0.61      
Simon studies         
Cespón et al, 2013        Percentage of Errors (PE): 

ER incongruent   7.40 ± 5.20  6.60 ± 5.80  sdaMCI • mdaMCI > HA 

ER congruent   2.60 ± 3.70  2.40 ± 3.00   • mdaMCI > sdaMCI 
Simon effect   4.20  4.20    

Cohen's d    0.95  0.95    
ER incongruent     11.20 ± 7.10  mdaMCI  

ER congruent     5.10 ± 5.40    
Simon effect     6.10    

Cohen's d      0.98    

Cespón et al, 2015a        Percentage of Errors (PE): 

ER incongruent   8.10 ± 5.81a  5.40 ± 5.80a  sdaMCI • mdaMCI > HA 
ER congruent   2.60 ± 3.64a  1.80 ± 3.60a   • mdaMCI > sdaMCI 
Simon effect   3.60  3.60    

Cohen's d    0.42  0.42    

ER incongruent     
12.20 ± 

5.81a 
 mdaMCI  

ER congruent     5.10 ± 3.49a    
Simon effect     7.10    

Cohen's d      1.18    

Cespón et al, 2015b        
Comparisons not statistically 

significant 

ER incongruent   2.50 ± 3.10  2.70 ± 3.60  mdnaMCI  

ER congruent   1.80 ± 2.30  1.40 ± 2.60    
Simon effect   1.30  1.30    

Cohen's d    0.42  0.42    
ER incongruent     6.80 ± 5.90  sdaMCI  

ER congruent     7.20 ± 4.70    
Simon effect     -0.40    

Cohen's d      -0.08    

ER incongruent     6.90 ± 5.00  mdaMCI  
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ER congruent     5.50 ± 3.70    

Simon effect     1.40    
Cohen's d      0.32    

Cespón et al, 2018        
Comparisons not statistically 

significant 

ER incongruent    
6.40 ± 
4.50 

  Low SMC  

ER congruent    
2.80 ± 

3.70 
    

Simon effect    3.00     

Cohen's d     0.78     

ER incongruent    
5.50 ± 
4.60 

  High SMC  

ER congruent    
2.50 ± 

3.10 
    

Simon effect    3.00     
Cohen's d     0.78     

Cespón et al, 2022        
Comparisons not statistically 

significant 
ER incongruent 7.75a,c  7.08a,c     

ER congruent 2.37a,c  1.78a,c      

Simon effect N.A.  N.A.      

Cohen's d  N.A.  N.A.      
Katayama et al, 2023        Accuracy (incongruent): 

ER incongruent   
5.38 ± 
11.60c,d 

 
6.94 ± 
13.49c,d 

  • MCI < HA 

ER congruent   
3.89 ± 
11.89c,d 

 
4.68 ± 
13.15c,d 

   

Simon effect   2.26  2.26    
Cohen's d    0.17  0.17    

Singh et al, 2018        
Comparisons not statistically 

significant 
ER incongruent   N.A.   N.A. PD  

ER congruent   N.A.   N.A.   

Simon effect   N.A.   N.A.   
Cohen's d    N.A.   N.A.   

Singh et al, 2023        N.R. 
ER incongruent   N.A.  N.A. N.A. PDMCI  

ER congruent   N.A.  N.A. N.A. PD  
Simon effect   N.A.  N.A. N.A.   

Cohen's d    N.A.  N.A. N.A.   

ER incongruent      N.A. PDD  
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ER congruent      N.A.   

Simon effect      N.A.   
Cohen's d       N.A.   

Simon and Stroop 
studies 

        

Cespón et al, 2023        Number of errors: 

ER incongruent (Simon)   4.45 ± 4.84a,c    
All 

participant

s 

• LCR > HCR 

ER congruent (Simon)   0.85 ± 1.48a,c      

Simon effect   3.6      
Cohen's d (Simon)    1.14      

ER incongruent 
(Stroop) 

  4.30 ± 4.84a,c      

ER congruent (Stroop)   0.85 ± 1.76a,c      
Stroop effect   3.45      

Cohen's d (Stroop)    1.05      
ER incongruent (Simon)   6.10 ± 6.62c    LCR  

ER congruent (Simon)   0.97 ± 1.58c      
Simon effect   5.13      

Cohen's d (Simon)    1.25      

ER incongruent 

(Stroop) 
  5.24 ± 5.63c      

ER congruent (Stroop)   1.17 ± 1.90c      
Stroop effect   4.07      

Cohen's d (Stroop)    1.08      
ER incongruent (Simon)   2.80 ± 3.07c    HCR  

ER congruent (Simon)   0.73 ± 1.38c      

Simon effect   2.07      
Cohen's d (Simon)    0.93      

ER incongruent 
(Stroop) 

  3.37 ± 4.0,c      

ER congruent (Stroop)   0.54 ± 1.62c      

Stroop effect   2.83      

Cohen's d (Stroop)    1.00      

Onur et al, 2011        
Comparisons not statistically 

significant 
ER incongruent N.A.  N.A.      

ER congruent N.A.  N.A.      
Simon effect N.A.  N.A.      
Stroop effect N.A.  N.A.      

Cohen's d  N.A.  N.A.      
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Note. Error rate (ER) values are expressed in percentages as mean ± standard deviation.  

AD, Alzheimer’s Disease. aMCI, amnestic MCI. CAS, Carotid Atherosclerosis. CH-NAT, normal Aβ/tau ratios.  

CH-PAT, abnormal Aβ/tau ratios. CMA, Cerebral Microangiopathy. D, Depression. EEG, Electroencephalography. HA, Healthy Ageing. HCR, High Cognitive Reserve. 

HIV, Human Immune-deficiency Virus. LCR, Low Cognitive Reserve. MA, Middle-aged Adults. MCI, Mild Cognitive Impairment. mdaMCI, multiple domains amnestic 

MCI. mdnaMCI, multiple domains non amnestic MCI. Met/Met, Met/Met genotype carriers. N.A., Not available or not available for individual subgroups, as the 

studies only included one group. N.C, Not Computable. N.R., Not Reported. PD, Parkinson’s Disease. PDD, Dementia in PD. PDMCI, MCI due to Parkinson’s 

Disease. SCD, Subjective Cognitive Decline. sdaMCI, single domain amnestic MCI. SIVCIND, Subcortical Ischemic Vascular Cognitive Impairment No Dementia. 

SIVD, Subcortical Ischemic Vascular Dementia. SMC, Subjective Memory Complaints. SP, Stroke Patients. TIA, Transient Ischemic Attack. Val/Met, Val/Met 

genotype carriers. Val/Val, Val/Val genotype carriers. YA, Young Adults.  
a The values were obtained by calculations based on the data available in the study (e.g., subgroups, standard errors, figures). 
b Median values. 
c The accuracy values (percentage of correct responses) or number of errors have been converted into percentage error rates where available.  
d Data received by the authors. 

 

 

Table 6.4. Main cerebral findings. 

Study Technique 
Electrodes and/or investigated 

ROIs 
Main findings Interpretation of the results 

Stroop studies 
 

   

Arakaki et al, 
2022 

EEG Frontal (Fz, F3, F4), Central (Cz, C3, 
C4), Parietal (Pz, P3, P4), Left 
Temporal (F7, T3, T5), Right 
Temporal (F8, T4, T6), Occipital (O1, 
O2). 

Congruent trials: 
• Lower late delta power at the 
occipital region in CH-PATs 
compared to CH-NATs. 
Incongruent trials:  

• Lower late theta power at the 
occipital region and right 
temporal region in CH-PATs 
compared to CH-NATs; 
• CH-NATs had higher 

centroparietal theta compared to 

CH-PATs; 
• CH-PATs had more negative 
temporo-occipital alpha and beta 
in addition to higher parietal theta 
compared to CH-NATs.  
 

The EEG analysis revealed significant differences in 
brain activation between cognitively healthy 
individuals with and without abnormal amyloid/tau 
levels, indicating that EEG activity could be a useful 
biomarker for early identification of cognitive 

changes associated with Alzheimer’s disease. 

Gajewski et 

al, 2012 

EEG/ERP Fronto-central (Fz, FCz, Cz),  Centro-

parietal (CPz, Pz). 

Interference trials:  

Val/Met - Met/Met group showed 

There was a negative going wave (N450) that 

overlapped with frontal and parietal P3 and was 
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enhanced N450 compared to 

Val/Val.  

influenced by compatibility and BDNF genotype. 

Most importantly, Stroop interference was only 
significant in the Val/Met-Met/Met group. 

Gajewski and 
Falkenstein, 
2015 

EEG/ERP Fronto-central (Fz, FCz, Cz),                            
Centro-parietal (CPz, Pz). 

P2 latency:  
• delayed for low active group  
N2 amplitude:  
• larger in high active group  
N450 amplitude:  

• more negative in high active 
group. 

 

In older people, physical activity correlates with 
increased brain activity in the prefrontal cortex, 
which enables better performance in a Stroop 
interference task. 

Gajewski et 
al, 2020 

EEG/ERP Central, Frontal, Prefrontal, Occipital, 
Parietal, Temporal (C3, C4, CP3, CP4, 
CPz, Cz, F3, F4, F7, F8, FC3, FC4, 

FCz, Fp1, Fp2, Fpz, Fz, O1, O2, Oz, 
P3, P4, P7, P8, PO3, PO4, POz, Pz, 
T7, T8).  
 

P2/N2 complex during reactive 
task control were larger in the old 
high performers than low 

performers and similar to middle-
aged or even young participants. 
 

Successful interference control in old age is related 
to an efficient proactive and reactive mode of 
cognitive control that enables a level of performance 

normally observed in younger adults. This suggests 
that cognitive reserve in old age has a neural 
substrate in the form of increased brain activity 
involved in executive control tasks. 

Kricheldorff et 
al, 2023 

EEG 128 active electrodes. Both groups show a reduction in 
conflict-related theta activity in 
the midline front when more 

conflict is expected. Only the 

healthy participants showed 
reduced theta conflict power in 
items where high conflict was 
expected (MI). 
 

Parkinson’s patients show significant deficits in 
proactive cognitive control, which is reflected in the 
midline frontal theta modulation. In contrast to HA 

participants, PD patients were less able to regulate 

cognitive control in the reactive control task in tasks 
with high demands on cognitive control. 

Nombela et al, 

2014 

EEG Prefrontal, central, temporal, parietal, 

occipital (Fp1, Fp2, Fz, C1, C2, C3, 
C4, Cz, T3, T4, Pz, O1 and O2). 

Alpha band (congruent stimuli):  

• YA (30s) < HA (60s) in Fp2 
Beta band (congruent and 
incongruent stimuli):  
• YA (30s), MA (40s) < HA (60s) 
in Fp1, Fp2, C3, Cz, C4, T4, O2 

Delta band (incongruent stimuli):  

• YA (30s) > HA (60s) in Pz 
• YA (20s, 30s), MA (40s, 50s) > 
HA (60s) in Fp2 
Delta band (congruent stimuli):  
• YA (30s) > HA (60s) in Fp2, T3, 
T4, O2 
• YA (20s), MA (40s, 50s) > HA 

(60s) in Fp2 

The cortical areas involved in conflict resolution are 

the right posterior parietal area, the fronto-basal 
area and the left ACC. In addition, Stroop 
interference is directly influenced by opposing alpha 
and theta activity and starts to decline until the 60s 
as healthy ageing occurs. 
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Sub-Alpha band (incongruent 

stimuli):  
• MA (40s) > HA (60s) in C3, Cz, 
C4 
Sub-Alpha band (congruent 
stimuli):  
• YA (20s) > HA (60s) in Fp1, Fpz 
• MA (40s) > HA (60s) in Fpz 

Theta band (incongruent stimuli):  
• MA (40s) > HA (60s) in Fp1, T3, 

C3, Cz, C4, T4, O2 
• MA (40s) > HA (60s) in Fp2 
Theta band (congruent stimuli):  
• YA (30s), MA (40s) > HA (60s) 

in Fp2, C3, C4 
• YA (20s) > HA (60s) in C3. 
 

Pišljar et al, 
2013 

EEG/ERP Frontal, central, parietal (Fz, Cz, Pz).  Latencies:  
• No significant difference 
between groups of the N100, 
P200, N200 and P300. The P300b 

wave was absent in patients with 

depression.  
Amplitudes:  
• Patients: abolishment of the 
late positivity (corresponding to 
the P300b);  
• Patients < HA (N200 centro-

parietally in all conditions) 
• Patients < HA (P300a in neutral 
condition centrally and frontally). 

The specific combination of the pattern of 
interference effects (i.e., overall RT slowing in 
addition to abnormal or absent ERPs in all 
conditions) suggests that information processing 

and not only motor processing is impaired. 

Ramos-Goicoa 
et al, 2016 

EEG/ERP Frontal, central, parietal (Fz, Cz, Pz).  LATENCY:  
• HA > MA (P150, P3b, N2) 

• MA aMCI > MA (P3b). 

The electrophysiological results suggest that ageing 
also causes a slowdown in the neural processing of 

stimuli and a greater investment of resources (even 

though inefficient) for cognitive control. The results 
also showed that cognitive status influences Stroop-
related neuronal function. The results support the 
use of ERP parameters as indicators of aMCI. 
 

Sánchez-
Moguel et al, 

2018 

EEG/ERP Coronal (frontal, fronto–central, 
central, centro-parietal, parietal) and 

Sagittal (left, left medial, medial, 

Amplitude (300 - 500 ms): 
• Theta-EEG > Normal-EEG 

Amplitude (500–700 ms): 

People with excessive theta activity show a peculiar 
ERP pattern that can be observed at multiple levels 

of the neurocognitive system before clinical signs of 
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right medial, right). • Normal-EEG > Theta-EEG 

(negative wave) 
N500 effect (amplitude of the 
incongruent condition > 
amplitude of the congruent 
condition):  
• Normal-EEG > Theta-EEG  
• Normal-EEG > Theta-EEG 

(interference effect). 
 

cognitive impairment appear. This study is the first 

to clearly demonstrate a preclinical cognitive deficit 
in healthy older adults with excessive theta activity 
in their EEG. 

Sánchez-
Moguel et al, 
2022 

EEG/ERP Fronto-central, central, centro-
parietal, parietal (Fcz, Cz, Cpz, Pz). 

Total energy (delta, theta, alpha 
bands):  
• Theta-EEG > Normal-EEG 
Relative energy (delta):  

• Theta-EEG > Normal-EEG  
Relative energy (beta, gamma):  
• Normal-EEG > Theta-EEG 
Time window 258–516 ms:  
• Theta-EEG > Normal-EEG 
(theta, alpha bands)  
Time windows 258–516, 516–

774, and 774–1032 ms:  

• Theta-EEG > Normal-EEG (delta 
band).  
 

The signal energy was higher in the Theta- EEG 
group compared to Normal- EEG. Energy analysis of 
the ERP using wavelets allows accurate 
quantification of EEG energy during the Stroop task. 

These results suggest that the excessive energy in 
the Theta- EEG group may indicate that more 
neurons are recruited to solve the task with the 
same efficiency as in the Normal- EEG group. 

West and Bell, 
1997 

EEG/ERP Frontal medial (F3-F4), frontal lateral 
(F7-F8), parietal (P3-P4), and 
occipital (O1-O2). 

Color-word integrated:  
• HA ≠ YA (medial and lateral 
frontal regions, parietal region). 

The age-related increase in the Stroop interference 
effect could be due to a decrease in the functional 
connectivity of the PFC, resulting in an inability to 

suppress the influence of incongruent word 
information. In fact, the anterior attention system is 
more sensitive to the effects of increasing age than 
the posterior attention system. 

Zurrón et al, 

2014 

EEG/ERP Frontal, central, parietal (Fz, Cz, Pz).   Latency:  

• HA > YA (N2, P3) 

Amplitude: 
• HA > YA (P150). 

The psychophysiological data suggest that the age-

related slowdown is not generalised, as it affects the 

neural networks underlying the cognitive processes 
of evaluation and categorisation, but not the 
perceptual processes. In addition, the ERP data 
confirm changes in the neural functioning of the 
older participants during the processing of a Stroop 
task. 
 

Burin and fNIRS Left DLPFC (CHs 23, 25, and 26).  There was no difference in At baseline, no significant neural differences were 
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Kawashima, 

2021 

activation comparing the 

baselines of the two groups (1pp 
and 3pp).  

found between the groups. In contrast, increased 

activation was observed in the left DLPFC after the 
entire intervention.  

Byun et al, 
2024 

fNIRS Left dorsolateral PFC (CHs 13, 14, 
16, and 17), left ventrolateral PFC 
(CHs 2, 6, and 9), left frontopolar 
area (CHs 3, 7, and 10), right 
dorsolateral PFC (CHs 35, 36, 39, and 

40), right ventrolateral PFC (CHs 26, 
29, and 33), right frontopolar area 

(CHs 25, 28, and 32). 
 

There were no significant 
differences between pre-
conditions for the control and the 
mild exercise group.  

Only a 3-month intervention with mild exercise has 
been shown to improve executive functions by 
modulating the neural efficiency of the prefrontal 
cortex in middle-aged adults, but especially in older 
subjects. 

Faulkner et al, 
2017 

fNIRS PFC. No between-group differences for 
prefrontal cortex perfusion were 

found.  

Moderate-intensity exercise increased perfusion and 
executive function in both TIA and healthy older 

adults. However, these improvements were not 
associated with prefrontal cortex perfusion.  

Goenarjo et 
al, 2021 

fNIRS Dorsolateral and anterior PFC (left 
and right BAs 9 and 10).  

Δ [Deoxy-Hb] in the right PFC:  
• HA > MA   
• higher fit > lower fit.  

High cardiorespiratory fitness could allow healthy 
older men to achieve higher PFC oxygenation 
compared to middle-aged adults.  

Hamasaki et 
al, 2018a 

fNIRS Left and right PFC.  Δ [Oxy-Hb] in the left PFC:  
• HA (60s, 70s) < YA.   

Significant laterality between the left and right 
prefrontal cortex was observed in young people, but 

not in middle-aged or older adults. 

This suggests that cerebral oxygenation in the left 
prefrontal cortex may be involved in age-related 
cognitive decline. 

Hamasaki et 
al, 2018b 

fNIRS Left and right PFC.  Δ [Oxy-Hb] in the left PFC:  
• Low stiffness > high stiffness 
 

Δ [Oxy-Hb] in low stiffness 
subjects:  
• left PFC > right PFC. 

In middle-aged and older adults, a significant 
negative correlation was observed between central 
arterial stiffness and cerebral oxygenation in the left 

prefrontal cortex during executive function tasks. 
Both groups with low arterial stiffness showed 
higher cerebral oxygenation in the left prefrontal 
cortex compared to adults with high arterial 
stiffness. These results suggest that central arterial 

stiffness may be related to hemodynamics and 

function in the ageing brain. 
 

Heiberg et al, 
2023 

fNIRS Superior lateral, inferior lateral, 
superior medial, inferior medial PFC.  

Δ [Deoxy-Hb]:  
• HA > SP (superior medial, 
superior lateral and inferior 
medial PFC). 

Both groups showed an inverted hemodynamic 
response in the superior lateral and superior medial 
prefrontal cortex, which was lower in stroke patients 
compared to healthy older adults. 

Huang et al, 

2022 

fNIRS DLPFC, middle temporal gyrus, 

superior temporal gyrus, 

Comparisons not statistically 

significant (despite older people 

Both sides of the DLPFC and the right Broca's area 

were most strongly cortically activated in the Stroop 
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temporopolar area, pars triangularis 

Broca’s area, and frontopolar area.  

had higher activation than 

younger adults).  

test. 

Ji et al, 2019 fNIRS Left VLPFC (CHs 1–4), left DLPFC 
(CHs 5, 6, 7 and 11), right DLPFC 
(CHs 13–16), posterior right VLPFC 
(CHs 17–20).  

Left DLPFC activation:  
• PE > RC 
• CE + PE > RC 
Right DLPFC activation:  
• PE > RC  
• PE > CE  

• CE + PE > RC 
• CE + PE > CE. 

 

Combined exercise has been shown to improve 
cognitive function better than single exercise, which 
was supported by task-efficient cerebral 
oxygenation and improved oxygen utilisation during 
cortical activation in older adults. 

Laguë-
Beauvais et 
al, 2013 

fNIRS The anterior DLPFC (BAs 9, 10 and 
46), the posterior DLPFC (BAs 6 and 
4), the anterior VLPFC (BAs 10, 45 

and 46) and the posterior VLPFC (BAs 
4, 6 and 44) for both hemispheres.  

Inhibition condition:  
• YA: No difference in HbO 
concentration among the 

prefrontal subregion 
• HA: small left anterior DLPFC 
and bilateral posterior DLPFC and 
VLPFC involvements 
Switching condition:  
• YA: Bilateral activation in the 
anterior PFC with left side 

prevalence 

• HA: wider bilateral brain areas 
• HA: HbR concentration lower 
than denomination condition.       
                                                                                                                                                                                    

These results indicate that inhibition and task 
switching differ in younger adults due to a lack of 
change in concentration during inhibition and in 

older adults due to greater utilisation of frontal 
resources during task switching. The age-related 
differences in the activation patterns of the 
prefrontal brain during inhibition and switching 
suggest that these two mechanisms are 
differentially altered in the course of normal aging. 

Mason et al, 
2022 

fNIRS Bilateral PFC, bilateral sensorimotor 
cortex.  

• Plaque group < HA (left 
hemisphere of the brain).                                      

A consistent decrease in brain activity was observed 
in plaque group compared with healthy controls 

during the incongruous Stroop task.  
Schroeter et 
al, 2007 

fNIRS Left and right DLPFC (F3/F4-
FC3/FC4). 

Stroop effect: no significant 
difference was detected between 
groups.  

The patients showed an early deoxygenation of the 
blood directly after the start of stimulation as well 
as a delay and reduction of the vascular response. 
The latter correlated highly with behavioural 

performance and neuropsychological deficits. The 

results indicate that neurovascular coupling and 
frontal lobe function are impaired in cerebral 
microangiopathy. 
 

Gauthier et al, 
2013 

fMRI Left and right frontal and parietal 
lobe.  

No significant difference was 
detected between young adults 
and healthy ageing.  

Although BOLD signal changes elicited by a 
cognitive task were similar between groups, a lower 
maximal BOLD response were found in older adults. 

This suggests that a given BOLD response 
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represents a greater change in neuronal activity in 

healthy older people than in young adults. 
 

Kaufmann et 
al, 2008 

fMRI Frontal, temporal, parietal, occipital 
and cerebellar regions bilaterally.  

BOLD responses:  
• MCI > HA (frontal, temporal, 
parietal, occipital and cerebellar 
regions bilaterally).  
 

Congruity effect: 
• MCI > HA (bilateral occipital 

regions (including fusiform gyrus 
bilaterally), left inferior frontal 
cortex, left inferior parietal cortex 
and superior temporal gyrus, 

right cerebellum, right postcentral 
gyrus as well as in subcortical 
regions).  
 

MCI patients showed not only stronger but also 
additional activations in cortical and cerebellar 
regions, most likely reflecting neurofunctional 
compensatory processes for the deficient control of 
executive abilities (i.e., interference processing).  

Langenecker 
et al, 2004 

fMRI Bilateral frontal, temporal, parietal, 
occipital, cerebellum, limbic, sub-
lobar areas.  

Incongruent - congruent:  
• HA > YA (frontal regions, right 
frontal gyrus, left inferior frontal 

gyrus).                

The results showed comparable activation regions in 
general in young and older adults in a Stroop task, 
with a variety of predominantly prefrontal regions 

showing higher activation levels in the left inferior 

frontal gyrus in older adults during interference. The 
results are consistent with the hypothesis that older 
adults recruit additional, particularly prefrontal, 
areas during task performance. 
 

Lau et al, 

2020 

fMRI Right and left dorsolateral PFC (BAs 

9-46).  

No significant difference was 

detected between groups for the 
Stroop task. 
  

No significant intervention effects were observed in 

Stroop task-induced DLPFC activation. 

Li et al, 2009 fMRI Parietal cortex, dorsal anterior 
cingulate, PFC, insula, basal ganglia. 

Incongruent: 
• MCI > HA (dorsal anterior 

cingulate, bilateral middle and 

inferior frontal gyri, bilateral 
inferior parietal lobule, bilateral 
insular); 
• AD < MCI, HA (dorsal anterior 
cingulate, bilateral middle and 
inferior frontal gyri, bilateral 
inferior parietal lobule, bilateral 

insular). 

The activation of the PFC during the Stroop task was 
different in healthy older adults, AD and MCI 

patients. Dysfunction of the PFC was observed in AD 

patients, whereas an efficient compensatory 
mechanism was observed in MCI subjects. These 
results indicate differences in the neurophysiological 
mechanisms of the PFC in the different stages of 
cognitive impairment. 
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Li et al, 2012 fMRI Dorsal anterior cingulate, bilateral 
middle and inferior frontal gyri, 
bilateral inferior parietal lobule, 
insular and basal ganglia. 

Incongruent:  
• HA, SIVCIND: dorsal anterior 
cingulate, bilateral middle and 
inferior frontal gyri, bilateral 
inferior parietal lobule, insular 
and basal ganglia.  
• SIVD: bilateral middle, inferior 

frontal gyri, insular and inferior 
parietal lobule. 

• SIVCIND > HA (dorsal anterior 
cingulate, bilateral middle and 
inferior frontal gyri, bilateral 
inferior parietal lobule, insular 

ganglia). 
• SIVD < HA (bilateral middle, 
inferior frontal gyri, insular and 
inferior parietal lobule). 
 

Different activation characteristics of the prefrontal 
cortex were observed in normal aging and different 
conditions of participants with SIVCI during the 
performance of the Stroop task. There is 
dysfunction in SIVD and compensation in SIVCIND. 

Manard et al, 
2017 

fMRI Posterior superior temporal, inferior 
frontal triangularis, inferior frontal 

operculum inferior temporal, anterior 

striatum, lateral orbitofrontal.  

Interference:  
• YA: increased activity in left 

superior temporal gyrus 

• HA: increased activity in left 
inferior frontal and temporal 
areas 
Reactive control:  
• HA: increased activity in left 
inferior frontal areas 

Proactive control:  
• HA: increased activity in right 
middle frontal gyrus and 
decreased activity in the ACC and 
right lateral orbitofrontal gyrus. 

 

In the reactive control condition, the increased brain 
activity was interpreted as a successful 

compensatory process in an area associated with 

inhibition. In proactive control situations, changes 
were observed between areas involved in 
recognising conflict and maintaining task goals or 
contextual information to cope with the high level of 
interference. 

Mathis et al, 
2009 

fMRI Right and left DLPFC, right and left 
VLPFC, bilateral parietal lobule, 
premotor cortex.  

• HA > YA (left VLPFC, left 
parietal cortex, left DLPFC) 
• MA > YA (left VLPFC, left 
parietal cortex)  
• HA > MA (left DLPFC).  
 

The early effect of age-related impairment of the 
inhibitory process would affect the left side of the 
DLPFC, the VLPFC and the parietal lobe before the 
cortical network is affected bilaterally around the 
age of 60. 

Milham et al, 

2002 

fMRI Anterior cingulate cortex/pre 

supplementary motor area, middle 

• HA < YA (DLPFC, parietal 

cortices) 

In older participants, a stronger activation in the 

temporal cortex was found, which indicates a 
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frontal gyrus, inferior frontal gyrus, 

superior and inferior parietal lobules, 
and extra striate cortex.  

• HA > YA (temporal cortex, 

anterior inferior PFC) 
• HA > YA (ACC sensitivity to 
presence of conflict). 
 

deeper processing of the word. In addition, older 

adults were found to have greater activity in the 
ventral prefrontal cortex, indicating an increased 
ability of irrelevant representations to access 
working memory. 

Müller-
Oehring et al, 
2022 

fMRI DLPFC, superior parietal lobe, inferior 
parietal lobe, gyrus, middle cingulate 
cortex. 

No significant difference was 
detected between groups for the 
Stroop task.  

The Stroop effect activates a frontoparietal network 
that includes bilateral frontal (DLPFC, ACC and 
medial prefrontal cortex) and bilateral parietal 

(inferior and superior parietal lobes, angular gyrus) 
cortex as well as left temporal gyri and right 

cerebellar regions. 
Puente et al, 
2014 

fMRI Orbitofrontal cortex, DLPFC, ACC, 
posterior parietal cortex.  

• MCI > HA in DLPFC, 
orbitofrontal, and posterior 
parietal cortex (uncorrected 

threshold p < .01).  

Although there are minimal functional brain 
differences exist, fMRI of inhibition does not 
currently provide clinicians with a reliable tool for 

identifying MCI as opposed to traditional 
neuropsychological techniques. 

Schulte et al, 
2011 

fMRI Right and left precuneus, right medial 
superior frontal gyrus, right and left 
anterior and middle cingulate cortex, 
right and left insula, left calcarine 
sulcus, left superior parietal lobe, left 

paracentral gyrus, right middle 

frontal gyrus (BAs 23, 9, 24, 48, 
17/18, 5, 4, 46).  

Stroop-mix contrast activation:  
• HA > YA (frontoparietal regions 
- right BA 9, bilateral BA 23, 24, 
right BA 48).  
 

Stroop-same contrast activation:  

• HA: occipito-parietal visuomotor 
(left BA 17/18, left BA 5, left BA 
4) 
• YA > HA (frontal areas – 
bilateral BA 48, right BA 46) 
 

Different brain networks were active in the older 
group compared to younger people, suggesting that 
older adults can adapt efficiently to task demands 
by using different strategies in conflict resolution. 

Tam et al, 
2015 

fMRI Frontoparietal attentional cortices 
(anterior cingulate, inferior frontal 
gyrus, and superior frontal gyrus).  

Incongruent:  
• HA > YA (posterior cingulate, 
precentral gyrus, inferior frontal 
gyrus, temporal lobe); 
• YA > HA (isthmus of the 

cingulate retrosplenial cortex).  

Congruent: 
• HA > YA (insula and temporal 
pole) 
• YA > HA (extrastriate visual 
cortex). 
 

Older adults have higher reaction time modulated 
activity in more frontal regions than younger adults, 
possibly due to age-related compensatory or 
dedifferentiation mechanisms. These results 
suggest that although the functional correlates of 

intraindividual reaction time variability change with 

age, the basic task-related mechanisms within the 
frontoparietal attention and default mode network 
regions remain stable during healthy ageing. 
 
 

Vidoni et al, 

2013 

fMRI Left and right middle frontal gyri, 

superior parietal lobule, anterior 

No differences were detected 

between groups, although there 

In people without dementia, higher 

cardiorespiratory fitness is associated with 



174 
 

cingulate gyri and sulci, precentral 

gyri.  

were trends for greater activity 

for the HA group in the left 
precentral gyrus and right 
precuneus.  

increased mid-frontal brain activity and decreased 

anterior cingulate brain activity in tasks requiring 
executive functions such as attention and conflict 
resolution. 

You et al, 
2021 

fMRI DLPFC, frontal gyrus (inferior, 
superior, anterior, posterior, middle, 
precentral).  

 A significant increase in DLPFC activation was 
observed only at week 12 of CC supplementation, 
which may have the ability to improve working 
memory in older adults with MCI. 

Simon studies 
 

  

Cespón et al, 
2013 

EEG/ERP Anterior, frontal, central, temporal, 
parietal, occipital (AFz, AF7, AF8, Fz, 
F3, F4, F5, F6, F7, F8, FCz, FC1, FC2, 

FC3, FC4, FT7, FT8, FT9, FT10, Cz, 
C1, C2, C3, C4, C5, C6, T7, T8, CPz, 
CP3, CP4, TP7, TP8, TP9, TP10, Pz, 
P3, P4, P7, P8, P9, P10, PO7, PO8, 
Oz, O1 and O2).  
 

Amplitude: 
• mdaMCI < HA (N2pc). 

The N2pc amplitude was smaller in participants with 
mdaMCI than in healthy participants, indicating a 
decrease in the correlates of the allocation of 

attentional resources to the target stimulus. In 
addition, N2pc amplitude proved to be a moderately 
good biomarker for the subtype of mdaMCI. 

Cespón et al, 

2015a 

EEG/ERP Prefrontal, frontal, central, parietal, 

occipital, temporal.  

Latency:  

• mdaMCI > HA (N2cc) 
• mdaMCI > sdaMCI (N2cc) 

Amplitude: 
• HA > mdaMCI (N2pc). 

N2cc could be considered a useful correlate of 

mdaMCI. Indeed, increased interference was 
associated with delays in the implementation of 

cognitive control in mdaMCI participants, as 
indicated by longer N2cc latencies in this group. On 
the basis of N2cc latency, mdaMCI participants 
could be clearly distinguished from healthy elderly 
and sdaMCI participants. 

Cespón et al, 
2015b 

EEG/ERP Prefrontal, frontal, central, parietal, 
occipital, temporal.  

N2 Latency:  
• mdaMCI > HA  
• mdaMCI > mdnaMCI  
• mdaMCI > sdaMCI                                                                                                                                        
Amplitude: 
• mdaMCI < HA (N2pc).                                                   

MCI subtypes exhibited differences in ERP correlates 
of cognitive processes compared to healthy older 
participants and revealed several potential ERP 
biomarkers, such as delayed N2 latency and 
attenuated amplitudes of N2pc. The present results 
suggest that ERP is a suitable method to obtain 

early biomarkers for MCI, as it reveals incipient 
abnormalities that are not yet evident at the 
behavioural level.  

Cespón et al, 
2018 

EEG/ERP Prefrontal, frontal, central, parietal, 
occipital, temporal.  

MFN amplitude (stimulus 
position):  
• spatially incompatible > 
spatially compatible (larger only 

in HSMC) 
 

MFN amplitude, related to ACC activity involved in 
conflict monitoring, was greater only in the HSMC 
group when the position of the stimulus and/or the 
direction in which the arrow pointed were 

incompatible with the required response. Therefore, 
the HSMC group used greater conflict monitoring 
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MFN amplitude (stimulus 

direction):  
• spatially incompatible > 
spatially compatible (larger only 
in HSMC). 
 

activity to maintain performance, which was 

achieved for the spatial position conflict but not for 
the arrow direction conflict. These results suggest 
incipient deficits in monitoring conflict information 
in participants with high SMC, compared to low 
SMC.  

Cespón et al, 
2022 

EEG/ERP Prefrontal, frontal, central, parietal, 
occipital, temporal.  

N2cc latency:  
• HA > YA  

 
N2pc latency:  

• HA > YA  

Older adults also exhibited longer reaction times 
and N2pc and N2cc latencies, suggesting that they 

took longer to focus their attention on the target 
stimulus and inhibit the tendency to respond to the 

attended location. 
Katayama et 
al, 2023 

EEG/ERP Fz, Cz, and Pz. N2 amplitude:   
• MCI < HA (only no-response 
condition). 

Clear differences were found between the HA and 
MCI groups in N2 amplitude (and in the dorsal 
attention network during resting state-EEG). Taken 

together, these results suggest that EEG 
measurements are suitable as neurophysiological 
markers for the detection of preclinical stages of 
Alzheimer's disease in older adults. 

Singh et al, 
2018 

EEG/ERP Cz. ERPs for response were similar 
between control and PD.  
PD patients had attenuated mid-

frontal theta activity specific to 

response-conflict.  

These results suggest that attenuated mid-frontal 
theta activity may be a novel biomarker for 
cognitive dysfunction in Parkinson's disease. 

Singh et al, 
2023 

EEG/ERP Cz. • Cz: No main effects of group  
• For time frequency ROIs: Main 
effect of group on greater delta 
power and theta power. 

This study suggests that cognition is impaired in 
Parkinson's patients because they cannot modulate 
cue-triggered midfrontal delta/theta rhythms to 
perform cognitive tasks, leading to cognitive 
dysfunction and ultimately contributing to MCI and 

dementia. Furthermore, these results suggest that 
midfrontal delta/theta activity is a potential 
biomarker for cognitive deficits in Parkinson's 
disease. 

Simon and Stroop studies 

 

  

Cespón et al, 
2023 

EEG/ERP Left frontal (F3, F5, FC3, FC5), right 
frontal (F4, F6, FC4, FC6), left 
parietal (P3, P5, CP3, CP5), and right 
parietal (P4, P6, CP4, CP6).  

Latency:  
• Stroop: P300 and N2cc earlier 
in HCR than LCR group 
Amplitude:  
• Spatial Stroop: N2cc larger in 
HCR than LCR  

• Parietal P300 larger in left 
compared to right hemisphere in 

Inhibitory abilities were better in older adults with 
high CR than with low CR, as shown by group-
related differences. In addition, earlier N2cc and 
P300 latencies and increased N2cc amplitudes were 
found in the more demanding task in HCR than in 
LCR, suggesting an important role of task difficulty. 

Only the LCR group showed brain activity patterns 
typically associated with an aged brain, namely a 
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HCR but not in LCR. shift in activity from posterior to anterior and a loss 

of interhemispheric asymmetry. Thus, high levels of 
CR are associated with the maintenance of neuronal 
activity patterns observed in young adults rather 
than the use of neuronal compensatory 
mechanisms. 
 

Onur et al, 

2011 

fMRI Pre-supplementary motor area, ACC, 

intraparietal cortex, precuneus, 
precentral gyrus, insula, inferior 

frontal and parietal gyrus.  

Interference condition:   

• YA > HA (left DLPFC) 
• HA > YA (left Inferior frontal 

gyrus). 

It was observed that differential activation in the left 

DLPFC in young subjects and left inferior frontal 
gyrus activity in older subjects is associated with 

interference control. 

Note. 1pp, first-person perspective. 3pp, third-person perspective. ACC, Anterior Cingulate Cortex. AD, Alzheimer’s Disease. aMCI, amnestic MCI. BA, Brodmann 

Area. BDNF, Brain-Derived Neurotrophic Factor.  BOLD, Blood Oxygenation Level Dependent. CC Supplement, Cosmos caudatus Supplement. CE, Cognitive 

Exercise. CH-NAT, normal Aβ/tau ratios. CH-PAT, abnormal Aβ/tau ratios. CHs, Channels. CR, Cognitive Reserve. Deoxy-Hb, Deoxygenated Haemoglobin. DLPFC, 

Dorsolateral Prefrontal Cortex. EEG, Electroencephalography. ERP, Event-Related Potential. fMRI, functional Magnetic Resonance Imaging. fNIRS, functional Near 

Infrared Spectroscopy. HA, Healthy Ageing. Hb0, Oxy-haemoglobin. HbR, Deoxy-haemoglobin. HCR, High Cognitive Reserve. HSMC, High Subjective Memory 

Complaints. LCR, Low Cognitive Reserve. MA, Middle-aged Adults. MCI, Mild Cognitive Impairment. mdaMCI, multiple domains amnestic MCI. mdnaMCI, multiple 

domains non amnestic MCI. Met/Met, Met/Met.  genotype carriers. MFN, Medial Frontal Negativity. MI, Mostly Incongruent. Ms, milliseconds. N2cc, central 

contralateral negativity. N2pc, posterior contralateral negativity. Oxy-Hb, Oxygenated Haemoglobin. PD, Parkinson Disease. PE, Physical Exercise. PFC, Prefrontal 

Cortex. RC, Reading Control. ROIs, Region of Interests. RT, Reaction Time. sdaMCI, single domain amnestic MCI. SIVCI, Subcortical Ischemic Vascular Cognitive 

Impairment. SIVCIND, Subcortical Ischemic Vascular Cognitive Impairment No Dementia. SIVD, Subcortical Ischemic Vascular Dementia. SMC, Subjective 

Memory Complaints. SP, Stroke patients. TIA, Transient Ischemic Attack. Val/Met, Val/Met genotype carriers. Val/Val, Val/Val genotype carriers. VLPFC, 

Ventrolateral Prefrontal Cortex. YA, Young Adults.  

 

 

Table 6.5. Summary of the main cerebral findings of the Stroop and Simon effects. 

 
EEG/ERP fNIRS fMRI 

Stroop  Areas involved in EEG activity related to conflict 
resolution include the right posterior parietal 

cortex, the fronto-basal area and the left ACC. 

Stroop interference is influenced by opposing alpha 
and theta activity found in healthy individuals over 
the age of 60. 

 The EEG/ERP studies show variations in the latency 

and amplitude of brain waves (i.e., N450, P3, 
P300b, N2) that either increase or decrease, 
reflecting changes in cognitive processing and 

 Physical exercise at a 
healthy age, both in 

moderation and in 
combination, improves 
cognitive function and 

neuronal performance. 
 

 A change in the oxygen 
supply to the PFC may be 
involved in age-related 
cognitive decline, 

 There are some differences in PFC activation 
between young, old and patients with 

cognitive impairments such as MCI or AD. 
 

 The activation of the PFC during the Stroop 

task is influenced by age, with older people 
activating more frontal and temporal 
resources compared to younger people. 
These so-called compensatory processes 
compensate for deficits in executive control. 
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Note. ACC, Anterior Cingulate Cortex. AD, Alzheimer’s Disease. CR, cognitive reserve. DLPFC, Dorsolateral Prefrontal Cortex. EEG, Electroencephalography. ERP, 

Event-Related Potential. fMRI, functional Magnetic Resonance Imaging. fNIRS, functional Near Infrared Spectroscopy. MCI, Mild Cognitive Impairment. N2cc, 

central contralateral negativity. N2pc, posterior contralateral negativity. PD, Parkinson Disease. PFC, Prefrontal Cortex. 

 

executive control that are age-dependent on 
factors such as cognitive status, physical activity 
and genotype. These changes indicate either 
deterioration or improvement in cognitive function 
in different groups of participants. 

particularly in the 
performance of executive 
tasks. 

 The Stroop task activates a frontoparietal 
network that is present in both young and 
older adults. This includes bilateral frontal 
regions (DLPFC, ACC, medial prefrontal 
cortex), parietal regions (inferior and 
superior parietal lobe, angular gyrus), 
temporal areas and the right cerebellum. 

Simon  Increased N2pc/N2cc latency and decreased 
amplitude in older adults and individuals with 
cognitive impairment (e.g., MCI), suggesting that 

they took longer to focus their attention on the 
target stimulus and inhibit the tendency to respond 

to the attended location. 
 

 Midfrontal theta attenuation in PD as a potential 
biomarker for cognitive deficits. 

  

Stroop/Simon  Inhibitory abilities were better in older adults with 
high CR than in those with low CR. Thus, high levels 

of CR are associated with the maintenance of 
neuronal activity patterns rather than the use of 
neuronal compensatory mechanisms. 

 

 Interference control in the left DLPFC in 
young subjects and in the left inferior frontal 

gyrus in older adults. 
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6.5.1 EEG results in the Stroop task 

Age-related differences 

Nombela et al. (2014) and West and Bell (1997) found that older adults show slower RTs and 

lower accuracy in the Stroop task compared to younger adults. Specifically, Nombela et al. 

(2014) found that the right posterior parietal cortex, frontobasal areas and left ACC are more 

involved in conflict resolution in older adults, which is associated with opposing changes in alpha 

and theta activity. West and Bell (1997) noted that older adults rely more on the posterior 

attentional system due to a decline in anterior attention systems. 

 

Biological influences (AD biomarkers) 

CR plays a key role in maintaining cognitive performance despite the presence of AD biomarkers. 

Arakaki et al. (2022) showed that healthy individuals with abnormal amyloid/tau ratios exhibited 

compensatory occipital event-related alpha desynchronization and increased spectral alpha 

entropy. Despite these neurobiological changes, which indicate compensatory hyperactivity, no 

significant differences in performance were found in the Stroop task compared to the control 

group. 

 

Neurological disease (Parkinson’s Disease) 

Kricheldorff et al (2023) showed that patients with PD had slower RTs and higher error rates 

compared to healthy older adults. PD patients also showed impaired proactive cognitive control, 

as evidenced by reduced modulation of theta power in the mid-frontal area during the Stroop 

task, indicating impaired executive control strategies.  

 

6.5.2 EEG/ERP results in the Stroop task 

Age-related differences 

Zurrón et al. (2014) found that older adults showed longer RTs for incongruent stimuli and 

delayed N2 and P3b latencies compared to younger adults. In addition, older participants showed 

increased frontal P150 and reduced parietal P3b amplitudes. This suggests a reorganisation of 

neural processing in old age to maintain cognitive performance despite longer processing time 

for incongruent stimuli. 

 

Healthy ageing and positive lifestyle interventions 

Sánchez-Moguel et al. (2018) observed in the study with healthy elderly people that the RTs in 

the group with normal EEG were significantly longer than in the group with theta EEG in relation 

to the Stroop effect interference. In addition, Sánchez-Moguel et al. (2022) observed that 

excessive theta activity in older adults led to compensatory neurobiological adaptations despite 

similar accuracy performances. 

Physical activity has been shown to improve cognitive control. Gajewski and Falkenstein (2015) 

reported that physically active older adults performed better on the Stroop task, made fewer 
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errors and showed enhanced frontal cortex activity, as indicated by shorter P2 latency and more 

negative N2 and N450 amplitudes. In addition, Gajewski et al. (2020) found that CR 

strengthened by education and physical activity helps to maintain cognitive control performance 

despite ageing. 

 

Biological influences (Genetics) 

Gajewski et al (2012) showed that older adults carrying the Met allele of the BDNF Val66Met 

polymorphism had better interference control and increased N450 components, with shorter RTs 

and lower error rates compared to Val/Val carriers.  

 

Mild cognitive impairment 

Ramos-Goicoa et al (2016) found that aMCI exacerbates age-related cognitive decline, with 

slower processing times and deficits in motor response preparation in the Stroop task, 

demonstrating the impact of cognitive impairment on executive functions. 

 

Psychiatric disorders (Depression) 

Pišljar et al (2013) observed that individuals with late-onset depression in remission had 

prolonged RTs, greater Stroop interference and abnormal P300b compared to controls, 

suggesting residual executive control dysfunction in the absence of clinical symptoms. 

 

6.5.3 fNIRS results for the Stroop task 

Age-related differences 

Huang et al. (2022) and Laguë-Beauvais et al. (2013) reported that older adults showed slower 

RTs and produced more errors in the Stroop task than younger adults. fNIRS data showed 

increased activation in prefrontal regions in older adults, suggesting that they require more 

distributed brain activity to cope with inhibitory control. 

 

Positive lifestyle interventions 

Ji et al. (2019) showed that physical and cognitive training reduced RTs in older adults and 

improved brain oxygenation during the Stroop task. A virtual body illusion and light physical 

training also improved performance on the Stroop task compared to baseline (Burin and 

Kawashima, 2021; Byun et al., 2024, respectively). Although Byun et al. (2024) found that 

neuronal efficiency did not change significantly, Burin and Kawashima (2021) showed that 

shorter RT in the Stroop task was associated with increased neuronal activation in the left DLPFC 

compared to baseline data. 

 

Cerebrovascular diseases 

Cerebrovascular diseases such as arterial stiffness and microangiopathy significantly impair 

executive control. Hamasaki et al. (2018a, 2018b) showed that increased cerebrovascular health 
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and diseases was associated with decreased brain oxygenation in the PFC during the Stroop 

task. In addition, patients with cerebral microangiopathy (Schroeter et al., 2007) and acute 

ischemic stroke (Heiberg et al., 2023) showed impaired neurovascular coupling and executive 

function. Goenarjo et al (2021) found that higher cardiorespiratory fitness was associated with 

better Stroop performance and better oxygenation in the right PFC. 

Mason et al. (2022) investigated the relationship between carotid atherosclerosis and brain 

activation patterns. They found that cognitively normal individuals with carotid atherosclerosis 

showed lower brain activation during the Stroop task measured by fNIRS, although there were 

no significant differences in task performance, mean arterial pressure or heart rate. This 

suggests that vascular disease can alter brain function without directly affecting cognitive 

performance. 

Faulkner et al. (2017) investigated the acute effects of different postures on executive function 

in patients with TIA whose RTs were longer than those of healthy older people. They also found 

that Stroop performance improved after training regardless of posture. However, these 

improvements were not associated with hemodynamic PFC perfusion. 

 

6.5.4 fMRI results in the Stroop task 

Age-related differences 

Langenecker et al. (2004) found that older adults showed lower accuracy compared to younger 

subjects, but showed greater activation of frontal brain regions, suggesting compensatory 

mechanisms for maintaining cognitive control function. Milham et al. (2002) similarly reported 

slower RTs and more errors in older adults, who also showed increased activation in the temporal 

cortex, reflecting deeper word processing, and the ventral PFC, suggesting greater susceptibility 

to irrelevant representations in working memory. 

Schulte et al (2011) discovered that older adults showed less Stroop interference than younger 

adults, which was associated with greater activation in fronto-parietal regions, suggesting 

compensatory recruitment of additional brain areas. This activation supports cognitive 

performance in the face of age-related declines in processing speed and accuracy. In addition, 

age-related changes in brain function are associated with slower reaction times and altered 

neuronal activity (Tam et al., 2015), reflecting the brain's adaptive responses to cognitive 

decline. 

Mathis et al (2009) studied YA, MA and HA and found that RTs increased with age, with HA 

showing the slowest responses. However, in the incongruent Stroop task, the younger adults 

made more errors than the MA and HA. Neuroimaging data showed that early age-related 

impairments in inhibitory processing affected the left DLPFC, VLPFC and parietal lobe before 

leading to bilateral cortical network impairment in individuals over 60. 

Manard et al (2017) found that HA had longer RTs on cognitive control tasks than YA. Although 

accuracy differences were not significant, fMRI data showed increased activation of the left 

inferior frontal areas in HA during reactive control tasks, indicating successful compensatory 
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mechanisms. Under proactive control conditions, observed brain activity indicated changes in 

areas associated with conflict detection and task goal maintenance. 

 

Positive lifestyle interventions 

Positive lifestyle interventions such as exercise and, in some cases, nutritional supplements have 

been shown to improve brain function and delay cognitive decline in older adults. In particular, 

higher cardiorespiratory fitness has also been associated with better cognitive function and brain 

activation. Vidoni et al. (2013) reported that individuals with higher cardiorespiratory fitness had 

higher activity in the middle frontal brain and lower activity in the ACC, suggesting that physical 

fitness may protect against the cognitive decline associated with AD by improving executive 

control function. Although no significant differences in performance on the Stroop task were 

found between HA and patients at risk for AD, trends indicated higher brain activity in regions 

involved in attention and motor preparation, such as the left precentral gyrus and right 

precuneus, in the older, high-fit group. 

On the other hand, Lau et al. (2020) conducted an RCT with Persicaria minor in individuals with 

MCI, but found no significant differences in DLPFC activation during the Stroop task between the 

supplement and placebo groups. No significant intervention effects were observed in other 

cognitive tasks either, suggesting that this supplement does not directly influence the activation 

elicited by the Stroop task. In contrast, You et al. (2021) observed that supplementation with 

Cosmos caudatus led to a significant increase in activation of the DLPFC in older adults with MCI 

after 12 weeks. While there was no significant change in accuracy, the faster RTs observed in 

the supplement group were associated with a lower accuracy rate, particularly in the incongruent 

Stroop condition. These results suggest that supplementation with Cosmos caudatus may 

increase brain activity in regions critical for working memory and conflict resolution, although 

there is a trade-off between speed and accuracy. 

 

MCI, Alzheimer's, Parkinson's and cerebrovascular diseases 

MCI patients often show increased cortical activation, which indicates compensatory 

mechanisms. Kaufmann et al. (2008) found that MCI patients activated additional cortical and 

cerebellar regions that likely compensated for impaired executive control. However, according 

to Puente et al. (2014), fMRI differences between MCI and healthy individuals were small, 

suggesting that traditional neuropsychological instruments are still more reliable than fMRI for 

the diagnosis of MCI. 

Li et al (2009) compared healthy older adults, individuals with MCI, and AD patients. RTs and 

error rates increased progressively in all groups, with AD patients performing worst. 

Neuroimaging showed different patterns: healthy adults showed normal activation of the PFC, 

MCI patients showed compensatory activation and AD patients showed marked dysfunction in 

the PFC. These findings suggest that the brain's activation patterns change across varying stages 

of cognitive impairment. 
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Studies comparing patients with PD and HIV show similar deficits in frontostriatal and 

sensorimotor regions, suggesting common neurodegenerative processes. Müller-Oehring et al 

(2022) found no significant differences in RTs or accuracy in the Stroop task between YA, HIV 

patients and patients with PD. However, neuroimaging showed that all groups activated a 

frontoparietal network that included bilateral frontal regions such as the DLPFC, the ACC and the 

medial prefrontal cortex as well as bilateral parietal and temporal regions. 

In addition, Li et al. (2012) analysed participants with subcortical ischemic vascular dementia 

(SIVD) and subcortical ischemic vascular cognitive impairment without dementia (SIVCIND). 

They observed longer RTs and higher error rates in SIVD patients compared to SIVCIND and 

healthy adults. The fMRI results showed compensatory activation in the SIVCIND participants, 

while the SIVD patients showed dysfunction of the prefrontal cortex, suggesting that the severity 

of cognitive decline affects brain activation in tasks requiring executive functions. 

Vascular changes also play a crucial role in the interpretation of fMRI results in ageing 

populations. Gauthier et al (2013) reported that older adults showed slower RTs and higher error 

rates compared to YA under both control and inhibition conditions. Although changes in BOLD 

signalling were similar between groups, older adults exhibited a lower maximal BOLD response, 

suggesting that a given BOLD signal represents a greater change in neural activity in older than 

in younger individuals. This suggests that vascular changes may complicate the interpretation 

of fMRI data in ageing populations, as the underlying neuronal responses may differ markedly 

despite similar task performance. 

 

6.5.5 Results for the Simon task and the combined Stroop and Simon task 

Age-related differences 

Cespón et al. (2022) found that both congruent and incongruent trials in the Simon task resulted 

in longer RTs in older adults compared to younger adults, although the differences in accuracy 

were not significant. Neuroimaging showed longer N2pc and N2cc latencies in healthy ageing 

subjects, suggesting delayed attentional focussing and response inhibition. 

Onur et al (2011) observed that older adults showed a stronger interference effect with different 

brain activation in Stroop/Simon like tasks. While YA showed stronger DLPFC activity, older 

adults activated the left inferior frontal gyrus. In all groups, incongruent trials were associated 

with increased activation of pre-SMA, ACC and IPC, indicating the role of these regions in 

resolving interference. Pharmacological treatment with levodopa enhanced interference effects 

in YA, indicating an age-independent effect of dopaminergic modulation on cognitive control. 

Cespón et al (2023) demonstrated that older adults with higher CR had better inhibitory control, 

as evidenced by faster N200 and P300 latencies, and that they maintained similar neuronal 

activity patterns as YA. In contrast, individuals with low CR showed neuronal shifts from posterior 

to anterior regions and less hemispheric asymmetry, indicating a greater reliance on 

compensatory mechanisms. 
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Subjective cognitive decline and cognitive impairment 

Cespón et al (2018) found that participants with high subjective memory complaints (i.e. SCD) 

showed increased medial frontal negativity in conflict tasks, especially when the spatial location 

of the stimulus conflicted with the required response. This suggests that these individuals invest 

more effort in conflict monitoring compared to individuals with lower memory complaints. 

In addition, Cespón et al. (2013) showed that mdaMCI patients had smaller N2pc amplitudes 

than healthy adults, suggesting impaired attentional allocation. This ERP component could serve 

as a moderately good biomarker for the identification of mdaMCI. In another study, Cespón et 

al. (2015a) emphasised that mdaMCI patients showed significantly longer N2cc latencies, 

suggesting delayed cognitive control processes during interference resolution. N2cc latency may 

distinguish mdaMCI patients from healthy controls and other MCI subtypes. 

Furthermore, Cespón et al. (2015b) observed that MCI subtypes showed differences in ERP 

correlates of cognitive processes compared to healthy older participants and discovered several 

potential ERP biomarkers, such as delayed N2 latency and attenuated amplitudes of N2pc. 

Additionally, Katayama et al. (2023) reported that MCI patients showed longer RTs and more 

errors in incongruent conditions of the Simon task, with significantly lower N2 amplitudes, 

indicating deficits in attentional control. 

 

Neurological diseases (Parkinson’s Disease) 

In PD, mid- frontal theta activity during the Simon task has been identified as an important 

marker of cognitive dysfunction. Singh et al. (2018, 2023) observed that a reduction in mid- 

frontal theta activity correlated with cognitive decline and disease progression, making it a 

potential biomarker of PD cognitive impairment and a target for therapeutic intervention. 

More specifically, Singh et al (2023) found that PD patients, particularly those with MCI (PDMCI) 

or dementia (PDD), had difficulty modulating theta/delta rhythms triggered by a cue. This 

impairment could contribute to their cognitive deficits, and theta activity in the middle frontal 

region could serve as a biomarker for cognitive decline in PD.  

 

6.6 Discussion 

 

This systematic review uniquely explores neuropsychological paradigms of CC and associated 

neural mechanisms using advanced cognitive neuroscience techniques. By examining the specific 

neural basis of the Stroop and Simon effects, taking into account the differences between the 

different techniques, this review aims to identify early neural markers of CC and understanding 

compensatory mechanisms, such as CR, that help older adults maintain performance despite 

declining RTs and accuracy. 

The Stroop and Simon tasks simulate the cognitive interference and control demands that occur 

in daily life. These tasks reflect the need to adapt to changing demands and shifting priorities in 

everyday activities. As cognitive performance declines with age, older adults often rely on 
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compensatory mechanisms to maintain executive control. This is reflected in slower RTs and 

lower accuracy compared to younger adults. 

Central executive dysfunctions – such as deficits in response inhibition, cognitive flexibility and 

monitoring - are closely related to difficulties in performing instrumental activities of daily living 

(iADL) such as managing finances, medication and household tasks. These challenges are 

particularly pronounced in individuals with MCI and neurodegenerative diseases (e.g., Amanzio 

et al., 2010, 2011, 2013, 2014, 2016, 2017a, 2017b, 2018, 2021; Palermo et al., 2017, 2018). 

Research has shown that deficits in inhibition, cognitive flexibility and monitoring, as measured 

by tasks such as the Stroop task and the Trail Making Test – part B, predict deterioration in basic 

and instrumental activities of daily living (Verreckt et al., 2022). 

Identifying these deficits is crucial, as patients with mdaMCI who also have iADL deficits have a 

higher risk of developing dementia than patients with MCI without iADL deficits (Jekel et al., 

2015). Therefore, tasks such as Stroop and Simon are not only useful for the assessment of CC, 

but also crucial for identifying individuals at risk of further cognitive decline and functional 

impairment. 

In addition to the age-related decline in EFs, other factors - such as lifestyle, biological 

influences, health status and diseases - also play an important role in executive control in older 

people. A multidimensional model, such as the one presented in our review, which considers 

neuropsychological behavioural data with EEG, ERP, fNIRS and fMRI results, is essential for 

understanding the dynamic interplay between executive control and compensatory processes, 

especially in cognitive ageing. 

 

6.6.1. Influencing factors in executive control  

Age-related changes  

Age-related changes in cognitive control have been extensively investigated using EEG, ERP, 

fNIRS and fMRI studies, with a focus on tasks such as the Stroop and Simon tasks, each of which 

offer unique insights into how the brain compensates for cognitive decline.  

In EEG studies of the Stroop task, older adults rely more on the posterior attentional system, 

while the anterior attentional system declines, as found by Nombela et al. (2014) and West and 

Bell (1997). Nombela et al. (2014) found increased theta and decreased alpha and beta rhythms 

in older adults, particularly in the right posterior regions, while West and Bell (1997) observed 

a decrease in theta activity in the anterior midline, indicating decreased efficiency of the anterior 

attentional system.  

ERP studies such as that of Zurrón et al. (2014) found delayed N2 and P3b latencies in older 

adults, suggesting slower processing speed, while a compensatory shift from posterior to anterior 

brain regions was observed.  

Similarly, fNIRS studies showed age-related decreases in connectivity between the DLPFC, with 

younger participants showing stronger connectivity, while older adults showed increased 

prefrontal activation, likely compensating for declining cognitive resources (Huang et al, 2022; 
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Laguë-Beauvais et al, 2013).  

fMRI studies also suggest a compensatory recruitment of frontal regions in older adults, as found 

by Langenecker et al. (2004), Milham et al. (2002) and Schulte et al (2011). Tam et al. (2015) 

found age-related differences in BOLD activity associated with RTs, suggesting adaptive changes 

in brain function with age.  

For the Simon task, EEG and ERP studies also show that cognitive control decreases with age. 

Cespón et al. (2022) showed that older adults exhibited longer RTs and lower cortical excitability 

in the Simon task, suggesting impaired cognitive control. In ERP studies focussing on MCI, 

Katayama et al. (2023) found reduced N2 amplitude and dorsal attention network activity in MCI 

participants, suggesting deficits in attentional control. Further work by Cespón et al. (2013, 

2015a, 2015b) found reduced attentional and motor resources, particularly in mdaMCI, which 

showed more severe impairments compared to sdaMCI. Delayed N2cc latency in mdaMCI 

participants indicates slower executive control processes and is thus a potential biomarker for 

AD progression. Finally, mid-frontal theta rhythms were found to be critical for cognitive control 

in PD, with potential implications for therapeutic interventions. 

 

Positive lifestyle interventions  

Lifestyle interventions, including cognitive and physical training, are increasingly recognised for 

their role in maintaining or improving cognitive function in older adults. Studies using various 

methods such as ERP, fNIRS and behavioural assessments have provided strong evidence that 

physical activity, cognitive engagement and nutritional supplements can positively influence 

brain function, particularly in tasks requiring cognitive control such as the Stroop and Simon 

tasks. Research has shown that long-term physical activity can improve cognitive performance 

and neural efficiency.  

Gajewski and Falkenstein (2015) found that older adults who were physically active over a longer 

period of time performed better on the Stroop task, especially under high-interference 

conditions. These individuals exhibited shorter P2 latencies and more pronounced N2 and N450 

amplitudes, indicating increased activity in the frontal cortex. These neural markers suggest that 

regular physical activity improves the brain's ability to deal with conflicting stimuli. This 

emphasises the role of physical fitness in building CR, which helps to mitigate age-related 

cognitive decline. In addition to physical activity, CR has been shown to play a crucial role in 

maintaining cognitive performance in old age. Gajewski et al (2020) found that older adults with 

higher levels of education, higher IQ and a history of cognitive engagement showed similar 

neural patterns to younger individuals in the Stroop task. Specifically, these high-performing 

older adults showed greater CNV and P2/N2 amplitudes, reflecting more efficient neural 

processing. These results suggest that CR may help older adults maintain their cognitive control 

abilities despite age-related brain changes.  

The combination of cognitive and physical training appears to offer even greater benefits than 

either intervention alone. Ji et al (2019) demonstrated that a combined cognitive-physical 
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training programme improved inhibitory control and cerebral oxygenation in older adults more 

effectively than training alone. This was measured by improved performance in the Stroop task 

and increased cerebral oxygenation in the prefrontal cortex using fNIRS. This finding highlights 

the synergistic effects of engaging both the body and mind interventions, leading to improved 

brain function. Similarly, Burin and Kawashima (2021) conducted a RCT in which older adults 

were exposed to a virtual body illusion, resulting in improved performance on the Stroop task 

and increased activation in the DLPFC. This increase in neuronal activation suggests that such 

innovative cognitive interventions may stimulate prefrontal regions involved in executive control, 

further enhancing cognitive flexibility and inhibitory processes in older adults. In addition, Byun 

et al (2024) found that mild physical training over three months decreased RTs in the Stroop 

task, although neuronal efficiency scores and oxy-Hb levels in the PFC did not change 

significantly, suggesting that even light training may have a positive impact on cognitive control. 

Consistent with the benefits of physical fitness, Vidoni et al. (2013) investigated the relationship 

between cardiorespiratory fitness and brain activation during the Stroop task. They found that 

older adults with higher fitness levels had better brain function and greater activation in key 

cognitive regions than people with AD. This suggests that maintaining physical fitness may 

protect against cognitive decline and even promote more efficient brain function in healthy 

ageing individuals. Dietary supplements have also been investigated for their potential to support 

cognitive health in old age. Lau et al. (2020) and You et al. (2021) investigated the effect of 

Persicaria minor and Cosmos caudatus and showed that these supplements improved brain 

activation in the DLPFC in older adults with MCI. This improvement in PFC activation suggests 

that dietary interventions may help slow cognitive decline in ageing populations, particularly 

those at higher risk of dementia. These studies show that certain dietary interventions can 

modulate brain function and thus represent a complementary approach to cognitive and physical 

training in older adults.  

 

The role of biological, genetic, and disease-related factors  

The role of biological, genetic and disease-related factors in cognitive ageing has been 

investigated in a number of tasks, in particular the Stroop and Simon tasks, using methods such 

as ERP, EEG and fNIRS. These studies provide important insights into how different conditions, 

from genetic variations to chronic diseases, affect cognitive control and executive function in 

older adults.  

Genetic factors play an important role in cognitive ageing, as demonstrated by research on the 

Stroop task. Gajewski et al (2012) investigated the effects of the BDNF Val66Met polymorphism 

and found that older adults carrying the Met allele showed improved interference control and 

increased N450 components during the Stroop task compared to Val/Val carriers. This suggests 

that the Met allele may provide a protective advantage for inhibitory control in old age by 

modulating fronto-striatal networks. Furthermore, Sánchez-Moguel et al. (2018, 2022) 

examined EEG profiles in healthy older adults, focusing on those with excessive theta activity, 
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which can signal early cognitive decline. Despite similar behavioural performance, those with 

excessive theta activity showed compensatory mechanisms such as increased P300 amplitude 

and increased signal energy in the theta and alpha bands, indicating neurobiological adaptations. 

Looking at AD biomarkers, research has found that CR can maintain cognitive control even in 

the presence of AD markers. Arakaki et al (2022) reported that cognitively healthy individuals 

with abnormal amyloid/tau ratios in the CSF exhibited compensatory hyperactivity, such as more 

negative occipital event-related alpha desynchronization (ERD) and higher spectral alpha 

entropy (SE) during the Stroop task. These results suggest that these individuals may be in a 

transitional phase to cognitive decline in which hyperactive brain responses serve as early 

compensatory mechanisms.  

Chronic diseases, including PD, have a marked impact on cognitive control, particularly with 

regard to proactive control strategies. Kricheldorff et al (2023) found that people with PD had 

difficulty proactively adjusting cognitive control during the Stroop task. This failure in conflict 

resolution was associated with decreased modulation of midlinear-frontal theta energy, 

highlighting the challenges that PD patients have in adapting their cognitive strategies.  

Recent findings emphasize the importance of considering not only cortical areas, but also 

subcortical regions - such as the basal ganglia and cerebellum - to understand the neural circuits 

that support cognitive and executive control (Müller-Oehring et al., 2022). As highlighted in 

studies by Okayasu et al. (2023), the cerebellum, particularly in the dorsolateral hemispheres 

(crus I/II, lobules VI/VIIb), is heavily involved in a cortico-cerebellar loop with cortical regions, 

especially in tasks that require conflict resolution, such as the Stroop test. In these tasks, the 

PFC amplifies cerebellar activity, while the cerebellum inhibits prefrontal activity to filter out 

irrelevant stimuli and thereby support goal-directed behaviour. 

In their fMRI study, Müller-Oehring et al. (2022) showed that CC processes activate a lateral 

fronto-parietal network, while motor control processes involve a cerebellar, precentral and 

medial prefrontal network. The authors observed activation deficits in both cognitive and motor 

control regions in PD patients compared to controls, particularly in the dorsolateral frontal, 

medial frontal and anterior cingulate cortices for CC and in the limbic, frontal, parietal and 

cerebellar regions for motor control. These findings contribute to a more comprehensive 

understanding of the neural mechanisms underlying CC/EFs, particularly in neurodegenerative 

diseases such as Parkinson’s disease, in which compensatory activation of the cerebellum 

attenuates executive control deficits. 

In PD, changes are often observed in subcortical-cortical circuits, particularly in the basal ganglia 

and thalamus. The basal ganglia, including the subthalamic nucleus, play a crucial role in 

modulating theta rhythms, which are essential for CC. Research has shown that the basal ganglia 

regulate the flow of information between cortical regions, which is essential for supporting tasks 

that require inhibition and cognitive flexibility. The thalamus, which acts as a relay station, also 

facilitates communication between cortical and subcortical areas and plays a key role in the 

execution of complex cognitive functions. Impairments in these regions can lead to significant 
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difficulties in cognitive control, as is the case in Parkinson’s disease. In these cases, dysfunction 

in subcortical networks often triggers compensatory activation in other regions, such as the 

cerebellum, to maintain cognitive performance. This dynamic interplay between cortical and 

subcortical regions highlights the complexity of cognitive control networks and suggests that a 

deeper understanding of these networks could lead to therapeutic strategies for diseases such 

as PD, in which dysfunction of the basal ganglia and thalamic circuits is compensated for by 

increased activation of the cerebellum to maintain cognitive performance. 

Subjective and objective cognitive impairments, including MCI and dementia, also exacerbate 

age-related cognitive decline. Ramos-Goicoa et al (2016) demonstrated that MCI participants 

showed slower neural processing and increased allocation of resources to irrelevant stimuli 

during the Stroop task, which further impaired motor response preparation. Similarly, Pišljar et 

al. (2013) found prolonged reaction times and greater Stroop interference accompanied by 

abnormal P300b waveforms in individuals with late-life depression in remission, suggesting 

persistent cognitive impairment despite remission of depressive symptoms.  

Vascular health has a significant impact on executive control as shown by studies using fNIRS 

during the Stroop task. Hamasaki et al. (2018a, 2018b) found that cerebrovascular health and 

diseases were associated with reduced cerebral oxygenation and poorer Stroop performance, 

suggesting that deterioration in executive control in older adults may be due to an impaired 

hemodynamic response, particularly in the left prefrontal cortex. The study by Hamasaki et al. 

(2018a) was the only one to find gender differences in behavioral results and brain activation. 

In particular, the RT of the Stroop effect was longer in the over 70-year-old females than in the 

younger group. In addition, the female group over 60 years showed a significantly smaller 

change in oxide Hb signal only in the left PFC than the younger group. In contrast, the different 

age groups showed no significant differences in the oxide Hb signal and in the RT of the Stroop 

effect in the male subjects. 

Schroeter et al. (2007) confirmed that cerebral microangiopathy reduces brain activation in the 

frontal lobes and impairs task performance. Mason et al (2022) investigated carotid 

arteriosclerosis and found reduced brain activation during the Stroop task in affected individuals, 

although task performance was not impaired. This illustrates how vascular disease can alter 

neuronal responses without an immediate cognitive decline being apparent. In addition, Heiberg 

et al. (2023) found that patients with AIS had impaired executive control and abnormal 

hemodynamic responses, highlighting the potential of fNIRS as a biomarker of cognitive 

impairment. Faulkner et al. (2017) and Goenarjo et al. (2021) extended this line of research and 

showed that higher cardiorespiratory fitness in older adults improves Stroop performance and 

increases prefrontal oxygenation.  

In the context of the Simon task, studies on cognitive impairment have identified important 

biomarkers for tracking executive cognitive decline. Cespón et al. (2018) found that older adults 

with subjective memory complaints, particularly those with high-grade memory complaints, 

exhibited increased cognitive effort to maintain performance during the Simon task, as evidenced 
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by higher medial frontal negativity. This indicates increased conflict monitoring. Further work by 

Cespón et al. (2013, 2015a) on MCI found that participants with mdaMCI showed reduced 

amplitudes of N2pc and lateralised readiness potential, indicating deficits in attention and motor 

processing. Delayed N2cc latencies in mdaMCI participants indicate slower executive control and 

serve as potential early markers for AD.  

PD has also been investigated using the Simon task. Singh et al. (2018, 2023) found that reduced 

theta activity in the middle frontal area during response conflict and processing after an error 

was associated with cognitive dysfunction and disease progression. These results suggest that 

theta rhythms in the middle frontal area serve as critical biomarkers of cognitive dysfunction in 

PD and could be targets for therapeutic intervention. 

 

6.6.2. Compensatory mechanisms  

This review highlights the critical role of PFC activation in maintaining cognitive control and 

emphasises the importance of CR in mitigating age-related cognitive decline. Although there are 

differences between these two paradigms, the review consistently emphasises how both the 

Stroop and Simon tasks illustrate compensatory mechanisms and the variability in brain 

activation between healthy ageing and cognitive impairment.  

Pathological changes, such as inefficient neuronal recruitment (dedifferentiation), are more 

evident in people with MCI or in neurodegenerative and vascular disorders. The Stroop and 

Simon tasks offer important insights into these compensation mechanisms. The Stroop task, 

which focuses on cognitive inhibition and semantic conflict, is highly sensitive to executive 

dysfunction and cognitive decline. In contrast, the Simon task, which focuses on spatial and 

motor conflicts, is particularly useful in distinguishing between MCI subtypes and motor-related 

diseases such as PD. Both tasks show the compensatory strategies that older adults use and 

reflect how the brain copes with healthy ageing and cognitive impairment. 

 

6.6.3. Models of compensation 

Compensatory neural processes, as described in models such as the Compensation-Related 

Utilisation of Neural Circuits Hypothesis (CRUNCH, Reuter-Lorenz and Cappell, 2008) and the 

Scaffolding Theory of Ageing and Cognition (STAC, Park and Reuter-Lorenz, 2009), are essential 

for the maintenance of cognitive performance in old age. These models explain how older adults 

adapt by shifting neuronal activation from posterior to anterior regions, relying on PFC activity 

to compensate for the decline in posterior areas (Posterior-Anterior Shift in Aging, PASA model, 

Davis et al., 2008; Dennis and Cabeza, 2008). However, when these compensatory mechanisms 

fail, as in MCI, neuronal recruitment becomes inefficient, leading to dedifferentiation (Park et 

al., 2012). 

 

6.6.4. Limitations and future directions 

This review emphasizes the importance of considering the strengths of each psychophysiological 
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and imaging technique when examining neural activation patterns related to cognitive and 

executive control, particularly in the Simon and Stroop tasks. To interpret the results, it is crucial 

to understand how these techniques complement each other, such as the superior spatial 

resolution of fMRI and the excellent temporal resolution of EEG. Importantly, the review provides 

a nuanced and novel discussion of how different neuroimaging methods contribute to our 

understanding of cortical activation in cognitive decline in the aging population, with a particular 

focus on potential protective factors that may mitigate this decline. In addition, the review 

emphasizes the importance of demonstrating that the Stroop and Simon effects serve as reliable 

markers for distinguishing between healthy aging and cognitive impairment. 

However, the study also has limitations that provide clues for future research. One important 

limitation is the heterogeneity of the study designs, including differences in cognitive tasks, 

psychophysiological and neuroimaging techniques, and participant characteristics. These 

differences may limit the generalizability of the results.  

In addition, some studies relied on small sample sizes, which may affect the robustness and 

reproducibility of the results. Another important limitation is the fact that the literature reviewed 

was predominantly cross-sectional, which limits the ability to draw causal conclusions about the 

progression of cognitive decline and the long-term effects of the compensatory mechanisms 

identified by the CC tasks. 

Furthermore, the limited number of studies that have examined brain activation during the 

Simon task underscores the need for further research to better understand the neural 

mechanisms underlying cognitive and executive control in aging populations. Expanding research 

in this area could help clarify whether the Simon task is a reliable marker of cognitive 

impairment. 

Future research should focus on longitudinal studies and standardization of CR assessments to 

more accurately capture the multidimensional nature of compensatory mechanisms across the 

lifespan. In addition, further studies are needed to investigate how lifestyle interventions such 

as cognitive training and physical activity interact with compensatory processes to potentially 

delay cognitive decline. Expanding research in these areas will provide deeper insights into the 

role of CR and CC in healthy aging and their potential to prevent or attenuate cognitive 

impairment in older adults. 

 

6.7 Conclusion 

 

This systematic review provides crucial insights into the neural mechanisms underlying cognitive 

and executive control, in the Stroop and Simon tasks. By examining these tasks using a variety 

of psychophysiological and imaging techniques, we have addressed key questions regarding the 

role of CR, the effects of age-related cortical changes, the role of CC in the detection of SCD, 

and the compensatory mechanisms that support cognitive performance in the face of neuronal 

decline. 
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The studies reviewed emphasize the critical role of CR in maintaining cognitive performance, 

allowing for more efficient neural processing and enabling the brain to adapt to age-related 

changes. This adaptability, particularly in regions essential for EFs (e.g., the DLPFC), facilitates 

the resolution of cognitive conflicts (e.g., the Stroop and Simon effects) and helps individuals 

maintain efficiency despite cognitive aging. Increased activity in CR-related brain regions helps 

compensate for cognitive demands during these tasks, particularly in older adults. 

However, age-related changes, particularly in the PFC, result in reduced oxygen supply and 

increased arterial stiffness, negatively impacting core EFs. Although compensatory mechanisms 

in regions such as the left inferior frontal gyrus and DLPFC help mitigate these effects, they are 

less efficient in older adults than in younger individuals. This inefficiency is evident in slower 

inhibitory control, which is further exacerbated in conditions like MCI and neurodegenerative 

diseases. 

In individuals with SCD, higher memory complaints are correlated with increased engagement 

in conflict control, suggesting that the ability to resolve cognitive conflicts is critical for 

maintaining performance. This pattern indicates potential deficits in conflict resolution and 

monitoring that could serve as early indicators of more severe cognitive decline. 

In MCI and neurodegenerative diseases (such as AD, and PD), CC typically deteriorates due to 

dysfunction in regions responsible for EFs. This leads to greater difficulty in tasks requiring 

attention, inhibition, and conflict resolution, such as the Stroop and Simon tasks. While 

compensatory brain activity may occur, it is less efficient than in healthy individuals.  

EEG studies show that individuals with neurocognitive disorders experience changes in 

midfrontal delta/theta rhythms during cognitive conflict. Functional neuroimaging studies using 

fMRI and fNIRS reveal increased activity in brain regions such as the DLPFC, which suggests 

compensatory mechanisms that help individuals with MCI or dementia cope with executive 

control deficits. However, even in these cases, compensatory activation in other brain regions 

(e.g., the cerebellum and temporal areas) may be insufficient to fully offset the cognitive 

impairments, especially in diseases like AD and PD. 

In summary, the findings from EEG, fNIRS, and fMRI studies underscore the significant role of 

CR in supporting EFs and maintaining CC in aging and neurodegenerative conditions. They also 

highlight the importance of compensatory mechanisms in the PFC and other brain regions in 

mitigating cognitive decline. These findings suggest that early detection of CC deficits and the 

identification of compensatory mechanisms may serve as a foundation for developing 

interventions aimed at delaying or preventing cognitive impairment offering a window into early 

markers of cognitive dysfunction. Ultimately, this could lead to improved quality of life for older 

adults at risk of cognitive decline. 

 

6.8 Supplementary material 
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Table 6.S1.  Assessment of research quality using the Mixed Method Appraisal Tool (MMAT, Hong et al., 2018) and rationale for ‘No’ responses 

within the MMAT evaluation.  
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Arakaki et al 2022           Yes Yes Yes No Yes No formal consideration or analyses of confounding factors 
provided3.4 

Burin and 
Kawashima 

2021 Yes  Yes No No Yes          Only data for the incongruent condition were reported2.3, 
outcome assessors were not blinded to intervention 

condition2.4 
Byun et al 2024 Yes  Yes No No Yes          Only data for the incongruent condition were reported2.3, 

outcome assessors were not blinded to intervention 
condition2.4 

Cespón et al 2013           Yes Yes Yes No Yes No formal consideration or analyses of confounding factors 
provided3.4 

Cespón et al 2015a           Yes Yes Yes No Yes No formal consideration or analyses of confounding factors 
provided3.4 
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Cespón et al 2015b           Yes Yes Yes No Yes No formal consideration or analyses of confounding factors 
provided3.4 

Cespón et al 2018           Yes Yes Yes No Yes No formal consideration or analyses of confounding factors 
provided3.4 

Cespón et al 2022           Yes No No No Yes Participant's cognitive functions were not evaluated3.2, S.D 
data was not reported3.3 

Cespón et al 2023           Yes Yes Yes No Yes No formal consideration or analyses of confounding factors 

provided3.4 
Faulkner et al 2017           No No No No Yes Education data was not reported 3.1, participant’s cognitive 

functions were not evaluated3.2, no data for RTs and ERs 

incongruent and congruent3.3 
Gajewski et al 2012           No Yes No No Yes Education data was not reported3.1, data available only for all 

participants (no data for RTs for Val/Val and Val/Met 

conditions)3.3 
Gajewski and 
Falkenstein 

2015           Yes Yes No Yes Yes Data available only for all participants (no data for low and 
high active conditions)3.3 

Gajewski et al 2020           No Yes Yesb Yes Yes Education data was not reported3.1 

Gauthier et al* 2013           Yes Yes Yes Yes Yes  

Goenarjo et al 2021           No No Yes No Yes Education data was not reported3.1, participant’s cognitive 
function was not evaluated3.2, no formal consideration or 
analyses of confounding factors provided3.4 

Hamasaki et al 2018a           Yes No No No Yes Participant's cognitive functions were not evaluated3.2, no data 
for RTs and ERs3.3, no formal consideration or analyses of 
confounding factors provided3.4 

Hamasaki et al 2018b           No No No No Yes Education data was not reported3.1, participant’s cognitive 
function was not evaluated3.2, no data for RTs and ERs3.3, no 
formal consideration or analyses of confounding factors 
provided3.4 

Heiberg et al 2023           No Yes Yes No Yes Education data was not reported3.1, the authors not provided 
the educational level which could be a possible confounder3.4 

Huang et al 2022           No No No No Yes Education data was not reported3.1, participant’s cognitive 
functions were not evaluated3.2, S.D data was not reported3.3, 

no formal consideration or analyses of confounding factors 
provided3.4 

Ji et al 2019           Yes Yes Yes No Yes No formal consideration or analyses of confounding factors 
provided3.4 

Katayama et al* 2023           Yes Yes Yesb Yes Yes  

Kaufmann et al 2008           No Yes No No Yes Gender and education data were not reported3.1, only data for 

the incongruent condition were reported3.3, no formal 
consideration or analyses of confounding factors provided3.4 
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Kricheldorff et 
al* 

2023           Yes Yes Yes Yes Yes  

Laguë-Beauvais 
et al 

2013           Yes Yes No No Yes Only data for the incongruent condition were reported3.3, no 
formal consideration or analyses of confounding factors 
provided3.4 

Langenecker et 
al 

2003           Yes Yes Yes No Yes No formal consideration or analyses of confounding factors 
provided3.4 

Lau et al 2020 Yes  Yes  No Yes  Yes           High drop-out rate (20%)2.3, no data for RTs and ERs3.3 

Li et al 2009           Yes Yes No No Yes Only data for the incongruent condition were reported3.3, no 
formal consideration or analyses of confounding factors 

provided3.4 
Li et al 2012           Yes Yes No No Yes Only RTs and ERs incongruent were reported3.3, no formal 

consideration or analyses of confounding factors provided3.4 
Manard et al 2017           Yes No Yes Yes Yes Participant's cognitive functions were not evaluated3.2 

Mason et al 2022           No Yes Yes Yes Yes Education data was not reported3.1, inclusion criteria were not 
reported3.1 

Mathis et al 2009           No No Yes No Yes Education data was not reported 3.1, participant’s cognitive 
function was not evaluated3.2, no formal consideration or 
analyses of confounding factors provided3.4 

Milham et al 2002           Yes No No No Yes Participant's cognitive functions were not evaluated3.2, data 
available only for "facilitation" (neutral–congruent)3.3, no 

formal consideration or analyses of confounding factors 
provided3.4 

Müller-Oehring et 
al 

2022           Yes No Yes No Yes Participant’s cognitive functions were not evaluated3.2, no 
formal consideration or analyses of confounding factors 
provided3.4 

Nombela et al 2014           No No No No Yes Gender and education data were not reported3.1, participant’s 
cognitive functions were not evaluated3.2, data for ERs are not 

reported3.3, no formal consideration or analyses of 
confounding factors provided3.4 

Onur et al 2011 No Yes  No Yes  Yes           Data available only for YA and HA together or placebo and 
Levodopa together2.3 

Pišljar et al 2013           Yes Yes Yesb No Yes No formal consideration or analyses of confounding factors 
provided3.4 

Puente et al 2014           Yes Yes Yes No Yes No formal consideration or analyses of confounding factors 
provided3.4 

Ramos-Goicoa et 
al 

2016           Yes Yes Yes No Yes No formal consideration or analyses of confounding factors 
provided3.4 

Sánchez-Moguel 
et al 

2018           Yes Yes Yes No Yes No formal consideration or analyses of confounding factors 
provided3.4 

Sánchez-Moguel 2022           No Yes Yes No Yes Education data was not reported3.1, no formal consideration or 
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et al analyses of confounding factors provided3.4 

Schroeter et al 2006           No Yes No Yes Yes Education data was not reported 3.1, only data for the 
incongruent condition are reported3.3 

Schulte et al 2011           Yes Yes No No Yes Only ERs overall were reported3.3, no formal consideration or 

analyses of confounding factors provided3.4 
Singh et al 2018           Yes Yes Yes No Yes No formal consideration or analyses of confounding factors 

provided3.4 
Singh et al 2023           Yes Yes No No Yes No data for RTs and ERs3.3, no formal consideration or 

analyses of confounding factors provided3.4 
Tam et al 2015           Yes Yes No Yes Yes Only ERs overall are reported3.3 

Vidoni et al 2013           No Yes No Yes Yes Education data was not reported 3.1, data for ER are not 
reported3.3 

West and Bell 1997           Yes Yes Yes No Yes No formal consideration or analyses of confounding factors 
provided3.4 

You et al * 2021 Yes  Yes  Yes  Yes  Yes            

Zurrón et al 2014           No No Yes No Yes Education data was not reported 3.1, participant's cognitive 
functions were not evaluated3.2, no formal consideration or 
analyses of confounding factors provided3.4 

Note. Criteria set 1 (Qualitative Studies), 4 (Quantitative Descriptive), 5 (Mixed Method's Studies) were not presently relevant for any included studies and so 

was removed. 

ERs, Error Rates. RTs, Reaction Times. S.D., Standard Deviation.  

*Studies that met all the criteria. 
aFor sections 2.3 and 3.3 we answer "No" referring to the benchmark parameters relevant for our systematic review: Simon and Stroop effects, Cohen's D. 
bFurther details received by authors. 

 

 

Table 6.S2. All participants’ demographic characteristics. 

Study 
Study 
Design 

Participants  Gender Age 
Education 
in years 

MMSE MoCA Task 
Techni-

que 

  group N W/M 
M ± SD 

(range) 

M ± SD 

(range) 

M ± SD 

(range) 

M ± SD 

(range) 
  

Arakaki et al, 

2022 

cross 

sectional 
All participantsa 41 31/10 

75.65 ± 7.95 

(60 - 94) 
16 ± 2.1 29.25 ± 1.14 N.R. Stroop EEG 

Burin and 
Kawashima, 2021 

RCT All participants 40 28/12 71.71 ± 5.71 
13.85 ± 

2.24 
  Stroop fNIRS 

Byun et al, 2024 
clinical 

trial 
All participants 81 61/20 

68.2 (67.0 - 
69.4) 

13.6 (13.2 - 
14.1) 

29.0 (28.8 - 
29.3) 

 Stroop fNIRS 

Cespón et al, cross All participants 55 25/30 66.8 (51 -    Simon EEG/ERP 
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2013 sectional 85) 

Cespón et al, 
2015a 

cross 
sectional 

All participants 43 26/17 (60 - 83)    Simon EEG/ERP 

Cespón et al, 
2015b 

cross 
sectional 

All participants 53 31/22 (51 - 84)    Simon EEG/ERP 

Cespón et al, 
2018 

cross 
sectional 

All participants 34 26/8 (52 - 81)    Simon EEG/ERP 

Cespón et al, 

2023 

cross 

sectional 
All participants 74  (61 - 82)  N.R.  

Simon & 

Stroop 
EEG/ERP 

Gajewski et al, 

2012 

cross 

sectional 
All participants 131 81/50 

70.5 ± 4.5 

(65 - 88) 
   Stroop EEG/ERP 

Gajewski and 
Falkenstein, 2015 

cross 
sectional 

All participants 40 0/40 
73.2 ± 4.5 
(65 - 87) 

   Stroop EEG/ERP 

Gajewski et al, 

2020 

cross 

sectional 

All participants 

(HA) 
152 93/59 

70.6 ± 4.5 

(65 - 88) 
3.5 ± 1.1a 28.6 ± 1.4  Stroop EEG/ERP 

Goenarjo et al, 
2021 

cross 
sectional 

All participants 24 0/24 
60.4 ± 4.3 
(55 - 69) 

  N.R. Stroop fNIRS 

Hamasaki et al, 
2018a 

cross 
sectional 

All participants 98 58/40 (23 - 79)    Stroop fNIRS 

Hamasaki et al, 
2018b 

cross 
sectional 

All participants 62 40/22 
62.9 ± 6.5 
(51 - 79) 

   Stroop fNIRS 

Katayama et al, 

2023 

cross 

sectional 
All participants 449 249/200 73 (69 - 78)b 12 (12 - 16)b 29 (27 - 30)b  Simon EEG/ERP 

Lau et al, 2020 RCT All participants 36 28/8 
66.42 ± 0.63 

(60 - 75) 
N.A. N.R.  Stroop fMRI 

Ramos-Goicoa et 
al, 2016 

cross 
sectional 

All participants 84 41/43 
68.0 ± 9.5 
(51 - 87) 

   Stroop EEG/ERP 

Sánchez-Moguel 

et al, 2018 

cross 

sectional 
All participants 44 26/18 >60 >9 > 27  Stroop EEG/ERP 

Sánchez-Moguel 
et al, 2022 

cross 
sectional 

All participants 46 26/20 >60 >9 > 27  Stroop EEG/ERP 

You et al, 2021 RCT All participants 20 14/6 
63.70 ± 3.3 

(60 - 75) 
10.65 ± 3.53 26.83 ± 1.44 a  Stroop fMRI 

Note. EEG, Electroencephalography. ERP, Event-Related Potential. fMRI, Functional Magnetic Resonance Imaging. fNIRS, Functional Near Infrared Spectroscopy. 

HA, Healthy Aging. M, Mean. MMSE, Mini Mental State Examination. MoCA, Montreal Cognitive Assessment. N, number. N.R., Assessed but not reported. RCT, 

Randomized Controlled Trial. SD: Standard Deviation. W/M: Women/Men. 
aThe values were obtained by calculations based on the data available in the study 
bMedian values and Interquartile range 
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Table 6.S3. Variability of effect sizes across studies (Cohen’s d) considering reaction times. 

Study YA MA HA SCD MCI other pathologies subgroups 

Stroop studies 

Arakaki et al, 2022   LARGE    CH-NAT 

   LARGE    CH-PAT 

Gajewski et al, 2012   LARGE    All participants 

Gajewski and Falkenstein, 2015   MODERATE    All participants 

Gajewski et al, 2020 LARGE MODERATE     All participants 

   LARGE    old high performers 

   LARGE    old mid performers 

   LARGE    old low performers 

Gauthier et al, 2013  LARGE  LARGE     

Goenarjo et al, 2021  LARGE LARGE    Higher-fit 

  MODERATE LARGE    Lower-fit 

Heiberg et al, 2023   SMALL   MODERATE SP 

Langenecker et al, 2004 LARGE  LARGE     

Manard et al, 2017 MODERATE  LARGE     

Mathis et al, 2009 MODERATE MODERATE LARGE     

Pišljar et al, 2013   LARGE   LARGE D 

Puente et al, 2014   LARGE  LARGE   

Ramos-Goicoa et al, 2016  SMALL SMALL  MODERATE  MA aMCI 

     SMALL  HA aMCI 

Sánchez-Moguel et al, 2018   LARGE    Normal-EEG 

   MODERATE    Theta-EEG 

Sánchez-Moguel et al, 2022   LARGE    Normal-EEG 

   MODERATE    Theta-EEG 

Schulte et al, 2011 SMALL       

Tam et al, 2015 LARGE  LARGE     

Vidoni et al, 2013   MODERATE   MODERATE AD 

Zurrón et al, 2014 MODERATE  LARGE     

        

Simon studies 

Cespón et al, 2013   SMALL . SMALL  sdaMCI 
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     MODERATE  mdaMCI 

Cespón et al, 2015a   MODERATE  MODERATE  sdaMCI 

     MODERATE  mdaMCI 

Cespón et al, 2015b   MODERATE  MODERATE  mdnaMCI 

     SMALL  sdaMCI 

     MODERATE  mdaMCI 

Cespón et al, 2018    LARGE   Low SMC 

    LARGE   High SMC 

Katayama et al, 2023   SMALL  SMALL   
        

Simon and Stroop studies 

Cespón et al, 2023   MODERATE    LCR 

   LARGE     

   LARGE    HCR 

   LARGE     

Note. Cohen’s d was considered small (green) for values between 0.2 to 0.5, moderate (yellow) for values between 0.5 and 0.8, and large (red) for values 

greater than 0.8.  

AD, Alzheimer’s Disease. aMCI, amnestic MCI. CH-NAT, normal Aβ/tau ratios. CH-PAT, abnormal Aβ/tau ratios. D, Depression. EEG, electroencephalography. HA, 

Healthy Aging. HCR, High Cognitive Reserve. LCR, Low Cognitive Reserve. MA, Middle-aged Adults. MCI, Mild Cognitive Impairment. mdaMCI, multiple domains 

amnestic MCI. mdnaMCI, multiple domains non amnestic MCI. Met/Met, Met/Met genotype carriers. RTs, Reaction Times. SCD, Subjective Cognitive Decline. SP, 

Stroke patients. YA, Young Adults. sdaMCI, single domain amnestic MCI. SMC, Subjective Memory Complaints. Val/Met, Val/Met genotype carriers. Val/Val, 

Val/Val genotype carriers. 

 

 

Table 6.S4. Variability of effect sizes across studies (Cohen’s d) considering error rates. 

Study YA MA HA SCD MCI other pathologies subgroups 

Stroop studies 
Arakaki et al, 2022   LARGE    CH-NAT 

   LARGE    CH-PAT 
Gajewski et al, 2012   MODERATE    Val/Val 
   SMALL    Val/Met - Met/Met 
Gajewski and Falkenstein, 2015   MODERATE    All participants 

Gajewski et al, 2020 LARGE LARGE     HA All participants 
   LARGE    old high performers 
   LARGE    old middle performers 
   LARGE    old low performers 
Gauthier et al, 2013 LARGE  LARGE     
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Goenarjo et al, 2021  MODERATE MODERATE    Higher-fit 

  MODERATE MODERATE    Lower-fit 
Heiberg et al, 2023   LARGE   LARGE SP 
Langenecker et al, 2004 MODERATE  SMALL     
Manard et al, 2017 LARGE  LARGE     
Mathis et al, 2009 LARGE LARGE LARGE     
Puente et al, 2014   SMALL  LARGE   
Ramos-Goicoa et al, 2016  SMALL SMALL  SMALL  MA aMCI 

     SMALL  HA aMCI 
Sánchez-Moguel et al, 2018   MODERATE    Normal-EEG 

   MODERATE    Theta-EEG 
Sánchez-Moguel et al, 2022   SMALL    Normal-EEG 
   SMALL    Theta-EEG 
You et al, 2021     LARGE   

     LARGE   
Zurrón et al, 2014 SMALL  MODERATE     
Simon studies 
Cespón et al, 2013   LARGE  LARGE  sdaMCI 
     LARGE  mdaMCI 
Cespón et al, 2015a   SMALL  SMALL  sdaMCI 
     LARGE  mdaMCI 

Cespón et al, 2015b   SMALL  SMALL  mdnaMCI 

     SMALL  mdaMCI 
Cespón et al, 2018    MODERATE   Low SMC 
    MODERATE   High SMC 
Simon and Stroop studies 
Cespón et al, 2023   LARGE    LCR 
   LARGE     

   LARGE    HCR 
   LARGE     

Note. Cohen’s d was considered small (green) for values between 0.2 to 0.5, moderate (yellow) for values between 0.5 and 0.8, and large (red) for values greater 

than 0.8.  

aMCI, amnestic MCI. CH-NAT, normal Aβ/tau ratios. CH-PAT, abnormal Aβ/tau ratios. EEG, electroencephalography. HA, Healthy Aging. HCR, High Cognitive 

Reserve. LCR, Low Cognitive Reserve. MA, Middle-aged Adults. MCI, Mild Cognitive Impairment. mdaMCI, multiple domains amnestic MCI. mdnaMCI, multiple 

domains non amnestic MCI. Met/Met, Met/Met genotype carriers. RTs, Reaction Times. SCD, Subjective Cognitive Decline. SP, Stroke patients. YA, Young Adults. 

sdaMCI, single domain amnestic MCI. SMC, Subjective Memory Complaints. Val/Met, Val/Met genotype carriers. Val/Val, Val/Val genotype carriers. 

 

 

 



200 
 

Table 6.S5. Number of studies for each reference group showing the effect size (Cohen's d) of the Stroop and Simon interference effects. 

  YA MA HA SCD MCI OTHER 

RTs       

Not computable 0 0 1 0 0 0 

Small 1 1 4 0 4 0 

Moderate 3 3 7 0 6 2 

Large  4 1 21 2 1 1 

Total 8 5 33 2 11 3 
       

ERs       

Not computable 0 0 1 0 2 0 

Small 1 1 8 0 5 0 

Moderate 1 2 7 2 0 0 

Large  4 2 14 0 6 1 

Total 6 5 30 2 13 1 

Note. ERs, Error Rates. HA, Healthy Aging. MA, Middle-aged Adults. MCI, Mild Cognitive Impairment. RTs, Reaction Times. SCD, Subjective Cognitive Decline. 

Other, Other clinical pathologies. YA, Young Adults. 

 

 

Table 6.S6. Pre-post findings for clinical trials. 

 
    Pre     Post   

    

Study Task YA HA MCI YA HA MCI RTs findings ERs findings 
Activation 

findings 

Burin and 
Kawashima, 

2021 

Stroop  1PP   1PP  
Stroop 
interference in 

the 1PP group 
was 
significantly 

lower at the 
post-
intervention 
assessment 
than at 
baseline, but 

 No significant 
difference was 

found in 
deoxygenated 
haemoglobin. 

The only 
significant 
difference was 
between the 
groups 
compared after 

RT incongruent   N.A.   N.A.   
RT congruent   N.A.   N.A.   

Stroop effect   N.A.   N.A.  
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did not differ 

from the post-
session 
assessment. 
Although they 
showed clearly 
contrasting 
patterns, there 

were no 
differences 

between 
groups in the 
assessments, 
except at 

baseline. No 
differences 
were found in 
the 3PP group. 

the 

intervention 
and showed an 
increased 
activation in 
the 1PP group 
compared to 
the 3PP group. 

There was no 
difference in 

activation 
when 
comparing 
baseline 

between the 
two groups. 
This result 
seems to be 
consistent with 
the results of 
the RTs in the 

Stroop task. 

Interestingly, 
the activity 
was 
significantly 
increased after 
the 

intervention, 
i.e., 6–8 
seconds after 
the visual 
stimulus was 

displayed. 

Cohen's d   N.A.   N.A.    

   3PP   3PP  

 

 

RT incongruent   N.A.   N.A.     
RT congruent   N.A.   N.A.     
Stroop effect   N.A.   N.A.     
Cohen's d   N.A.   N.A.     
   1PP   1PP   For ERs, the 

comparison 
between 

neutral and 

 
ER incongruent   N.A.   N.A.    
ER congruent   N.A.   N.A.    

Stroop effect   N.A.   N.A.    
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Cohen's d   N.A.   N.A.   

incongruent 

trials was 
significant, 
with 
incongruent 
trials being 
higher than 
neutral trials, 

indicating 
Stroop 

interference. 
No differences 
were found 
between the 

groups. When 
comparing 
between 
groups and 
time of 
assessment, 
ERs 

(incongruent–

neutral) were 
significantly 
different at 
baseline, but 
not post-
session or 

post-
intervention. 

 

   3PP   3PP     
ER incongruent   N.A.   N.A.     
ER congruent   N.A.   N.A.     

Stroop effect   N.A.   N.A.     

Cohen's d   N.A.   N.A.     
Byun et al, 
2024 

Stroop  Control   Control  
There was a 
significant 
decrease in 
RTs for Stroop 
interference in 
the mild-

exercise group 

 
There was no 
significant 
increase in 
task-related 
neuronal 
activation or 

task-related 

RT incongruent   1623.8   1657.0   

RT congruent   N.A.   N.A.   
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after a 3-

month mild 
exercise 
intervention 
compared to 
the control 
group, who 
maintained a 

sedentary 
lifestyle.  

neuronal 

efficiency in 
the prefrontal 
cortex. 
Interestingly, 
executive 
function 
improved after 

a 3-month mild 
exercise 

intervention by 
modulating the 
neuronal 
efficiency of 

the prefrontal 
cortex, 
especially in 
older adults. 

Stroop effect   N.A.   N.A.    

Cohen's d   N.A.   N.A.     
   ME   ME     
RT incongruent   1577.6   1463.7     

RT congruent   N.A.   N.A.     

Stroop effect   N.A.   N.A.     
Cohen's d   N.A.   N.A.     
   Control   Control   The changes in 

ERs decreased 
significantly in 
the control 

group with 
increasing age. 
However, this 
age-related 
decline in 

changes 

appears to 
have been 
attenuated in 
the mild-
exercise group. 

 

ER incongruent   19.3   14.9    

ER congruent   N.A.   N.A.     
Stroop effect   N.A.   N.A.     

Cohen's d   N.A.   N.A.     
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   ME   ME     

ER incongruent   15.8   12.8     
ER congruent   N.A.   N.A.     
Stroop effect   N.A.   N.A.     
Cohen's d   N.A.   N.A.     
Lau et al, 2020 Stroop   Biokesum®   Biokesum® N.A.  No significant 

intervention 
effects were 

observed in the 
activation of 

the DLPFC 
during the 
Stroop task. 

RT incongruent   

 

N.A.   N.A.   

RT congruent    N.A.   N.A.    

Stroop effect    N.A.   N.A.    
Cohen's d    N.A.   N.A.    
    Placebo   Placebo    
RT incongruent    N.A.   N.A.    
RT congruent    N.A.   N.A.    
Stroop effect    N.A.   N.A.    
Cohen's d    N.A.   N.A.    

    Biokesum®   Biokesum®  N.A.  

ER incongruent    N.A.   N.A.    
ER congruent    N.A.   N.A.    
Stroop effect    N.A.   N.A.    
Cohen's d    N.A.   N.A.    
    Placebo   Placebo    
ER incongruent    N.A.   N.A.    

ER congruent    N.A.   N.A.    
Stroop effect    N.A.   N.A.    
Cohen's d    N.A.   N.A.    
Onur et al, 
2011 

Stroop and 
Simon 

Levodopa 
 

 Levodopa   
In the 
levodopa 

session, a 

greater 
difference 
between RTs 
on incongruent 
and congruent 
trials was 
observed in the 

young group. 

 
Neurofunctiona
l changes were 

observed as a 

function of the 
interference 
effect 
associated with 
a Stroop or 
Simon 
paradigm. In 

all age groups, 

RT incongruent  N.A.   N.A.    

RT congruent  N.A.   N.A.    

Stroop effect  N.A. 

 

 N.A.    
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An increase in 

the 
interference 
effect in 
behaviour was 
also observed. 
These results 
were observed 

in all 
conditions, 

independent of 
the Stroop or 
Simon 
interference 

effects. 

incongruent 

trials were 
associated with 
different 
activations 
compared to 
congruent 
trials, 

especially in 
the pre-SMA, 

ACC and IPC. 
Age-dependent 
differences 
associated with 

interference 
conditions were 
observed in the 
left DLPFC with 
stronger 
activity in 
young adults 

and in the left 

IFG with 
increased 
activity in older 
adults. Our 
results show 
ACC activity in 

response to 
both types of 
interference. 
The ACC 
interacts 

closely with the 

lateral 
prefrontal 
areas during 
executive 
processes. 
These regions 
are thought to 

mediate top–

Cohen's d  N.A.   N.A.     
  Placebo   Placebo     
RT incongruent  N.A.   N.A.     
RT congruent  N.A.   N.A.     

Stroop effect  N.A. 

 

 N.A.     
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down support 

for task-
appropriate 
behaviour, 
while the ACC 
is more 
involved in 
evaluative 

processes. 
Cohen's d  N.A.   N.A.      

  Levodopa   Levodopa    In young 
adults who 
received 
levodopa, the 

subjectively 
perceived 
difficulty of 
tasks 
increased. 

 

ER incongruent  N.A.   N.A.     

ER congruent  N.A.   N.A.      
Stroop effect  N.A.   N.A.      

Cohen's d  N.A.   N.A.      

  Placebo   Placebo      
ER incongruent  N.A.   N.A.      
ER congruent  N.A.   N.A.      
Stroop effect  N.A.   N.A.      
Cohen's d  N.A.   N.A.      

You et al, 2021 Stroop  
 

CC 

Supplemen
t 

  
CC 

Supplement 

Accuracy and 

reaction time 
were 
negatively 
correlated. 
Faster RTs 

were 

associated with 
a higher error 
rate when 
performing the 
tasks. This was 
also observed 
in the CC 

supplement 

 

In the CC 

supplement 
group, a higher 
increase in 
activation of 
the left DLPFC 

was observed 

in the 
congruent 
trials. The left 
hemisphere 
showed 
maximum 
brain activity in 

the assigned 

RT incongruent   
 

1557.39  
(83.21)* 

  
1261.42  
(74.78)* 

 

RT congruent   

 

1157.39  
(196.04)* 

  
1593.42  

(181.50)* 
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group when 

they performed 
the 
incongruent 
trials, as they 
answered the 
questions 
faster but with 

lower accuracy. 

word 

recognition 
tasks after 12 
weeks of 
supplementatio
n. 

Stroop effect   

 

N.A.   N.A.   

Cohen's d    N.A.   N.A.    

    Placebo   Placebo    

RT incongruent  
  

1574.09  
(96.21)*   

1622.39  
(131.99)* 

   

RT congruent  
  

1174.51  

(105.61)*   

1056.13  

(141.13)* 
   

Stroop effect    N.A.   N.A.    
Cohen's d    N.A.   N.A.    

  
  

CC 
Supplemen

t   

CC 
Supplement 

 

Accuracy and 
reaction time 
were 
negatively 

correlated. 

Faster RTs 
were 
associated with 
a higher error 
rate when 
performing the 

tasks. This was 
also observed 
in the CC 
supplement 
group when 

they performed 

the 
incongruent 
trials, as they 
answered the 
questions 
faster but with 
lower accuracy. 

 

ER incongruent  
  

26,00 

(6,99) 
  

29,00 

(6,15)  
 

ER congruent  
  

20,50 
(4,97) 

  
11,50 
(5,80)  

 

Stroop effect  

  

5,5   17,5 

 

 

Cohen's d    0,92   2,93    
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    Placebo   Placebo    

ER incongruent  
  

27,50 
(5,89) 

  
24,50 
(5,99)  

  

ER congruent  
  

20,50 
(6,43) 

  
22,50 
(6,77)  

  

Stroop effect    7   2    
Cohen's d    1,14   0,31       

Note. 1PP, First Person Perspective. 3PP, Third Person Perspective. ACC, Anterior Cingulate Cortex. CC, Cosmos caudatus. ERs, Error Rates. HA, Healthy Aging. 

MCI, Mild Cognitive Impairment. RTs, Reaction Times. ME, Mild Exercise. DLPFC, Dorsolateral Prefrontal Cortex. SMA, Supplementary Motor Area. IPC, Intraparietal 

Cortex. IFG, Inferior Frontal Gyrus. YA, Young Adults. 

*Data only for correct responses.  
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7. AN OVERVIEW OF NOCEBO ADVERSE EVENTS IN CLINICAL TRIALS 

 

The nocebo effect can be a significant clinical consequence of the cognitive and emotional 

regulation mechanisms discussed in previous chapters. This published systematic review 

provides a comprehensive overview of adverse events in clinical trials. Psychological factors such 

as anxiety, stress, and negative expectations trigger these reactions, often affecting patients 

with neurological and psychiatric conditions. Evaluating how clinical communication influences 

treatment outcomes underscores the importance of managing medical expectations to reduce 

patient vulnerability. This research highlights the need for standardised protocols to preserve 

trial integrity and improve therapeutic adherence in at-risk populations6. 
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7.1 Key points 

 

 Nocebo effects are widespread and clinically important: the nocebo effect can significantly 

influence treatment outcomes for various conditions, including pain, neurological and 

psychiatric disorders. Its prevalence in placebo-controlled trials emphasises its importance 

in both clinical practise and research, making it essential to consider when evaluating the 

efficacy of a treatment. 

 Psychological factors are responsible for nocebo reactions: Fear, anxiety, stress and negative 

expectations are the most important psychological factors that trigger nocebo effects. 

Negative communication, such as the mention of possible side effects, can reinforce these 

reactions, even if no active treatment is given. This shows how important it is to manage 

patients' expectations. 

 Nocebo effects can distort the results of clinical trials: Nocebo effects can contribute to 

adverse events and treatment discontinuations in clinical trials, which can lead to inaccurate 

                                       
6 This chapter is based on the article by Amanzio and Cipriani (2026) published in Neurologic Clinics. As 
co-author, my primary contributions to this work included the conceptualisation, systematic literature 
search, data extraction, and drafting of the manuscript. 
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assessments of a treatment's efficacy and safety. This can undermine the integrity of the 

results of clinical trials and the generalisability of the results. 

 Effective communication is key: Healthcare providers need to be mindful of how they 

communicate potential side effects. It is important to inform patients about possible adverse 

effects without reinforcing negative expectations. A balanced and reassuring approach can 

help to minimise nocebo effects, increase patient confidence and improve treatment 

adherence. 

 Managing nocebo effects is critical to patient wellbeing and care: Recognising and addressing 

nocebo effects through clear communication and psychological support is critical to improving 

patient outcomes. These efforts can reduce dropout rates, improve treatment adherence and 

lead to more accurate clinical trial data, ultimately contributing to better patient care and 

outcomes. 

 

7.2 Introduction 

 

The term nocebo effect was first introduced in 1961 by Kennedy (Kennedy, 1961), who 

recognized that too little attention was being paid to the negative counterpart of the placebo 

effect, which he termed the nocebo response. He warned that confusing these psychological 

effects with the actual pharmacologic effects of a drug could lead to potentially beneficial 

treatments being rejected. 

The nocebo effect refers to the negative consequences experienced by patients due to the 

expectation of harm from a medical intervention, for example, psychological factors such as 

anxiety, stress, and negative expectations can trigger adverse events (AEs) even when there is 

no active treatment. As a result, nocebo effects can reduce the perceived effectiveness of 

treatments, increase patient distress, impair adherence to treatment, and even lead to 

unnecessary interventions or the discontinuation of beneficial treatments (Benedetti, 2014).  

It is important to distinguish between the nocebo effect and the nocebo response. The nocebo 

effect encompasses the broader psychosocial context surrounding both the patient and the 

treatment, including neurobiological mechanisms. In contrast, the nocebo response refers to the 

physiologic changes triggered by negative expectations within the brain–body system (Colloca 

and Miller, 2011).  

Factors such as negative verbal communication, clinical encounters, and past experiences can 

exacerbate nocebo responses. Negative communication that anticipates the onset of symptoms 

has been shown to increase both anxiety and the hypothalamic-pituitary-adrenal axis response, 

even in placebo-treated patients (Benedetti et al., 2006, 2021).  

The nocebo effect has been extensively studied in pain processing and has a significant impact 

on neurologic and psychiatric disorders. Its influence goes beyond pain management and 

extends to conditions such as Alzheimer’s disease (AD), Parkinson’s disease (PD), motor neuron 

disease, multiple sclerosis, neuropathic pain, diabetic peripheral neuropathy, fibromyalgia, 
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headaches, depressive disorders, and schizophrenia (Amanzio et al., 2016).  

In placebo-controlled clinical trials, the nocebo effect is of great importance in revealing the true 

efficacy of treatments, as patients in the placebo groups often report side effects similar to those 

of the active treatment (Amanzio et al., 2009). These responses are often related to previous 

experiences, including prior learning, awareness of potential side effects, and psychological 

factors such as stress and anxiety. For example, when patients are informed of potential side 

effects as part of the consent process, they are more likely to experience these AEs - even if 

they are receiving inactive treatment. This phenomenon emphasizes the important role that 

psychological factors play in patients' perceptions of treatment and suggests that expectations 

can significantly influence health outcome (Amanzio, 2015). 

The implications of the nocebo effect are far-reaching. It is a complex, multifaceted phenomenon 

that plays a crucial role in both clinical practice and research. It can negatively influence 

treatment outcomes, affect patient adherence, and complicate the results of clinical trials. 

Understanding the mechanisms behind the nocebo effect and managing its impact through 

effective communication and trial design is critical for improving patient outcomes and ensuring 

the reliability of clinical research results (Vase et al., 2015).  

Nocebo effects contribute to a significant proportion of reported side effects in many treatments 

and can distort the results of clinical trials by influencing patient adherence, increasing dropout 

rates, and confounding the interpretation of results. Randomized clinical trials (RCTs) are 

particularly valuable when it comes to investigating the role of the psychosocial environment 

and the context in which therapies are administered, as these factors significantly influence side 

effects. The assessment of side effects in placebo groups compared to active treatments provides 

an important perspective for understanding this phenomenon. These side effects, known 

as nocebo effects, are clinically important but are often overlooked, leading to poorer treatment 

outcomes and a higher dropout rate (Benedetti, 2014). 

Awareness of the nocebo effect is essential for improving medical practice. Clinicians need to be 

trained to recognize and deal effectively with nocebo reactions to improve patient outcomes. In 

addition, it is important to adequately inform patients about nocebo effects and train health care 

professionals in effective doctor-patient communication. By recognizing and addressing the 

psychological factors that contribute to nocebo effects, clinicians can mitigate their negative 

impact, increase treatment adherence, and ultimately improve patient health outcomes. 

The aim of this review is to summarize and analyse the results of systematic reviews and meta-

analyses examining the nocebo effect in placebo-controlled clinical trials. By assessing the 

methods and results of these studies, this review aims to provide a comprehensive 

understanding of the prevalence, underlying mechanisms, and impact of the nocebo effect in 

clinical research. It also addresses the methodological challenges of assessing nocebo effects, 

including issues related to the assessment of side effects, the role of informed consent, and the 

variability of nocebo effects in different treatment contexts. 

 



226 
 

7.3 Material and methods 

 

The study selection and data collection followed the updated Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) guidelines (Page et al., 2021) and the PICO 

framework (Edinger and Cohen, 2013) to categorize the reasons for exclusion. 

 

7.3.1 Systematic search and study selection 

A systematic literature search was conducted in the PubMed database up to 1 March 2025. No 

limits were made, and no reference time period was specified. Only original articles in English 

were considered, with no restrictions on age, gender, education, ethnicity, or patient population. 

The search string used was as follows: ((Nocebo effect[MeSH Terms]) OR (Effect, Nocebo) OR 

(Effects, Nocebo) OR (Nocebo Effects) OR (Effects Nocebo)) AND ((Adverse Effects[MeSH 

Subheading]) OR (Side Effects) OR (Adverse Events)) AND ((Clinical trial[MeSH Terms]) OR 

(Controlled Clinical Trial) OR (Randomized Controlled Trial) OR (Randomized Trial)). 

To provide an overview of the available scientific evidence, we applied filters for meta-analyses 

and systematic reviews. These studies are considered comprehensive summaries of the current 

state of research on nocebo-related AEs in clinical trials. 

 

7.3.2 Inclusion and exclusion criteria 

We included studies that met the following criteria: (a) they were clinical trials, (b) they focused 

on the nocebo effect, and (c) they reported AEs associated with placebo treatments. These 

studies had to specifically investigate the nocebo effect in the context of placebo-controlled trials 

in different therapeutic areas. 

Studies were excluded for the following reasons: (a) they were not systematic reviews or meta-

analyses, (b) they involved diseases or disorders not classified in the International Classification 

of Diseases - 11th Revision (ICD-11, World Health Organization, WHO, 2025), (c) they did not 

compare pharmacologic treatments with placebo, (d) they involved multiple interventions or 

combination treatments that did not isolate the placebo effect, and (e) they were book chapters. 

 

7.3.3 Methodological quality assessment 

After independent selection of the studies based on the title, abstract and full text, any 

discrepancies between the 2 authors were discussed and resolved. The eligibility criteria for each 

study were reviewed and the population characteristics, sample size, procedures, study design, 

and results were analysed independently. No discrepancies arose during this process. 

 

7.3.4 Data extraction 

After checking for duplicates, the titles and abstracts were screened, followed by a full-text 

review of the articles to determine their eligibility for inclusion.  
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Data on study characteristics and measures were extracted independently, and any 

disagreements were resolved through consensus meetings. 

 

7.4 Results 

 

7.4.1 Study selection 

A total of 217 studies were identified in PubMed. After removing 149 records that were neither 

systematic reviews nor meta-analyses, and checking for duplicates, an initial screening of titles 

and abstracts was conducted. This led to the selection of 61 titles for full-text screening, resulting 

in 49 studies that met the inclusion criteria. Specifically, 168 articles were excluded based on 

the title, abstract, and full-text review. The reasons for exclusion were as follows: 

 150 records were not systematic reviews or meta-analyses; 

 6 reports referred to diseases, disorders, or treatments not classified in the ICD-11 (incorrect 

disease); 

 3 studies focused on inadequate techniques, such as transcranial magnetic stimulation, 

acupuncture, and radiofrequency electromagnetic fields (wrong intervention); 

 2 reviews included interventions for different diseases (multiple interventions); 

 2 reports did not use the desired study design (wrong design); 

 2 studies reported insufficient outcome data to extrapolate for the review (lack of outcome 

data); 

 1 review analysed studies that did not include a required placebo control (no placebo); 

 1 record used the wrong outcome (wrong outcome); 

 1 report was a book chapter (not an original article). 

After the identification and screening phase, 53 studies met our eligibility criteria and were 

included. According to ICD-11 classification, they were as follows: 

 19 studies on diseases of the nervous system; 

 studies on mental, behavioural, or neurodevelopmental disorders; 

 studies on diseases of the digestive system; 

 studies on diseases of the musculoskeletal system or connective tissue; 

 studies on viral vaccines (extension codes); 

 3 studies on symptoms, signs, or clinical findings not elsewhere classified; 

 1 study on neoplasms; 

 1 study on endocrine, nutritional, or metabolic diseases; 

 1 study on sleep-wake disorders; 

 1 study on diseases of the skin; 

 1 study on diseases of the genitourinary system; 

 1 study on statin intolerance (injury, poisoning, or certain other consequences of external 

causes); 
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 1 study considering RCTs on diseases of the nervous system and symptoms, signs, or clinical 

findings not elsewhere classified. 

The flowchart for the selection of studies is shown in Figure 7.1. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.1. PRISMA 2020 flow diagram for new systematic reviews, which included searches of databases 

and registers only (from Page et al., 2021). 

 

7.4.2 Description of the selected studies 

The characteristics of the included studies, 7 and 13–60 categorized according to the ICD-11 

classification, are presented in Table 7.1. 

 

Table 7.1. Classification of diseases, disorders or treatments, based on International 

classification of diseases-11 (ICD-11), for the included studies. 

ICD-11 classification ICD-11 code Condition/treatment 

02 Neoplasms   

 2E05.0 Malignant neoplasm metastasis in ovary 
   

05 Endocrine, nutritional or metabolic diseases 

 5C81 Hypolipoproteinaemia 
   

06 Mental, behavioural or neurodevelopmental disorders 
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 6A05 Attention deficit hyperactivity disorder 

 6A7Z Depressive disorders 

 6A20 Schizophrenia 

 6A6Z Bipolar or related disorders 
   

07 Sleep-wake disorders   

 7A80 Restless legs syndrome 
   

08 Diseases of the nervous system   

 8A05 Tic disorders 

 8C03.0 Diabetic neuropathy 

 8A8Z Headache disorders 

 8D87.0  Multiple system atrophy 

 8A40 Multiple sclerosis 

 8A00.0 Parkinson disease 

 8A03 Ataxic disorders 

 8C60 Myasthenia gravis 

 8C01.3  Chronic inflammatory demyelinating 

polyneuropathy 

 8B60 Motor neuron disease 

 8A6Z Epilepsy or seizures 

 8A20 Alzheimer disease 

 8E43.0 Neuropathic pain 
   

13 Diseases of the digestive system   

 DD90.3 Functional dyspepsia 

 DD91.0 Irritable bowel syndrome 

 DE2Y Gastrointestinal disorders 

 DD7Z  Inflammatory bowel diseases 
   

14 Diseases of the skin   

 EA90.0 Plaque psoriasis 
 

15 Diseases of the musculoskeletal system or connective tissue 

 FB83.1 Osteoporosis 

 FA20 Rheumatoid arthritis 
 

16 Diseases of the genitourinary system 

 GC50.0 Overactive bladder 
   

21 Symptoms, signs or clinical findings, not elsewhere classified 

 ME05.0 Constipation 

 MG30.01  Chronic widespread pain 
   

22 Injury, poisoning or certain other consequences of external causes 

 NE60 Statin intolerance 
   

Extension codes – Viral vaccines   

 XM1LR5 Influenza vaccines 

 XM68M6 COVID-19 vaccines 

 

 

7.4.3 Results of the included studies 

The results of the included studies, summarized in Table 7.2, illustrate the significant impact of 

nocebo effects in clinical trials on a variety of diseases and disorders (the studies were published 

over a period of 17 years, from 2008 to 2024). 
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Table 7.2. Specific characteristics of the included studies, with details on adverse events and 

dropout rates in the placebo groups. 

ICD-11 

Classification 
Study 

RCTs 

(N) 

Participants 

(N) 

AEs 

(%) 

Dropouts 

due to AEs 

(%) 

02. Neoplasms 

 Simon et al, 2022 13 2.224   

 FL 8 1.541 93.00 2.60 

 PSROC 5 683 95.20 2.10 

05. Endocrine, nutritional or metabolic diseases 

 Chin et al, 2023 40 37.668 42.62 4.54 

06. Mental, behavioural or neurodevelopmental disorders 

 Ramírez-Saco et al, 2022 105 8.743 55.50  

 Palermo et al, 2019 58 6.301 66.30 7.20 

 Dodd et al, 2019 9 1.185 68.00 4.60 

 Meister et al, 2017 23  57.00 4.00 

 Dodd et al, 2015 20 2.457 63.90 4.70 

 Mitsikostas et al, 201452 21 3.255 44.70 4.50 

07. Sleep-wake disorders 

 Silva et al, 2017 85 4.797 45.36 2.07 

08. Diseases of the nervous system 

 Wang et al, 2024 24 759a 44.00 . 

 Frisaldi et al, 2024 21 2.425 53.30 5.10 

 Zhang et al, 2022 178    

 Acute treatment -  16.159   

 - migraine 102  18.40 0.01 

 - TTH 7  5.80 0.50 

 
Prophylactic treatment 

- 
 9.301   

 - migraine 57  47.00 2.90 

  - TTH 7  43.50 4.20 

  - CH 5  37.30 1.00 

 Wang et al, 2022 11 540 64.20 7.50 

 Kokoti et al, 2020     

 EM – anti-CGRP mAbs* 6 2.018 60.00 1.90 

 EM – topiramate* 8 620 72.30 9.90 

 CM – anti-CGRP mAbs* 3 1.269 51.10 1.40 

 CM – OBTA* 2 696 51.60 0.90 

 Gklinos et al, 2019 9 3.415 83.00 6.00 

 oral DMTs* 6  89.00 8.00 

 newer injectable DMTs* 3  66.00 2.00 

 Leal Rato et al, 2019 236 17.381 56.00 5.70 

 Alam et al, 2019 6 160 13.80 4.80 

 Varma and Zis, 2019 6 286 80.10 2.40 

 Zis et al, 2018 3 96 42.00 2.10 

 Shafiq et al, 2017 12 1.288 78.30 8.40 

 Zis et al, 2017 4 125 60.80 4.00 

 Zis and Mitsikostas, 2015 20 3.049 57.80 6.60 

 Stathis et al, 2013 41 3.544 64.70 8.80 

 Häuser et al, 2012b     

 DPN 62 5.086 46.20 5.80 

 Amanzio et al, 2012 19    

 MCI 3 783 22.99 21.00 

 AD 16 2.059 66.68 10.31 

 
Papadopoulos and 

Mitsikostas, 2012 
12 944 52.00 6.00 
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 Mitsikostas et al, 2011     

 Symptomatic treatment 56  18.45 0.33 

 Preventative treatment 42  42.78 4.75 

 
Papadopoulos and 

Mitsikostas, 2010 
100 7.355   

 DMTs 56 5.623 74.42 2.10 

 STs 44 1.732 25.30 2.34 

 Amanzio et al, 2009 73    

 NSAIDs* 8 
114 

(±79.90)b 
0.00 - 10.54c 1.00  

 triptans* 56 
167.27 

(±108)b 
0.00 - 9.09c 0.39 

 anticonvulsants* 9 
75.22 

(±53.04)b 
0.00 - 11.54c 7.71 

13. Diseases of the digestive system 

 Li et al, 2023 27  1.866 26.00  

 Li et al, 2022 53 6.462 32.00 0.46 

 Glissen Brown et al, 2023 30 1.050a 18.00 4.00 

 Barberio et al, 2022     

 IBS-C 21 5.953 34.90 2.40 

 IBS-D 17 3.854 46.90 3.90 

 Ma et al, 2019     

 CD 124 8.987 70.60 7.70 

 UC 71 5.563 54.50 7.60 

14. Diseases of the skin 

 Ma et al, 2024 103 12.940 49.80 1.90 

15. Diseases of the musculoskeletal system or connective tissue 

 Yavropoulou et al, 2024 17 10.529   

 denosumab* 6a 4.742a  3.00 

 teriparatide* 4a 1.046a  6.00 

 abaloparatide* 3a 971a  6.00 

 romosozumab* 4a 3.770a  1.00 

 Kravvariti et al, 2023 44 16.460  8.00 

 Sharma et al, 2022 101 17.150   

 corticosteroids* 11 1.861 55.00 4.40 

 csDMARDs* 88 14.879 65.50 3.70 

 bDMARDs* 2 410 72.50 14.10 

 Sung and Lee, 2023 9 1.602   

 non-TNF biologics* 5 977 71.80 3.80 

 JAK inhibitors* 4 625 58.70 4.00 

 Sung and Lee, 2022 5 676 54.10 4.10 

16. Diseases of the genitourinary system 

 Mostafaei et al, 2021 56 15.446 0.40 – 4.90c  

21. Symptoms, signs or clinical findings, not elsewhere classified 

 Yang et al, 2024 61 11.204 30.41 1.53 

 Häuser et al, 2012a 18 3.546  10.90 

 Häuser et al, 2012b     

 FMS 58 5.027 59.90 9.60 

 Mitsikostas et al, 2012 16 2.026 67.20 9.50 

22. Injury, poisoning or certain other consequences of external causes 

 Louro et al, 2023 8 8.095 21.34d 6.12c 

Extension codes – Viral vaccines 

 Bender et al, 2023 31 14.326 35.00e,f  

 Haas et al, 2022 12 22.578   

 1st dose   35.20e  

 2nd dose   31.80e  
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 Amanzio et al, 2022 3 55.904 45.03  

 BNT162b2* - 1 18.846   

 - 1st dose (safety set)  4.040 
0.70 - 

29.00c,f 
 

 - 2nd dose (safety set)  3.699 
0.40 - 

20.40c,f 
 

 mRNA-1273* - 1 15.170   

 - 1st dose (safety set)  15.155 
0.30 - 

27.30c,f 
 

 - 2nd dose (safety set)  14.566 
0.30 - 

23.40c,f 
 

 Ad26.COV2.S* - 1 21.888   

 
- 1st single dose 

(safety set) 
 3.380 

0.60 - 

23.70c,f 
 

 Lee and Song, 2022 4 53.856 16.40 0.30 

Note. AD, Alzheimer’s disease. Anti-CGRP mAbs, antibodies targeting the calcitonin gene-related peptide 

pathway. bDMARD, biological disease-modifying antirheumatic drug. CD, Crohn’s disease; CH, cluster 

headache. CM, chronic migraine; csDMARD, conventional synthetic disease-modifying antirheumatic drug. 

DMTs, disease-modifying treatments. DPN, diabetic peripheral neuropathy. EM, episodic migraine. F, 

females. FL, front-line setting. FMS, fibromyalgia syndrome. IBS-C, irritable bowel syndrome with 

constipation. IBS-D, irritable bowel syndrome with diarrhea. JAK, janus kinase. M, males. MCI, mild 

cognitive impairment. N, number. NSAIDs, non-steroid anti-inflammatory drugs. OBTA, onabotulinum toxin 

A. PSROC, platinum-sensitive recurrent ovarian cancer setting. STs, symptomatic treatments. TNF, tumor 

necrosis factor. UC, ulcerative colitis. 

a Placebo groups matched with the specific drug. 

b Values determined by calculations based on available data (e.g., tables and figures). 

c Mean values (± standard deviation). 

d Range values (min – max). 

e Values for muscle symptoms only. 

f Values for solicited systemic AEs only. 

g Values for systemic AEs only. 

h Values for solicited AEs only. 

 

7.5 Discussion 

 

The results of the studies included in the review show that nocebo reactions are widespread, 

although rates of side effects and treatment discontinuation vary greatly depending on the 

disease area and type of treatment. 

The analysis shows that the nocebo effect manifests itself not only in the occurrence of AEs, but 

also in higher treatment discontinuation rates. The rates of side effects in the placebo groups 

varied widely, from studies on the acute treatment of tension-type headaches (TTH, Zhang et 

al., 2022) to studies on ovarian cancer (Simon et la., 2022). These results highlight the complex 

and disease-dependent nature of nocebo effects and emphasize the importance of considering 

disease-specific factors when interpreting the effects of placebo treatments. 

In discussing the results, several important observations can be made about the variability of 

nocebo effects in different diseases. The range in the frequency of side effects in the placebo 

groups suggests that patient expectations and disease characteristics may play an important 

role in the manifestation of nocebo effects. For example, diseases such as ovarian cancer have 

exceptionally high rates of reported side effects, which may be influenced by the severity and 
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complexity of the disease as well as the treatment context, possibly leading to increased patient 

vigilance for side effects. On the other hand, reporting rates are lower for the acute treatment 

of TTH, possibly due to a more manageable patient perspective or less intensive clinical 

interventions that reduce the propensity for nocebo reactions. The lowest discontinuation rates 

due to side effects relate to the acute treatment of migraine (Zhang et al., 2022) and the highest 

to mild cognitive impairment patients (Amanzio et al., 2012). 

Overall, these results suggest that the nocebo effect is not only influenced by the disease itself 

but also by the treatment experience and psychological factors. It is crucial for future clinical 

trials to account for these differences by carefully monitoring patient expectations and providing 

appropriate psychological support, such as in ovarian cancer patients, which may help to mitigate 

the impact of the nocebo effect and improve overall treatment adherence. 

The variability of nocebo responses across diseases and treatments poses a challenge for clinical 

research, as distinguishing between true pharmacologic side effects and nocebo-induced side 

effects is often difficult. Although nocebo effects can significantly influence the results of clinical 

trials, they are not always systematically measured or taken into account. This highlights the 

need for standardized methods to assess and report nocebo effects in clinical trials to improve 

the reliability and interpretation of results. 

Effective communication between health care providers and patients is crucial for dealing with 

nocebo effects. The way in which potential side effects are discussed during the informed consent 

process can significantly influence patient expectations and either increase or decrease the 

likelihood of nocebo effects. Health care providers need to be mindful of their language and avoid 

alarmist or overly negative language, as this can increase patient anxiety and increase the 

likelihood of nocebo effects. In addition, addressing emotional and psychological factors through 

supportive communication and counselling can help reduce the impact of nocebo effects and 

improve patient adherence to treatment protocols. Reassurance, clear explanations and fostering 

a positive therapeutic relationship are key to mitigating the nocebo effect and improving 

treatment outcomes. In addition, recognizing and addressing the psychological aspects of the 

nocebo effect is critical to the design of clinical trials, where measures to minimize psychological 

distress to patients could improve trial validity and treatment outcomes (Amanzio, 2011). 

 

7.6 Summary 

 

This review summarizes the results of systematic reviews and meta-analyses that have 

investigated the nocebo effect in various therapeutic areas, including neurologic, pain-related 

and psychiatric disorders. The nocebo effect, in which negative expectations lead to adverse 

outcomes regardless of the pharmacologic properties of the treatment, can significantly impair 

the efficacy, tolerability, and adherence of treatment. 
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7.7 Clinics care points 

 

 Watch out for nocebo effects: Nocebo responses can cause significant discomfort and side 

effects in patients, even in the absence of active treatment. Health care providers should be 

vigilant in recognizing nocebo effects, especially if the side effects in the placebo groups are 

comparable to those in the active treatment groups. 

 Prevalence of nocebo effects: Nocebo effects are observed in several conditions, including 

neurologic conditions (e.g., AD and PD), chronic pain conditions (e.g., fibromyalgia and 

neuropathic pain), and psychiatric conditions (e.g., depression and anxiety). 

 Impact on adherence to treatment: Nocebo effects may have a negative impact on adherence 

to treatment due to perceived side effects or worsening of symptoms that are not due to the 

pharmacologic effects of treatment. Patients with comorbid anxiety or depression may be 

particularly at risk, leading to higher dropout rates and treatment interruptions. 

 Informed consent and patient education: The way in which the potential side effects are 

communicated during the consent process can influence the development of nocebo effects. 

It is important to educate patients about nocebo effects without reinforcing negative 

expectations. Reassuring communication can help to reduce anxiety and minimize the 

likelihood of nocebo symptoms. 

 Psychological factors in nocebo reactions: Anxiety, stress, and learning from past negative 

experiences can increase nocebo effects. Addressing these psychological factors through 

counselling or support can help reduce nocebo responses and improve patient outcomes. 

 Impact on clinical trial design: Nocebo effects can undermine the validity of clinical trials, 

especially when dropout rates are influenced by negative expectations. Strategies to mitigate 

nocebo effects should be considered when designing trials, for example, psychological 

assessments, blinding and minimizing prior knowledge of potential side effects. 

 Nocebo effects in pain conditions: Nocebo effects are often pronounced in pain studies as 

patients may misinterpret normal variations in pain as side effects. Clear communication 

about the natural variability of pain intensity (in terms of the natural course of the disease) 

can help to reduce nocebo reactions in these studies. 

 Patient monitoring and AE reporting: Close monitoring of adverse events is essential to 

distinguish between nocebo AEs and actual treatment-related outcomes. To better 

understand the role of nocebo effects in clinical outcomes, health care providers should 

ensure accurate reporting of AEs in both the placebo and active treatment groups. 

 Tailor treatment to vulnerable populations: Patients with chronic conditions such as chronic 

migraine or severe fibromyalgia may be more susceptible to nocebo effects because they are 

highly attuned to their symptoms and fear exacerbation of symptoms. Treatment strategies 

for these patients should emphasize psychological support, clear communication, and 

education to reduce nocebo effects and improve adherence. 

 Standardization of nocebo assessment in research: Future clinical trials should use 
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standardized methods to assess and report nocebo effects to ensure consistency between 

studies and improve interpretation of study results. This includes clear definitions of AEs, a 

focus on patient-reported outcomes, and comprehensive data collection to account for the 

psychological aspects of nocebo responses. 
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8. COGNITIVE CHANGES AND EMOTIONAL HEART RATE VARIABILITY DYNAMICS IN SUBJECTIVE 

COGNITIVE DECLINE: AN EXPLORATORY LONGITUDINAL NEUROPSYCHOPHYSIOLOGICAL STUDY  

 

This final chapter examines the trajectory towards cognitive vulnerability in older adults, drawing 

on the theoretical and empirical findings on cognitive control and physiological resilience 

discussed in earlier chapters. This published longitudinal study investigates subjective cognitive 

decline as a critical transitional state that may precede objective impairment. The research 

integrates comprehensive neuropsychological assessments with continuous heart rate variability 

recordings during an "affective storm" paradigm. These dynamic autonomic responses serve as 

early, non-invasive psychophysiological markers for detecting potential cognitive decline in older 

adults before clinical symptoms appear7. 
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8.1 Abstract 

 

Subjective cognitive decline (SCD) is increasingly recognised as a potential preclinical stage of 

                                       
7 This chapter is based on the article by Cipriani et al. (2026) published in Acta Psychologica. As first author, 
my primary contributions to this work included investigating the study, curating the data, and reviewing 
and editing the manuscript. 
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Alzheimer’s disease, yet the physiological mechanisms underlying its progression remain poorly 

understood. This longitudinal study examined whether heart rate variability (HRV), a non-

invasive marker of autonomic nervous system regulation, could serve as an early 

psychophysiological indicator of cognitive vulnerability in older adults with SCD. 

Twenty-one participants meeting established SCD criteria completed two identical experimental 

sessions approximately 12 months apart. Each session included comprehensive 

neuropsychological testing and continuous HRV recording during exposure to emotionally 

evocative images from the International Affective Picture System, presented in a temporally 

extended and affectively rich paradigm known as an “affective storm”. 

At the group level, no significant changes in cognitive performance or HRV indices were observed 

over time. However, analyses of individual change scores revealed that longitudinal variations 

in HRV, particularly in indices reflecting parasympathetic tone and overall autonomic flexibility, 

were selectively and consistently associated with performance in global cognition, verbal fluency, 

and visuospatial working memory. 

These findings suggest that dynamic autonomic responses to emotional stimulation may reflect 

subtle physiological correlates of cognitive functioning, even in the absence of overt cognitive 

decline. The observed associations are consistent with neurovisceral integration models, and 

support the potential utility of HRV as a sensitive, non-invasive marker of early cognitive 

trajectories in ageing. 

In conclusion, HRV may offer unique insights into the complex interaction between emotional 

reactivity and cognitive resilience in older adults with SCD, opening promising avenues for early 

screening and intervention. 

Keywords: cognitive ageing, subjective cognitive decline, heart rate variability, emotional 

reactivity, affective storm. 

 

8.2 Introduction 

 

Cognitive complaints are common among older adults, and often prompt neurological evaluation. 

When these complaints occur without objective impairments on standardised neuropsychological 

tests, the condition is classified as subjective cognitive decline (SCD), defined as a self-perceived 

decline in cognitive abilities without measurable deficits (Jessen et al., 2014, 2020; Molinuevo 

et al., 2017). SCD is increasingly recognised as a heterogeneous condition with diverse 

aetiologies, not all of which are neurodegenerative. 

Recent evidence suggests that SCD, particularly when accompanied by “SCD-plus” features, may 

indicate a preclinical stage of Alzheimer’s disease (AD) or mild cognitive impairment (MCI), 

providing a critical window for early detection and preventive intervention (Jessen et al., 2014; 

Molinuevo et al., 2017). 

While extensive research has focused on pathological risk factors for AD, including cardiovascular 

and metabolic diseases and lifestyle factors (Livingston et al., 2020; Niotis et al., 2024), less is 
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known about protective or compensatory mechanisms, such as cognitive reserve and 

physiological resilience, which support emotional regulation and healthy cognitive ageing 

(Amanzio et al., 2023a, 2023b; Pappalettera et al., 2024; Stern et al., 2020; Turrini et al., 

2023). 

Despite their potential, longitudinal studies integrating neuropsychological and physiological data 

remain limited. A growing body of evidence links cognitive ageing with autonomic nervous 

system (ANS) function (Alrosan et al., 2024). In particular, heart rate variability (HRV) - the 

beat-to-beat variation in heart rate - has emerged as a sensitive, non-invasive biomarker of 

autonomic regulation (Olivieri et al., 2024). HRV reflects the dynamic interplay between the 

sympathetic and parasympathetic branches of the ANS, and is considered a marker of 

physiological flexibility and resilience (Shaffer and Ginsberg, 2017). Decreased HRV has been 

associated not only with cardiovascular risk but also with poorer cognitive performance, 

executive dysfunction, and emotional dysregulation (Kim et al., 2018; Thayer et al., 2009). The 

potential link between low HRV and cognitive function involves several factors and mechanisms. 

Arterial stiffness, impaired baroreflex sensitivity, and microvascular damage may deteriorate 

white-matter integrity in bundles underlying executive performance (Tarumi et al., 2015). 

Chronic sympathetic dominance or vagal withdrawal reduces cerebral perfusion and 

neuroplasticity (Agorastos et al., 2023), while reduced cerebral perfusion may impair dynamic 

regulation of brain blood flow (neurovascular coupling: Scarsoglio and Ridolfi, 2021). 

Dysregulated stress responses can damage hippocampal and prefrontal circuits (Lupien et al., 

2009), eventually resulting in increased inflammatory response (e.g., IL-6, CRP) and accelerated 

neurodegeneration (Lampert et al., 2008; Marsland et al., 2007).  

The neurovisceral integration model (Smith et al., 2017; Thayer et al., 2009) provides a 

theoretical framework linking HRV to cognitive and emotional self-regulation, implicating a 

central autonomic network that includes the medial prefrontal cortex, anterior cingulate cortex, 

insula, and amygdala, all involved in autonomic control and higher-order cognition (Grol and De 

Raedt, 2020). Notably, changes in HRV may precede overt cognitive decline, making it a potential 

early indicator of neurodegenerative processes (Pham et al., 2021). 

The emotional aspect of autonomic reactivity can be assessed using dimensional models of 

affect, which characterise emotions along valence (positive - negative) and arousal (low - high) 

axes (Russell, 2003). The International Affective Picture System (IAPS) provides standardised 

emotionally evocative images widely used to elicit autonomic responses such as HRV and skin 

conductance (Bradley and Lang, 2007; Codispoti et al., 2001; Lang et al., 1997). Older adults 

tend to rate negative stimuli as more arousing than younger individuals (Grühn and Scheibe, 

2008), indicating age-related changes in emotional reactivity. 

Despite this background, no longitudinal studies have examined the interplay between HRV, 

emotion, and cognitive change in SCD. To address this gap, we used an IAPS-based "affective 

storm" paradigm (Borghesi et al., 2024; Simoncini et al., 2024), a dynamic sequence of 

emotionally varied images, to probe HRV responses in older adults with SCD at two time points 
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approximately 12 months apart. 

We aimed to determine whether changes in HRV, measured during emotionally evocative 

stimulation, are associated with individual trajectories of cognitive performance in older adults 

with SCD. Specifically, we investigated whether longitudinal variations in HRV indices, reflecting 

autonomic flexibility and regulation, correlate with changes in cognitive performance. We 

hypothesised that individual differences in HRV dynamics would relate to cognitive trajectories, 

highlighting HRV as a sensitive biomarker of early neurophysiological changes in SCD. 

Additionally, we explored potential associations between HRV changes and mood or health 

status, in order to characterise the broader affective and physical context of autonomic 

regulation in SCD. This longitudinal approach, integrating neuropsychological and physiological 

data, aims to elucidate subtle early markers of cognitive vulnerability, and supports the utility 

of HRV during emotional challenges as a non-invasive tool to monitor neuropsychophysiological 

ageing processes in at-risk populations. 

 

8.3 Methods 

 

8.3.1 Participants 

From March 2023 to September 2024, 60 healthy older adults were invited to participate in a 

longitudinal neuropsychophysiological study examining the relationship between changes in 

cognitive performance, mood state, physical health, and autonomic emotional reactivity to 

emotionally evocative visual stimuli from the IAPS database. 

Participants were classified as healthy older adults according to the criteria defined by the World 

Health Organization (2025). Eligibility required full functional autonomy, operationalised as the 

maximum score on the Instrumental Activities of Daily Living Scale (iADL: Lawton and Brody, 

1969), and consistent right-handedness throughout life. 

Participants were excluded if they had a history of neurological or psychiatric disorders, were 

currently using psychotropic medication, or showed objective cognitive impairment, including 

MCI as defined by Petersen and Negash (2008), or a score below 24 on the Mini-Mental State 

Examination (MMSE, Folstein et al., 1975). Participants were also excluded if they met criteria 

for physical frailty, as defined by the phenotypic model of Fried et al. (2001). 

An a priori power analysis was conducted using G*Power 3.1 (statistical test: Correlation - 

Bivariate normal model). The analysis was performed under the exact distribution, assuming a 

two-tailed test, an expected medium-to-large association (ρ = .55) under H₁, a significance level 

of α = .05, and a desired power of 1–β = .70. Under these parameters (ρ₀ = 0), the required 

sample size was N = 19 participants, with critical correlation values ranging from r = –0.4555 

to r = 0.4555 and an actual power of 0.7201. A recent experimental study used a similar design, 

integrating HRV analysis with IAPS-based emotional elicitation in a small sample (N = 20), and 

reported robust associations (≥ 0.4) between HRV parameters and affective responses, 

supporting the adequacy of the present sample size and analytic approach (Cittadini et al., 
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2023). Furthermore, the present sample size is comparable to that of previous HRV studies 

conducted in SCD and MCI populations (Albinet et al., 2010; Grässler, 2023; Kim et al., 2018). 

A final sample of 21 participants (14 women, 7 men) who met all inclusion criteria completed 

the full study protocol at two identical time points, approximately 12 months apart. The decision 

to use a 12-month follow-up period was based on established methodological recommendations 

in the SCD literature. Specifically, Jessen et al. (2014, 2020, 2023) identified annual re-

evaluation as the standard and appropriate interval for longitudinal monitoring in individuals with 

SCD, as it enables the detection of subtle but potentially meaningful cognitive and physiological 

changes while maintaining feasibility and participant retention. In line with this consideration, 

some studies (e.g., Chipi et al., 2018; Maffoni et al., 2022) have adopted this approach, 

supporting the relevance of a 12-month follow-up interval for assessing within-person changes 

in both subjective and objective markers of early cognitive vulnerability.  

The study was conducted at the Observation Laboratory of the Department of Psychology and 

the Psychophysiological Laboratory of Human Science and Technologies at the University of 

Turin. Ethical approval was granted by the University of Turin Ethics Committee (Protocol Nos. 

0442042 and 0211867), and all procedures complied with the ethical standards outlined in the 

Declaration of Helsinki. Before enrolment, each participant provided written informed consent in 

accordance with study procedures. 

 

8.3.2 Neuropsychophysiological evaluation 

Data were collected between April 2023 and February 2025. To minimise participant fatigue and 

maintain high-quality data acquisition, the overall evaluation was divided into two sessions 

scheduled within the same week. 

The physiological assessment, including HRV recording and the emotional stimulation protocol, 

was conducted in a single session lasting approximately 45 min. 

The neuropsychological evaluation was conducted in a separate session, scheduled to last 

approximately 45 min. If participants could not complete the full cognitive battery within this 

time, they were given a 15-minute rest break to aid recovery and relaxation. The assessment 

then resumed and was completed on the same day, with up to an additional 45 min allowed, 

depending on the participant’s pace and comfort. 

This split-session design aimed to reduce physical and mental fatigue while ensuring that both 

physiological and cognitive assessments were conducted under optimal conditions. 

 

8.3.3 Neuropsychological assessment 

The neuropsychological test battery was designed to assess three domains: cognitive 

performance, mood state, and physical health. 

Global cognitive performance was assessed using the Addenbrooke’s Cognitive Examination - 

Revised (ACE-R, Mioshi et al., 2006), which includes the MMSE and consists of subscales for 

orientation and attention, memory, verbal fluency, language, and visuospatial abilities. At 
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baseline, SCD was assessed using the Jessen criteria (Jessen et al., 2020) and the Cognitive 

Function Instrument (CFI, Chipi et al., 2018), which includes both self and partner reports. At 

follow-up, executive functions were assessed using the Montreal Cognitive Assessment (MoCA, 

Conti et al., 2015), the Trail Making Test (TMT, parts A and B, Giovagnoli et al., 1996), and 

phonemic and semantic fluency tasks (Carlesimo et al., 2008; Spinnler and Tognoni, 1987). 

Other cognitive domains were assessed using the following instruments: attention with the 

Attentional Matrices (Spinnler and Tognoni, 1987); long-term memory with the Rey Auditory 

Verbal Learning Test (RAVLT, Carlesimo et al., 2008); short-term memory with the Digit Span 

(Orsini et al., 1987) and the Corsi Block Tapping Test (Spinnler and Tognoni, 1987); and speech 

comprehension with the Token Test (De Renzi and Vignolo, 1962). 

Mood state was assessed using the Apathy Evaluation Scale (AES, Marin, 1996), the Beck 

Depression Inventory (BDI, Beck et al., 1988), and the Hamilton Rating Scale for Anxiety (HARS, 

Hamilton, 1959). 

Physical frailty was assessed using the phenotypic model (Fried et al., 2001) based on five 

criteria: unintentional weight loss, decreased grip strength, self-reported fatigue, decreased 

walking speed, and low physical activity. Participants were categorised as robust (0 criteria), 

prefrail (1–2), or frail (≥3). 

Data on multimorbidity were collected using the Cumulative Illness Rating Scale (CIRS, Linn et 

al., 1968). 

Each of these instruments provides standardised cut-off scores derived from Italian normative 

samples, which are widely used in clinical and research settings in Italy. 

 

8.3.4 IAPS stimuli and experimental procedure 

To measure emotional reactivity, participants were passively exposed to 156 IAPS images (see 

Supplementary Table 8.S1 for descriptions and identification numbers) over a 26-minute period 

(i.e., one image every 10 s). Images were preselected based on arousal and valence ratings, 

with scores above 6 indicating high arousal or positive valence, and scores below 4 indicating 

low arousal or negative valence. Previous research (e.g., Kommula et al., 2023) has confirmed 

the validity of these thresholds in older adults. 

The preselected images were categorised into four affective quadrants: A. high arousal, negative 

valence; B. high arousal, positive valence; C. low arousal, negative valence; D. low arousal, 

positive valence (Figure 8.1). 

The final stimulus set comprised 50, 48, 46, and 12 pictures from quadrants A, B, C, and D, 

respectively, divided into 13 blocks of 12 pictures each. Both the order of images within each 

block, and the order of blocks, were individually randomised across participants. 

The task consisted of passive observation, with participants instructed to simply look at the 

pictures without performing any explicit cognitive task. This emotionally dense and temporally 

extended sequence of stimuli is referred to as an “affective storm” - a dynamic period of 

fluctuating autonomic activation elicited by sustained exposure to diverse affective content - 
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designed to capture fine-grained HRV changes reflecting emotional reactivity and autonomic 

flexibility (Borghesi et al., 2024; Simoncini et al., 2024). 

 

 

Figure 8.1. Experimental design and model of emotional transition. The protocol includes two assessment 

time points (baseline, T0, and follow-up, T1), combining neuropsychological tests with psychophysiological 

responses to an affective stimulation task using IAPS images. Emotional transitions are categorised based 

on changes in valence (horizontal), arousal (vertical) or both dimensions (oblique). 

 

Experimental sessions were conducted in a quiet room with controlled temperature and no 

unexpected external stimuli. Two phases, each lasting 2 min, preceded and followed the visual 

stimulation. During these periods, participants were asked to remain still and breathe naturally 

while focusing on a white fixation cross on a black background. 

 

8.3.5 Acquisition and processing of psychophysiological data 

Autonomic responses were continuously recorded using the Nexus 10 system (Mind Media, 

Netherlands) at a sampling rate of 1024 Hz. Cardiovascular activity was measured with 

photoplethysmographic blood volume pulse sensors placed on participants’ fingers. Data 

collection comprised three phases: a pre-task resting phase (relaxation), the 26-minute 

emotional stimulation task (the “affective storm”), and a post-task recovery phase. The post-

task recovery phase served as a control condition, providing baseline autonomic measures 

following emotional stimulation. This enabled comparison of HRV indices during active emotional 

processing with those recorded during recovery, isolating task-specific autonomic responses 

from residual or baseline fluctuations. 

Signal processing and HRV analyses were performed offline in MATLAB R2022b. Artefacts and 

missing data segments were corrected using linear interpolation. A 50 Hz notch filter was applied 

to remove power line interference, and the Pan-Tompkins algorithm was used to extract inter-
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beat intervals. The resulting R-R interval (RR) series was interpolated and detrended at 4 Hz 

before feature extraction. 

HRV indices were calculated in accordance with guidelines from the Task Force of the European 

Society of Cardiology and the North American Society of Pacing and Electrophysiology 

(Electrophysiology, 1996). Time-domain measures included the root mean square of successive 

differences (RMSSD), reflecting short-term parasympathetic activity; the standard deviation of 

normal-to-normal intervals (SDNN), representing overall HRV; and standard deviation of heart 

rate (SD HR), indicating beat-to-beat variability in beats per minute. Frequency-domain analysis 

provided the low frequency (LF) to high frequency (HF) ratio, a marker of sympathovagal 

balance. Non-linear dynamics were assessed using Poincaré plot indices: the standard deviation 

perpendicular to the line of identity (SD1), associated with parasympathetic modulation, and 

standard deviation along the line of identity (SD2), indexing overall autonomic variability. 

Change scores (ΔT1 vs T0) for each HRV index were calculated for each participant. Correlations 

between HRV changes and fluctuations in cognitive performance, mood, and physical health 

were then analyzed to investigate the potential of HRV as a psychophysiological marker of early 

cognitive vulnerability. 

 

8.3.6 HRV during the affective storm 

HRV was continuously recorded throughout the IAPS-based affective stimulation phase - referred 

to as the “affective storm” - during which participants passively viewed a sequence of emotionally 

evocative images designed to elicit sustained and dynamic autonomic responses across valence 

and arousal dimensions. Although the entire stimulation lasted 26 min, it comprised 13 rapid 

emotional transitions, each inducing a brief and distinct emotional state. 

Given the dynamic and rapidly shifting nature of these emotional states, we computed mean 

HRV values over the entire stimulation period rather than for individual emotional segments. 

This approach balances ecological validity, capturing the complexity and dynamism of real-life 

emotional experiences, with physiological precision. 

While classical guidelines for HRV analysis recommend stable 5-minute intervals within 

homogeneous physiological states (Electrophysiology, 1996), recent methodological advances 

support continuous HRV sampling in emotionally rich and dynamic contexts to better capture 

autonomic adaptability over time (Laborde et al., 2017). 

HRV analyses included traditional time-domain indices (SDNN, RMSSD), nonlinear indices (SD1, 

SD2), and frequency-domain measures focusing on low-frequency (LF: 0.04–0.15 Hz) and high-

frequency (HF: 0.15–0.4 Hz) components. Consistent with both classical and contemporary 

interpretations (Electrophysiology, 1996; Shaffer and Ginsberg, 2017), HF power was considered 

a reliable marker of parasympathetic (vagal) activity, whereas LF power was interpreted 

cautiously due to its mixed sympathetic and parasympathetic influences, especially in 

emotionally or cognitively demanding contexts. 

The LF/HF ratio served as a composite index of sympathovagal balance, acknowledging ongoing 
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debates about its interpretation as a direct marker of sympathetic versus parasympathetic 

dominance (Shaffer and Ginsberg, 2017; Laborde et al., 2017). In this study, the LF/HF ratio 

was conceptualised primarily as a proxy for autonomic adaptability, consistent with the broader 

aim of linking physiological flexibility to cognitive performance and emotional functioning. 

This baseline HRV profile during the affective storm provided the data input for subsequent 

analyses, with delta scores (ΔT1–T0) for each HRV index representing individual changes across 

time points. These delta scores were correlated with changes in cognitive and affective 

measures, including global cognition, mood, and subjective cognitive complaints. This approach 

allowed us to test whether individual differences in autonomic regulation during emotional 

stimulation could serve as early psychophysiological markers of cognitive resilience or 

vulnerability in older adults with SCD (see Figure 8.1). 

 

8.3.7 Statistical analysis 

All statistical analyses were conducted using Jamovi (version 2.2.5.0) and RStudio (version 

4.3.2). Normality of each variable was assessed by visual inspection of histograms and Q–Q 

plots, as well as by examining skewness and kurtosis values. The Shapiro–Wilk test was used 

for formal normality testing. 

Due to violations of normality assumptions in several variables, non-parametric Wilcoxon signed-

rank tests were used to examine within-subject changes over time (T0 vs T1) in cognitive, 

affective, and physical health measures. 

To investigate associations between changes in neuropsychological performance and autonomic 

reactivity during emotional stimulation, as indexed by HRV parameters, a Spearman’s rank 

correlation matrix was computed. For each correlation coefficient (ρ), 95% confidence intervals 

were calculated to assess estimated precision. 

Partial correlations controlling for age, gender and educational level were also computed to 

evaluate their potential confounding effects on the observed associations. 

All tests were two-tailed, with statistical significance set at p < 0.05. Correction for multiple 

comparisons was applied using the Benjamini–Hochberg (BH) False Discovery Rate (FDR) 

procedure (Benjamini and Hochberg, 1995), controlling the expected proportion of false 

discoveries at α = 0.05. Statistical significance was assessed using the original step-up 

formulation of the Benjamini–Hochberg test, comparing each ordered p-value to its 

corresponding rank-dependent critical value (𝑖 ÷ 𝑚)𝛼. The largest p-value satisfying this criterion 

was identified, and all tests with smaller or equal p-values were considered statistically 

significant. 

 

8.4 Results 

 

8.4.1 Neuropsychological, emotional, physical and health profile 

Descriptive statistics for cognitive, affective, physical, and health variables at baseline and 
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follow-up are presented in Table 8.1. As several variables violated normality assumptions, as 

determined by visual inspection and formal testing, non-parametric tests were used in 

subsequent analyses. 

 

Table 8.1. Demographic and neuropsychological characteristics of study participants at baseline 

and follow-up. 

  Baseline  Follow-up  

  N M SD  N M SD Cut-Off 

Demographic characteristics 

Subjects  21    21    

Gender [Women/Men]  14/7    14/7    

Age [years]   72.33 5.02   73.43 5.10  

Education [years]    12.95 3.80   12.95 3.80  

Neuropsychological assessment 

Mini Mental State Examination    29.33 1.02   28.81 1.17 ≥23.8 

Addenbrooke’s Cognitive 

Examination - Revised version  

 
 94.24 3.13 

  
93.29 4.70 

≥79 (<75 years old); 

   ≥60 (>75 years old) 

Montreal Cognitive Assessment    25.52 2.62   25.14 2.57 ≥17.363 

Cognitive Function Instrument           

self-report   5.00 1.88   3.98 1.86  

partner-report   3.85 1.70   2.90 2.04  

self - partner   1.15 2.06   1.07 1.62  

Rey Auditory Verbal Learning Test          

15 instant words   41.43 7.52   43.24 8.60 ≥28.53 

15 delayed words   8.48 3.20   8.29 3.96 ≥4.69 

Digit span forward   6.00 0.84   6.38 0.97 ≥4.26 

Corsi Block Tapping Test   4.95 0.86   5.05 1.12 ≥3.46 

Phonemic fluency   44.90 9.19   45.52 12.41 ≥17.35 

Semantic fluency   27.57 5.21   25.98 5.99 ≥7.25 

Token Test   33.74 1.87   33.90 1.76 ≥29 

Trail Making Test - part A   50.31 12.75   47.86 15.61 ≤94 

Trail Making Test - part B   101.09 26.70   106.57 41.27 ≤283 

Trail Making Test B-A   50.81 20.52   58.71 32.87 ≤187 

Neuropsychiatric assessment 

Apathy Evaluation Scale   13.70 4.45   13.95 5.65 ≤14 

Beck Depression Inventory    9.40 4.43   8.00 4.80 ≤9 

Hamilton Rating Scale for Anxiety    10.90 5.23   10.00 5.25 ≤14 

Health status          

Cumulative Illness Rating Scale           

severity index   1.46 0.24   1.48 0.19  

comorbidity index   2.00 1.18   1.90 1.09  

Note. M, mean. N, number. SD, standard deviation.  

 

Demographic characteristics and cognitive performance over time 

The final sample consisted of 21 healthy older adults (14 women, 7 men; mean age: 72.33 

years, mean education: 12.95 years). At baseline, all participants met the SCD criteria according 

to Jessen et al. (2020) and were classified using the CFI. Despite subjective cognitive complaints, 

performance on standardised cognitive measures, including the ACE-R, MMSE, and other 

neuropsychological tests, remained within the normal range, thus excluding MCI.  

At follow-up, approximately 12 months later, most participants still met the SCD criteria, with 
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no significant group-level decline in global cognitive functioning. Only two participants showed 

signs of objective cognitive impairment, indicated by below-threshold scores on the delayed 

recall subtest of the RAVLT, consistent with normative age-related variability. 

Paired-sample comparisons revealed no statistically significant changes in cognitive performance 

between T0 and T1 after FDR correction for multiple comparisons, indicating relative cognitive 

stability during the observation period (see Supplementary Table 8.S2). 

 

Mood and health status 

At baseline, approximately 40% of participants scored above the clinical threshold on both the 

AES and BDI, indicating depressive or apathetic symptoms, while about 20% exceeded the HARS 

cut-off for anxiety. 

At the 12-month follow-up, roughly one-third of the sample still scored above the threshold on 

the AES and BDI, and approximately 24% remained above the threshold on the HARS. 

Despite these proportions, no statistically significant longitudinal changes were observed in mood 

symptoms or physical health indicators (i.e., CIRS) after FDR correction (see Supplementary 

Table 8.S2). 

Throughout the study, no participant met the criteria for physical frailty.  

These results suggest overall stability in emotional and physical health across the two 

assessment points. 

 

8.4.2 Descriptive profile of HRV indices at baseline and follow-up 

To characterise the autonomic profile of the sample, descriptive statistics for key HRV 

parameters were examined at baseline and follow-up. These measures reflect distinct aspects of 

autonomic nervous system regulation. Time-domain indices such as SDNN, RMSSD, and SD HR 

track overall heart rate variability and short-term parasympathetic activity. Mean RR interval 

and mean HR provide information on average cardiac cycle length and resting heart rate, 

respectively, offering insights into basal cardiovascular function. 

Total power autoregressive (TOTpow_AR), a frequency-domain metric, represents total 

autonomic power and serves as a global index of autonomic responsiveness. Nonlinear indices, 

including SD1 and SD2, capture the complexity of beat-to-beat HR fluctuations, with SD1 mainly 

reflecting parasympathetic modulation, and SD2 indexing both sympathetic and 

parasympathetic influences. 

Visual inspection and formal normality tests indicated that several HRV variables deviated from 

a normal distribution. Consequently, Wilcoxon signed-rank tests were applied to evaluate 

longitudinal changes between T0 and T1. 

No statistically significant differences were found in any HRV parameter over the 12-month 

interval. These results remained consistent after FDR correction for multiple comparisons, 

suggesting stable autonomic function throughout the follow-up period (see Supplementary Table 

8.S3). 
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8.4.3 Heart rate variability and its relationship with cognitive changes 

To determine whether longitudinal variations in autonomic functioning were associated with 

cognitive trajectories, Spearman’s rank-order correlations were calculated between delta scores 

(Δ = T1-T0) of neuropsychological measures and HRV indices. 

Table 8.2 presents FDR-corrected results. Figure 8.2 illustrates the significant associations after 

FDR correction based on raw (non-partial) correlation analyses. 

 

Table 8.2. Correlations between changes in cognitive variables and heart rate variability indices 

including Spearman’s rho (ρ), p-value, and 95% confidence intervals. 

Δ 

neuropsyc

hological 

tests 

Δ 

psychophysiol

ogical 

measures 

rho 
p-

value 

CI 

lower 

CI 

upper 

BH 

critical 

value 

BH 

adjuste

d  

p-value 

Signi-

ficant 

Δ_CORSI Δ_MEAN_HR -0.592 0.004 -0.831 -0.188 0.0056 0.02250 yes 

Δ_CORSI Δ_MEAN_RR 0.587 0.005 0.215 0.837 0.0111 0.02250 yes 

Δ_ACE-R Δ_SDNN 0.505 0.019 0.088 0.818 0.0166 0.03700 yes 

Δ_ACE-R Δ_SD_HR 0.503 0.020 0.092 0.802 0.0222 0.03700 yes 

Δ_ACE-R Δ_TOT pow_AR 0.493 0.023 0.064 0.771 0.0278 0.03700 yes 

Δ_ACE-R Δ_RMSSD 0.473 0.030 0.010 0.820 0.0333 0.03700 yes 

Δ_ACE-R Δ_SD1 0.473 0.030 -0.019 0.801 0.0388 0.03700 yes 

Δ_ACE-R Δ_SD2 0.463 0.034 0.076 0.767 0.0444 0.03700 yes 

Δ_ACE-R_F Δ_SD_HR 0.457 0.037 0.068 0.733 0.0500 0.03700 yes 

Note. Δ, delta scores (baseline – follow-up). ACE-R, Addenbrooke’s Cognitive Examination - Revised 

version. ACE-R_F, ACE-R verbal fluency. BH, Benjamini-Hochberg. CI, confidence intervals. Corsi, Corsi 

Block Tapping Test. HR, heart rate. RMSSD, root mean square of successive differences. RR, R-R interval. 

SDNN, standard deviation of normal-to-normal intervals. SD_HR, standard deviation of HR. SD1, Poincaré 

plot standard deviation perpendicular to the line of identity. SD2, Poincaré plot standard deviation along 

the line of identity. TOTpow_AR, total power – autoregressive.  

 

Two significant associations were identified between changes in visuospatial working memory 

(Δ_CORSI) and cardiac parameters. Δ_CORSI was negatively correlated with changes in mean 

HR and positively correlated with changes in mean RR interval, both of which remained 

significant after FDR correction.  

For global cognitive performance, changes in ACE-R total score (Δ_ACE-R) were positively 

correlated with several HRV indices, including Δ _SDNN, Δ_SD_HR, Δ_TOT pow_AR, Δ_RMSSD, 

Δ _SD1, and Δ_SD2. All these correlations survived FDR correction. However, the robustness of 

these effects varied across indices. In particular, although the correlation between Δ_ACE-R and 

Δ_SD1 survived BH FDR correction in the bivariate analyses, its 95% confidence interval included 

zero. 

A further significant positive correlation was also observed between changes in verbal fluency 

(Δ_ACE-R_F) and Δ_SD_HR, which remained significant after FDR correction. 
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All detailed statistics, including Spearman’s rho, p-values, BH critical values, and confidence 

intervals, are provided in Table 8.2.  

 

 

Figure 8.2. Scatterplots of significant Spearman correlations based on the raw data. ACE-R, Addenbrooke’s 

Cognitive Examination – Revised version. ACE-R_F, ACE-R verbal fluency. Corsi, Corsi Block Tapping Test.  

HR, heart rate. RMSSD, root mean square of successive differences. RR, R-R interval. SD_HR, standard 

deviation of HR. SD1, Poincaré plot standard deviation perpendicular to the line of identity. SD2, Poincaré 

plot standard deviation along the line of identity. SDNN, standard deviation of normal-to-normal intervals. 

TOTpow_AR, total power – autoregressive.  

 

Given the absence of a priori hypotheses regarding sex differences, exploratory correlation 

analyses stratified by gender were conducted and are reported separately for descriptive 

purposes. These results are presented for completeness in the Supplementary Material (see 

supplementary tables 8.S4 and 8.S5) but are considered ancillary to the main analyses, as they 

are difficult to interpret due to the unbalanced sample composition (14 females vs 7 males) and 

the consequently limited statistical power for reliable between-gender comparisons. 

To further assess the robustness of the observed associations, partial correlation analyses were 

conducted while controlling for age and educational level (see Table 8.3).  

After adjustment for these covariates, the previously observed associations largely remained 

statistically significant following FDR correction. Specifically, significant partial correlations were 

observed between Δ_CORSI and both Δ_MEAN_HR and Δ_MEAN_RR, as well as between Δ_ACE-

R and multiple HRV indices, including Δ_SDNN, Δ_TOTpow_AR, Δ_RMSSD, Δ_SD_HR, and 

Δ_SD2. In addition, a significant association between changes in verbal fluency (Δ_ACE-R_F) 

and Δ_SD_HR was also retained.  

Notably, after adjustment for age and educational level, the association between Δ_ACE-R and 

Δ_SD1 remained statistically significant and was characterised by a 95% confidence interval that 

no longer included zero, indicating increased precision relative to the unadjusted analysis.  
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Table 8.3. Partial correlations between changes in cognitive variables and heart rate variability 

indices including Spearman’s rho (ρ), p-value, and 95% confidence intervals controlling for age 

and educational level. 

Δ 

neuropsyc

hological 

tests 

Δ 

psychophysiol

ogical 

measures 

rho 
p-

value 

CI 

lower 

CI 

upper 

BH 

critical 

value 

BH 

adjuste

d  

p-value 

Signific

ant 

Δ_CORSI Δ_MEAN_HR -0.571 0.011 -0.843 -0.135 0.0055 0.0360 yes 

Δ_CORSI Δ_MEAN_RR 0.584 0.012 0.101 0.846 0.0111 0.0360 yes 

Δ_ACE-R Δ_SDNN 0.533 0.019 0.084 0.825 0.0166 0.0360 yes 

Δ_ACE-R Δ_TOTpow_AR 0.530 0.020 0.064 0.789 0.0222 0.0360 yes 

Δ_ACE-R Δ_SD1 0.508 0.026 0.069 0.783 0.0277 0.0360 yes 

Δ_ACE-R Δ_RMSSD 0.508 0.026 0.044 0.789 0.0333 0.0360 yes 

Δ_ACE-R Δ_SD_HR 0.505 0.028 0.054 0.828 0.0388 0.0360 yes 

Δ_ACE-R_F Δ_SD_HR 0.483 0.036 0.006 0.788 0.0444 0.0405 yes 

Δ_ACE-R Δ_SD2 0.467 0.044 0.014 0.790 0.0500 0.0440 yes 

Note. Δ, delta scores (baseline – follow-up). ACE-R, Addenbrooke’s Cognitive Examination – Revised 
version. ACE-R_F, ACE-R verbal fluency. BH, Benjamini–Hochberg. CI, confidence intervals. Corsi, Corsi 
Block Tapping Test. HR, heart rate. RMSSD, root mean square of successive differences. RR, R-R Interval. 
SD HR, standard deviation of heart rate. SD1, Poincaré plot standard deviation perpendicular the line of 
identity. SD2, Poincaré plot standard deviation along the line of identity. SDNN, Standard Deviation of 
Normal-to-Normal Intervals. TOTpow_AR, total power – autoregressive.  
 

8.5 Discussion 

 

This exploratory longitudinal study examined whether autonomic regulation, as measured by 

HRV during emotionally evocative stimulation, is associated with subtle cognitive changes in 

older adults with SCD. 

Although cognitive performance, mood, and autonomic indices remained stable at the group 

level over 12 months, analyses of individual difference scores revealed selective associations 

between longitudinal variations in HRV, particularly indices reflecting parasympathetic 

modulation, and performance in global cognition, visuospatial working memory, and verbal 

fluency. Notably, the strength and robustness of these associations varied across analytical 

steps, emphasising the importance of statistical correction and covariate adjustment when 

interpreting psychophysiological markers in preclinical populations.  

Ageing is accompanied by biological processes that may progressively compromise cognitive 

function, including structural and functional brain changes, vascular alterations, and 

neurochemical dysregulation (DeCarli, 2003; Murman, 2015). In parallel, cardiac vagal activity 

tends to decrease with advancing age (Berntson et al., 1997), potentially reducing the 

organism’s capacity to respond flexibly to environmental and emotional demands. In this 

context, the present findings therefore suggest that interindividual variability in autonomic 

regulation during emotionally evocative stimulation may be meaningfully related to cognitive 

performance, even when no overt cognitive decline is detectable at the group level. This 
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interpretation is consistent with accumulating evidence indicating that autonomic regulation 

plays a role in sustaining cognitive performance in ageing, with HRV emerging as a sensitive 

physiological correlate of this relationship (Forte et al., 2019). 

From a theoretical perspective, the observed associations can be interpreted within the 

framework of the Neurovisceral Integration Model (Porges, 1995; Thayer and Lane, 2000, 2009; 

Thayer et al., 2010), which conceptualises HRV as an index of the functional integrity of a 

distributed cortico–subcortical network supporting autonomic regulation, emotional processing, 

and executive control. This network includes prefrontal regions that are critically involved in 

higher-order cognition and are known to be vulnerable to age-related changes (Ellis and Thayer, 

2010; Thayer et al., 2012). In this framework, greater vagally-mediated HRV during emotional 

stimulation may reflect more efficient prefrontal inhibitory control over subcortical and brainstem 

regions, thereby supporting adaptive emotional and cognitive regulation. The present results 

extend this model by suggesting that individual differences in such regulatory efficiency are 

associated with cognitive performance in older adults with SCD, particularly in cognitively 

demanding domains. 

The present findings build on previous evidence linking HRV to neuropsychological, affective and 

age-related factors (Almeida-Santos et al., 2016; Fatisson et al., 2016; Jandackova et al., 2016), 

and support the view that individual differences in autonomic reactivity, particularly in 

emotionally salient contexts, may be meaningfully associated with cognitive trajectories in SCD. 

Although group-level measures of cognition and emotional state remained stable over time, 

interindividual variability in HRV change scores was selectively related to cognitive outcomes, 

reinforcing the importance of longitudinal approaches that focus on individual differences when 

investigating early cognitive vulnerability. 

From an interpretative standpoint, the pattern of associations observed suggests that indices 

reflecting parasympathetic engagement and overall autonomic flexibility may be particularly 

informative in the context of early cognitive vulnerability.  

Measures capturing global autonomic regulation appear to provide stable associations with 

cognitive performance when relevant demographic factors are taken into account. In this regard, 

differences in robustness observed in unadjusted analyses highlight the importance of analytic 

context and underscore the need to control for relevant covariates when interpreting 

psychophysiological-cognitive associations. This observation is consistent with previous work 

indicating that broader measures of autonomic flexibility may better capture the functional 

integrity of the central autonomic network in older adults (Forte et al., 2019; Jandackova et al., 

2016). 

Visuospatial working memory emerged as one of the cognitive domains most consistently 

associated with autonomic regulation. Working memory relies heavily on prefrontal inhibitory 

mechanisms, which are known to be sensitive to age-related changes (Arnsten and Goldman-

Rakic, 1998; Goldman-Rakic, 1998; Borella et al., 2008; Verhaeghen and Cerella, 2002). In this 

context, greater parasympathetic modulation during emotional stimulation may indicate more 
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efficient central autonomic regulation, supporting the maintenance of visuospatial working 

memory performance over time despite subjective cognitive complaints. 

More broadly, these findings are consistent with previous evidence linking vagally mediated HRV 

to global cognition, executive functioning, and language abilities in older adults, both in 

normative ageing and in populations at increased risk of cognitive decline (Thayer et al., 2009; 

Almeida-Santos et al., 2016; Forte et al., 2019). Together, the results support the view that HRV 

reflects the regulatory efficiency of the central autonomic network underlying higher-order 

cognitive functions (Thayer et al., 2009; Smith et al., 2017). 

At the same time, the results highlight the value of adopting multi-metric approaches when 

investigating HRV-cognition relationships, as complementary indices may capture partially 

distinct aspects of autonomic regulation. When appropriate statistical controls are applied, 

convergent patterns across indices can provide robust evidence for psychophysiological-

cognitive associations in preclinical populations. 

Altogether, the present results provide further support for autonomic dysfunction as a potential 

mechanism linking early neurobiological vulnerability to cognitive variability in ageing. 

Parasympathetic dysregulation has been reported in mild cognitive impairment and linked to 

early alterations in the central autonomic network (Collins et al., 2012). Autonomic imbalance is 

also associated with vascular risk factors (La Rovere et al., 1998; Tsuji et al., 1996), which 

increase the risk of dementia (Launer, 2005), and stress-related dysregulation may further 

contribute to cognitive decline in later life (Qiu et al., 2003; Verghese et al., 2003). These 

mechanisms are particularly relevant for SCD, a condition characterised by self-perceived 

cognitive deterioration in the absence of objective impairment but associated with an increased 

risk of subsequent cognitive decline and dementia (Mitchell et al., 2014; Nicolini et al., 2024; 

Sidenkova et al., 2023). 

A number of methodological limitations should be acknowledged. The relatively small sample 

size limits the generalisability of the findings and, despite a priori power estimation, statistical 

adjustment for age and educational level, and correction for multiple comparisons using FDR, 

constrains the reliable examination of subgroup-specific or interaction effects. In addition, 

although this study did not include a separate control group, it is important to note that 

participants with SCD are, by definition, cognitively unimpaired and typically fall within the 

normative range of healthy ageing. For this reason, the inclusion of a distinct control group was 

not considered essential in this exploratory framework. Finally, HRV variability was assessed in 

a laboratory setting, which may limit ecological validity. Future studies could benefit from 

ambulatory autonomic monitoring using wearable devices, combined with ecologically valid 

emotional paradigms (e.g., Sampaolo et al., 2025) and multimodal neuroimaging, to better 

characterise early autonomic and cognitive vulnerability. 

Despite these limitations, a notable strength of the present study is the use of an emotionally 

evocative and dynamic stimulation paradigm to elicit autonomic responses. Unlike most previous 

investigations, which focused on resting-state HRV, this approach was designed to increase 
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sensitivity to interindividual differences in autonomic reactivity by exposing participants to 

rapidly changing emotional stimuli. Emotional contexts place greater regulatory demands on the 

central autonomic network, and may therefore reveal subtle vulnerabilities that remain 

undetectable under resting conditions. The present findings provide preliminary support for task-

evoked HRV as a sensitive psychophysiological marker of early cognitive variability, extending 

previous work on emotional and autonomic regulation in healthy ageing (Amanzio et al., 2023a, 

2023b; Cipriani et al., 2025). 

In conclusion, this study provides preliminary longitudinal evidence linking individual differences 

in HRV change scores to variations in cognitive performance in older adults with SCD. Although 

no group-level decline in cognitive or autonomic functioning was observed over time, domain-

specific associations, particularly involving visuospatial working memory and verbal fluency, 

underscore the relevance of parasympathetic regulation and autonomic flexibility. These findings 

highlight the importance of focusing on individual trajectories rather than group averages in 

preclinical populations, where subtle physiological changes may precede overt cognitive decline 

and could inform early, personalised interventions targeting autonomic and emotional regulation 

to support cognitive resilience. 

 

8.6 Supplementary material 

 

Table 8.S1. Descriptions and identification numbers of the IAPS images used during the 

affective stimulation task. 

 

Description 

 

ID  

   

Description 

 

ID  

   

Description 

 

ID  

   

Description 

 

ID 

 

Adult 2000  Cow 1670  Man 2490  Shark 1931 

Adult 2010  CryingBoy 2900  Man 2495  Shark 1932 

Adult 2020  DisabledChild 3300  Man 2512  Ship 9600 

AimedGun 6200  Dishes 9390  Man 2570  Shipwreck 9620 

AimedGun 6210  DrugAddict 2718  ManOnFire 9635  SickMan 2491 

AimedGun 6230  ElderlyMan 2480  Men 2397  Skier 8030 

AimedGun 6250  ElderlyWoman 2516  Money 8501  Skier 8034 

AimedGun 6260  ElderlyWoman 2590  Mother 2312  Skier 8190 

Alcoholic 2753  Exhaust 9090  Motorcycle 8251  Skier 8193 

AngryFace 2110  Factoryworker 2393  Motorcyclist 8250  Skinhead 9800 

Astronaut 5470  Family 9046  Needle 9008  Skulls 9440 

Attack 3500  Fire 8485  NeuMan 2102  SkyDivers 5621 

Attack 3530  Firefighter 9912  NeutChild 2270  Skydivers 8185 

Attack 6313  Fish 1900  NeutFace 2200  Skyscraper 7640 

Attack 6350  Gang 6821  NeutFace 2210  Skysurfer 8186 

Attack 6370  Gannet 1450  NeutGirl 2440  Smoke 9280 

Attack 6510  Garbage 9290  NeutMan 2214  Smoking 2715 

Attack 6540  Garbage 9330  NeutMan 2215  Snake 1040 

Attack 6550  Girl 2276  NeutralMale 2493  Snake 1050 

Attack 6560  Girl 2320  NeutralMale 2499  Snake 1052 

AttackDog 1525  Girl 2381  NeuWoman 2038  Snake 1070 

BarbedWire 9010  Grouper 1910  NeuWoman 2104  Snake 1113 

BikerOnFire 8480  Gun 2811  Parrots 1333  Snake 1120 
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Biking/train 8475  Gun 6241  Picnic 2560  Soldier 6212 

Birds 1419  Guns 6830  Pilot 8300  Soldiers 9404 

Bomb 9630  Gymnast 8470  PitBull 1300  Spider 1200 

Boy 2795  HangGlider 5626  PlaneCrash 9050  Spider 1201 

Bum 2750  HangGlider 8161  Police 2682  ThreeMen 2370 

Bungee 8179  Hiker 5629  Police 6834  Tornado 5972 

BurntBldg 9471  HomelessMan 9331  Pollution 9341  Volcano 5920 

Butcher 2235  Hospital 2205  Pollution 9342  VolcanoSkier 8192 

Butterfly 1602  HungMan 9265  Puddle 9110  War 2683 

Butterfly 1603  IceClimber 8191  Quilting 2518  WarVictim 9250 

Butterfly 1604  Jaguar 1650  Rabbit 1610  WaterSkier 8200 

CarAccident 9902  Jail 2722  Rafters 8400  Wingwalker 8341 

CarAccident 9910  Jail 6010  Rafting 8370  Woman 2037 

Cemetery 9000  Jet 9622  RockClimber 8160  Woman 2399 

Cemetery 9001  Judge 2221  Roller-Coaster 8490  Woman 2506 

Cemetery 9220  Kids 2278  Rollercoaster 8499  Woman 2513 

Cliffdiver 8178  Knife 6300  SadGirls 2455  Woman 2514 

CliffDivers 8180  Lava 5940  Sailboat 8170  Woman 9190 

Cocaine 9101  Lightning 5950  Sailing 8080    

Couple 2396  Man 2190  Secretary 2383    

Couple 2501   Man 2357   Shark 1930       

Note. ID, Identification number. 

 

 

Table 8.S2. Paired Samples T-Test with False Discovery Rate correction considering 

neuropsychological variables assessed at baseline and follow-up.  

Test/scale t-test p-value 
FDR 

correction 

Mini Mental State Examination 77.0ᵈ 0.123 0.015 

Addenbrooke’s Cognitive Examination – Revised version 140.0ᵃ 0.196 0.019 

Montreal Cognitive Assessment 101.5ʰ 0.497 0.028 

Cognitive Function Instrument – Self report 133.0ⁱ 0.040 0.006 

Cognitive Function Instrument – Partner report 136.5ⁱ 0.027 0.003 

Rey Auditory Verbal Learning Test – 15 instant words 90.5 0.393 0.022 

Rey Auditory Verbal Learning Test – 15 delayed words 120.5 0.875 0.047 

Digit span forward 24.5ᵍ 0.139 0.016 

Corsi Block Tapping Test 47.0ᵈ 0.743 0.041 

Phonemic Fluency 112.5 0.931 0.048 

Semantic Fluency 161.0 0.038 0.004 

Token Test 60.0ʲ 1.000 0.050 

Trail Making Test - part A 148.0 0.266 0.020 

Trail Making Test - part B 82.5ⁱ 0.629 0.037 

Trail Making Test B-A 91.0ᵃ 0.614 0.035 

Apathy Evaluation Scale 92.5 0.653 0.038 

Beck Depression Inventory  151.0 0.086 0.010 

Hamilton Rating Scale for Anxiety  116.5ᵃ 0.396 0.023 

Cumulative Illness Rating Scale - severity index 77.0ⁱ 0.481 0.025 

Cumulative Illness Rating Scale - comorbidity index 51.5ᵍ 0.685 0.040 

Note. FDR, False Discovery Rate.  

Hₐ: μMeasure 1 − μMeasure 2 ≠ 0.  

ᵃ 1 pair of values were tied.  

ᵈ 7 pairs of values were tied.  

ᵍ 8 pairs of values were tied.  

ʰ 3 pairs of values were tied.  
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ⁱ 2 pairs of values were tied.  

ʲ 6 pairs of values were tied. 

 

 

Table 8.S3. Psychophysiological characteristics of the study participants, taking into account 

the baseline and follow-up indices of heart rate variability. 
 

HRV parameter  
 

Wilcoxon W p-value 

Mean HR (bpm) 118 0.946 

Mean RR (ms) 106 0.759 

SD HR (bpm) 116 1.000 

SDNN (ms) 106 0.759 

TOTpow_AR (ms²) 112 0.919 

SD2 (ms) 105 0.733 

RMSSD (ms) 99 0.585 

SD1 (ms) 99 0.585 

Note. HR, heart rate. HRV, heart rate variability. Mean RR, R-R Interval. RMSSD, root mean square of 

successive differences. SD HR, standard deviation of HR. SD1, Poincaré plot standard deviation 

perpendicular the line of identity. SD2, Poincaré plot standard deviation along the line of identity. SDNN, 

Standard Deviation of Normal-to-Normal Intervals. TOTpow_AR, total power – autoregressive.  

 

 

Table 8.S4. Partial correlations between changes in cognitive variables and heart rate variability 

indices including Spearman’s rho (ρ), p-value, and 95% confidence intervals controlling for 

gender (female). 

Δ 

neuropsy-

chological 

tests 

Δ  

Psychophy-

siological 

measures 

rho p-value CI lower CI upper 

BH  

critical 

value 

BH 

adjusted  

p-value 

Signi-

ficant 

Δ_CORSI Δ_MEAN_HR -0.631 0.015 -0.890 -0.068 0.0055 0.0855 no 

Δ_CORSI Δ_MEAN_RR 0.615 0.019 0.170 0.887 0.0111 0.0855 no 

Δ_ACE-R_F Δ_SD_HR 0.374 0.188 -0.171 0.731 0.0166 0.285 no 

Δ_ACE-R Δ_TOTpow_AR 0.371 0.191 -0.170 0.775 0.0222 0.285 no 

Δ_ACE-R Δ_SDNN 0.369 0.194 -0.277 0.842 0.0277 0.285 no 

Δ_ACE-R Δ_SD_HR 0.347 0.224 -0.190 0.794 0.0333 0.285 no 

Δ_ACE-R Δ_RMSSD 0.314 0.275 -0.353 0.821 0.0388 0.285 no 

Δ_ACE-R Δ_SD1 0.314 0.275 -0.315 0.843 0.0444 0.285 no 

Δ_ACE-R Δ_SD2 0.307 0.285 -0.246 0.735 0.0500 0.285 no 

Note. Δ, delta scores (baseline – follow-up). ACE-R, Addenbrooke’s Cognitive Examination – Revised 

version. ACE-R_F, ACE-R verbal fluency. BH, Benjamini–Hochberg. CI, confidence intervals. Corsi, Corsi 

Block Tapping Test. HR, heart rate; SD HR, standard deviation of heart rate. RMSSD, root mean square of 

successive differences. RR, R-R Interval. SD1, Poincaré plot standard deviation perpendicular the line of 

identity. SD2, Poincaré plot standard deviation along the line of identity. SDNN, Standard Deviation of 

Normal-to-Normal Intervals. TOTpow_AR, total power – autoregressive. 

 

 

Table 8.S5. Partial correlations between changes in cognitive variables and heart rate variability 

indices including Spearman’s rho (ρ), p-value, and 95% confidence intervals controlling for 

gender (male). 
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Δ 

neuropsy-

chological 

tests 

Δ  

Psychophy-

siological 

measures 

rho p-value CI lower CI upper 

BH  

critical 

value 

BH 

adju-

sted  

p-value 

Signi-

ficant 

Δ_ACE-R Δ_TOTpow_AR 0.863 0.012 0.140 1.000 0.0055 0.054 no 

Δ_ACE-R Δ_SDNN 0.863 0.012 0.140 1.000 0.0111 0.054 no 

Δ_ACE-R_F Δ_SD_HR 0.753 0.051 -0.721 0.971 0.0166 0.09 no 

Δ_ACE-R Δ_SD2 0.753 0.051 -0.066 1.000 0.0222 0.09 no 

Δ_ACE-R Δ_RMSSD 0.734 0.060 -0.059 1.000 0.0277 0.09 no 

Δ_ACE-R Δ_SD1 0.734 0.060 -0.063 0.990 0.0333 0.09 no 

Δ_CORSI Δ_MEAN_HR -0.600 0.154 -1.000 0.314 0.0388 0.198 no 

Δ_ACE-R Δ_SD_HR 0.556 0.195 -0.063 0.990 0.0444 0.205 no 

Δ_CORSI Δ_MEAN_RR 0.546 0.205 -0.404 0.961 0.0500 0.205 no 

Note. Δ, delta scores (baseline – follow-up). ACE-R, Addenbrooke’s Cognitive Examination – Revised 

version. ACE-R_F, ACE-R verbal fluency. BH, Benjamini–Hochberg. CI, confidence intervals. Corsi, Corsi 

Block Tapping Test. HR, heart rate. SD HR, standard deviation of heart rate. RMSSD, root mean square of 

successive differences. RR, R-R Interval.  SD1, Poincaré plot standard deviation perpendicular the line of 

identity. SD2, Poincaré plot standard deviation along the line of identity. SDNN, Standard Deviation of 

Normal-to-Normal Intervals. TOTpow_AR, total power – autoregressive. 
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9. GENERAL DISCUSSION 

 

Ageing is a complex and heterogeneous process characterised by multifaceted biological, 

cognitive, emotional, and social changes that affect cognitive, affective, and physical functions, 

as well as interactions with the environment (World Health Organization, WHO, Clinical 

Consortium on Healthy Ageing, 2017). International guidelines emphasise the importance of 

recognising early neuropsychological changes and elucidating possible links between these 

changes in the older population. Therefore, ageing should be studied from a comprehensive and 

multidimensional perspective, considering different components simultaneously to promote well-

being and optimise support for individuals with cognitive or physical vulnerability. 

This perspective aligns with the WHO (2002) framework established in recent years, in which 

healthy ageing refers to people aged 60 and over being and remaining a resource for their 

internal and external systems. Older adults are actively engaged in their well-being: they meet 

their needs, remain independent and socially involved, and live in environments that match their 

abilities and capacities. The process of ageing results from various influences and dynamic 

interactions between three components: (1) intrinsic capacity, which includes physical and 

mental functions such as vitality, and motor, sensory, cognitive, and psychological abilities; (2) 

environment, including the home, community, and society; and (3) functional capacity, which 

integrates intrinsic capacity and the way people interact with their environment (WHO, 2020). 

This conceptual framework was useful for systematically examining electroencephalogram 

(EEG)-based brain–computer interface (BCI) technologies, focusing on intrinsic capacity in older 

adults to detect potential age-related changes and evaluate the effectiveness of cognitive 

training: (a) to assist individuals aged 60 years and older with activities of daily living, and (b) 

to improve their quality of life through diagnostic and neurorehabilitative applications. The 

selected studies identified age-related differences as critical parameters in the design of BCI 

technologies and the effectiveness of neurofeedback training for improving brain plasticity and 

certain neuropsychological functions. Additionally, evidence suggests that cognitive and tactile 

training are prerequisites for BCI performance. In summary, interventions with BCI not only 

support the maintenance and achievement of healthy ageing, but also offer promising 

neurorehabilitative perspectives, for example, regarding the cognitive and mental abilities of 

patients with a neurocognitive disorder (Mesin et al., 2023). Consequently, this review confirms 

that enhancing intrinsic capacity is an effective way to preserve functional ability, reinforcing the 

importance of technology within the WHO framework. 

To better understand the neuropsychological functioning of healthy older adults, we also 

examined mental flexibility (MF), as part of executive functions (EFs), considering its cognitive-

affective dimensions and physiological biomarkers, to clarify their functioning and interaction. 

Our results show that physiological parameters, especially heart rate variability (HRV) and 

respiration, predict and distinguish between high and low flexibility more effectively than 

neuropsychological tests in the older population. These findings highlight the multifaceted nature 
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of MF, which encompasses both cognitive and affective aspects. This capacity is evident when 

we respond variably and flexibly to the cognitive and affective demands of the environment; 

examining its components in healthy older adults enables a better understanding of their 

mechanisms and their key role in healthy ageing (Borghesi et al., 2023). Crucially, this study 

provides original evidence that physiological markers are highly sensitive in characterising the 

subtle dynamics of executive control, supporting their integration into assessments of cognitive 

function in older adults. 

The COVID-19 pandemic had a significant impact on older adults, as they were reported to be 

more vulnerable to the adverse effects of SARS-CoV-2 infection, including cognitive decline, 

changes in physical and mental health, and potentially fatal outcomes (Amore et al., 2021; 

Lebrasseur et al., 2021). To understand the protective mechanisms against these stressors, we 

compared neuropsychological trajectories before and during the pandemic in a cohort of healthy 

older adults. We assessed the cognitive, physical, and behavioural status of some participants 

at the University of the Third Age (U3A) in Turin, who attended a course promoting healthy and 

active ageing. To examine possible signs of pandemic-related emotional dysregulation, at follow-

up some participants were shown images recalling the most dramatic lockdown phase while HRV 

was recorded. This longitudinal study showed that participants involved in U3A responded 

positively to stress and isolation, both in cognitive performance and physical health, although 

there were higher levels of mood deflections. These findings demonstrated that cognitive reserve 

(CR), as a combination of positive life experiences such as the social and educational activities 

offered by U3A, was an important protective factor against COVID-related negative effects, such 

as increased apathy, anxiety, and emotional (dys)regulation. This supported the maintenance of 

individual well-being and, more generally, healthy ageing despite the critical situation during the 

pandemic (Amanzio et al., 2023a). These findings support the conceptualisation of CR not as a 

static, passive resource but as a dynamic resilience mechanism that preserves functional 

capacity against acute environmental stressors. 

As the COVID-19 pandemic increased stress and led to significant psychological and cognitive 

effects, particularly in older adults, we further investigated healthy ageing during the pandemic. 

Our interdisciplinary approach, combining neuropsychological assessments with physiological 

measurements, provided insights into emotional dysregulation triggered by pandemic-related 

stimuli during the presentation of COVID-19-related images, using facial electromyography 

(fEMG) reactivity and the Self-Assessment Manikin metric. fEMG offers a valuable approach for 

understanding and objectifying the emotional impact of the pandemic on healthy older adults 

who have experienced this stressful event (Amanzio et al., 2023b). fEMG is a useful tool for 

inferring a person’s affective state and mood, and has been widely used to study emotional 

responses elicited by affective visual stimuli (Cacioppo and Petty, 1981). In particular, the 

reactivity of the corrugator supercilii and zygomaticus major muscles has been linked to the 

expression of negative and positive emotions, respectively (Lang et al., 1998), as well as to 

consistent subjective emotional experiences (Tan et al., 2012). Corrugator and zygomaticus 
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contractions can effectively distinguish between the arousal (intensity) and valence (pleasure) 

of an emotional state, as well as dominance in the implicit processing of negative and positive 

emotions (Cacioppo et al., 1986), that is, the reappraisal associated with frowning and smiling, 

respectively (Carr et al., 2014). Our findings reveal an unexpected and counterintuitive positive 

correlation between increased zygomatic activity and higher levels of apathy, depression, and 

anxiety. This contraction pattern is typically associated with facial expressions of positive 

emotions, such as smiling. However, the results are consistent with the reappraisal of emotional 

stimuli in response to the challenges posed by the pandemic. Offering a new and comprehensive 

perspective on emotional dysregulation, we used a unique approach that combines 

neuropsychological assessments with facial muscle reactivity data, enabling a better 

understanding of the emotional impact of the pandemic. Specifically, COVID-19-related stimuli 

triggered the activation of bottom-up affective strategies associated with higher mood levels and 

interacted with top-down factors that play an important role in the dysregulation of executive 

functioning (Amanzio et al., 2023b). These findings highlight a dissociation between automatic 

physiological reactivity and self-reported mood, suggesting that emotional dysregulation in 

ageing may reflect a decline in top-down executive control over bottom-up affective responses. 

While these findings provide valuable insights into the protective mechanisms of CR, the 

generalisability of the samples requires careful consideration. The participants were 

predominantly women, highly educated, and actively involved in the U3A, with robust physical 

functioning and high adherence to COVID-19 guidelines. Although this profile effectively 

demonstrates the benefits of active ageing, it may not represent the broader, more 

heterogeneous older population in Italy. As education is a well-established moderator of 

executive functioning, the sample's educational level influences the interpretation of the 

observed neurophysiological responses and adaptation strategies. Therefore, future research 

should include more diverse groups of older adults not engaged in continuous educational 

programmes. This approach will allow more robust conclusions regarding the role of cognitive 

reserve in maintaining resilience against pandemic-related stress. 

EFs, also known as cognitive control (CC), were further examined in older adults through a 

systematic review of neuropsychological paradigms of interference control, using advanced 

psychophysiological and imaging techniques. Specifically, to clarify the neural mechanisms 

underlying CC in ageing, we synthesised evidence from studies employing Stroop and Simon 

tasks combined with EEG, functional magnetic resonance imaging and functional near infrared 

spectroscopy. While these paradigms, which are sensitive to early changes in executive control, 

involve different types of conflict, they engage shared top-down CC mechanisms within the 

prefrontal cortex (PFC) through distinct neural pathways (Liu et al., 2004). Consequently, these 

tasks provide a robust framework for investigating age-related changes in brain activation. 

Evidence indicates that CR is a crucial mediating factor that moderates the relationship between 

structural and cognitive decline. It reflects the brain's adaptive ability to recruit neural resources 

to counter age-related decline, potentially delaying the onset of cognitive impairment (Cabeza 
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et al., 2018). Although physiological ageing progressively affects the PFC through processes such 

as reduced cerebral perfusion and increased vascular stiffness, the brain activates compensatory 

mechanisms to maintain performance. In particular, older adults show increased recruitment of 

regions including the dorsolateral PFC and the left inferior frontal gyrus. However, the 

effectiveness of these compensatory networks declines with advancing age and is significantly 

disrupted in pathological conditions such as mild cognitive impairment (MCI). This review 

suggests that patterns of prefrontal activation during interference tasks may serve as early 

indicators of cognitive vulnerability: hyperactivation often signals successful compensation in 

healthy ageing or early pathology, while hypoactivation indicates failure of control mechanisms 

in advanced impairment. Therefore, combining these behavioural tasks with neuroimaging 

provides a useful framework for early detection of the transition from healthy ageing to cognitive 

impairment, and a critical opportunity to develop interventions that strengthen cognitive 

resilience and preserve quality of life in older adults (Cipriani et al., 2025). In conclusion, this 

review provides a theoretical basis for using prefrontal activation patterns as a biomarker to 

distinguish effective compensatory processes from compromised neural resources associated 

with pathological trajectories. 

The impact of the COVID-19 pandemic on the psychological wellbeing of healthy older adults is 

substantial, also regarding sleep disturbances. Evidence indicates that disruptions in sleep 

patterns are associated with mood changes, such as depression and anxiety, as well as changes 

in lifestyle and personal attitudes resulting from lockdown measures (Cipriani et al., 2021). 

Crucially, the pandemic created a perfect storm in which nocebo effects could occur. The nocebo 

effect, the negative counterpart to the placebo effect (Kennedy, 1961), refers to adverse events 

or negative outcomes resulting from a patient's expectation of harm rather than the 

pharmacological action of a drug. Individuals with higher levels of anxiety and depression, as 

well as a tendency to somatise, may have been more susceptible to negative information related 

to the pandemic and to conspiracy theories, which led to psychological distress. This increased 

psychological distress, in turn, reduced willingness to vaccinate, especially among the older 

population (Amanzio et al., 2020, 2021). Consistent with the expectancy theory of the nocebo 

phenomenon, the results of our previous systematic review also suggest that a substantial 

proportion of adverse events associated with COVID-19 vaccines may be related to the nocebo 

effect (Amanzio et al., 2022a). Various studies have shown that the COVID-19 era has 

exacerbated the nocebo phenomenon, to the extent of creating a nocebodemic effect that will 

influence health and lifestyle beyond the pandemic period (Amanzio et al., 2022b). 

Furthermore, CC, particularly inhibition, is known to decline with age, increasing vulnerability to 

phenomena such as the nocebo effect. In older adults, reduced inhibitory control may impair 

their ability to regulate mood and emotion (e.g., Lloyd et al., 2021; Urry and Gross, 2010) or 

suppress negative information (Walker et al., 2022) provided by medical professionals, such as 

lists of potential side effects. Consequently, older adults may have difficulty shifting attention 

away from threatening stimuli, leading to perseveration on negative expectations and amplifying 
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the nocebo response (Colloca and Miller, 2011; Kravvariti et al., 2021). 

To further examine this phenomenon in older adults, we summarised and analysed the results 

of systematic reviews and meta-analyses on the nocebo effect in placebo-controlled clinical trials 

involving diseases or disorders classified in the International Classification of Diseases - 11th 

Revision (WHO, 2025). Our results suggest that the nocebo effect, in which negative 

expectations lead to adverse outcomes regardless of the pharmacological properties of the 

treatment, can significantly impair the efficacy, tolerability, and adherence of treatment. It is 

influenced not only by the disease itself but also by the treatment experience and psychological 

factors. The nocebo effect is prevalent across various conditions, including neurological, 

psychiatric, and pain disorders, and is significant in clinical trials because placebo groups often 

report side effects similar to those of active treatments, potentially distorting efficacy data. It 

can reduce the perceived effectiveness of treatments, exacerbate patient distress, compromise 

adherence to treatment, and even lead to unnecessary interventions or discontinuation of 

beneficial treatments. Managing these effects is therefore essential to enhance patient well-

being, improve treatment adherence, and ensure the reliability of clinical data (Amanzio and 

Cipriani, 2026). These results highlight the crucial relationship between executive dysfunction, 

particularly deficits in inhibitory control, and susceptibility to negative expectations, positioning 

the nocebo effect as a key vulnerability factor within the cognitive ageing framework. 

Within this multidimensional framework, we designed a longitudinal study to investigate the 

potential of HRV as a sensitive, early psychophysiological marker of cognitive vulnerability in 

older adults with subjective cognitive decline (SCD). This transitional condition is common in the 

older population and, although it has diverse causes, specific SCD-plus features may indicate a 

preclinical stage of MCI or Alzheimer’s disease (AD), providing a crucial opportunity for 

prevention and early intervention (Jessen et al., 2014, 2020). While existing literature has 

largely focused on pathological risks such as cardiovascular disease (Livingston et al., 2020), 

there is limited research on protective mechanisms, including physiological resilience and CR 

(Stern et al., 2020). HRV has emerged as a promising non-invasive biomarker in this context. 

Reflecting the balance between sympathetic and parasympathetic autonomic regulation, HRV 

serves as an index of physiological flexibility (Shaffer and Ginsberg, 2017). The neurovisceral 

integration model suggests that the neural networks governing autonomic control significantly 

overlap with those responsible for EFs and emotional regulation (Smith et al., 2017; Thayer et 

al., 2009). Consequently, reduced HRV is associated not only with cardiovascular risk but also 

with white matter degradation, reduced cerebral perfusion, and neuroinflammation (Agorastos 

et al., 2023; Tarumi et al., 2015). Although evidence suggests that HRV changes may precede 

cognitive deficits, longitudinal studies integrating neuropsychological and physiological data 

remain limited. To address this gap, in our recent study we used an affective storm paradigm 

(Borghesi et al., 2024; Simoncini et al., 2024) based on the International Affective Picture 

System, which provides standardised, emotionally evocative images (Bradley and Lang, 2007; 

Codispoti et al., 2001; Lang et al., 1997). We monitored older adults with SCD over 12 months 
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to investigate whether longitudinal variations in HRV during emotional stimulation correlate with 

cognitive trajectories. The results suggest that dynamic HRV assessment may offer a sensitive 

method for detecting subtle neurophysiological changes that precede objective cognitive 

impairment, with the potential to improve early screening strategies for vulnerable older adults 

(Cipriani et al., 2026). Crucially, by substantiating the neurovisceral integration model in older 

adults, this study identifies autonomic integrity as a robust physiological index of cognitive 

resilience, supporting its inclusion to characterise the trajectory towards vulnerability. 

Despite these promising results, certain methodological considerations regarding statistical 

power and study design must be acknowledged. Given the exploratory nature of these 

psychophysiological investigations, power analyses were conducted to detect medium to large 

effect sizes. Consequently, the analyses may have lacked sensitivity to identify smaller, yet 

potentially meaningful, effects. Although small sample sizes are common and methodologically 

accepted in high-resolution, exploratory psychophysiological research, future investigations 

should recruit larger cohorts to enable more complex statistical modelling and ensure the 

systematic inclusion of established covariates such as age, gender, and years of education. 

Furthermore, while participants with SCD are cognitively unimpaired and fall within the 

normative range for healthy ageing, including a control group of older adults without subjective 

complaints in future research is crucial. This comparison will strengthen the interpretation of 

HRV dynamics and demonstrate that the observed physiological alterations are specific markers 

of vulnerability in SCD. 

 

9.1 Conclusion 

 

This thesis presents empirical evidence supporting a multidimensional framework of ageing, 

conceptualised not merely as a biological process but also as a dynamic interaction between an 

individual’s intrinsic capacity and the environment. In line with international guidelines, our 

research demonstrates that promoting healthy ageing requires a comprehensive assessment 

integrating cognitive, affective, and physiological dimensions, highlighting the crucial role of 

executive functioning. 

Consolidating our findings on psychophysiological markers, we first investigated BCI 

technologies and MF within the construct of EFs, combining cognitive and physiological 

functioning. We found that physiological parameters, especially HRV and respiration, have 

greater predictive validity in distinguishing between high and low flexibility in the older 

population than traditional neuropsychological tests. This confirms that assessing autonomic 

integrity provides a more sensitive physiological index of cognitive resilience than standard 

psychometric tests alone. 

The protective role of neurocognitive mechanisms was further clarified during the COVID-19 

pandemic. Our longitudinal data indicated that CR, defined as a combination of positive life 

experiences such as the social and educational activities offered by U3A, served as a key 



277 
 

protective factor against pandemic-related negative effects, including increased apathy, anxiety, 

and emotional dysregulation. These findings highlight the resilience mechanisms that sustain 

individual well-being and, more generally, healthy ageing despite the critical situation during the 

pandemic. Furthermore, through fEMG, we identified potential physiological correlates of 

vulnerability: a complex counterintuitive correlation between increased zygomaticus activity and 

higher apathy and anxiety, reflecting a failure of top-down executive regulation to modulate 

bottom-up affective arousal. 

A significant theoretical and clinical impact of this thesis concerns the consequences of this 

regulatory failure. Our systematic review of executive control paradigms indicated that healthy 

ageing relies on the compensatory recruitment of prefrontal regions to resolve interference 

conflict. Crucially, when this inhibitory control declines, older adults become increasingly 

vulnerable to the nocebo effect. This finding has direct clinical relevance: a reduced capacity to 

suppress negative information suggests that standard medical communication about side effects 

may inadvertently amplify adverse outcomes in cognitively vulnerable older adults. 

Finally, integrating these cognitive and physiological findings, we demonstrated that HRV serves 

as a sensitive, non-invasive biomarker in individuals with SCD. In line with the neurovisceral 

integration model, our results suggest that monitoring autonomic flexibility during emotional 

stimulation can detect subtle neurophysiological vulnerabilities before they manifest as objective 

cognitive impairment. 

From a clinical perspective, these results support a multidimensional framework that 

incorporates psychophysiological biomarkers into comprehensive screening for SCD, providing 

an opportunity for early preventive interventions. 

Future research will further elucidate EFs and their neural substrates in individuals at risk of 

pathological ageing. To this end, we will examine executive control processes in healthy older 

adults, individuals with SCD, and patients with MCI, through a multidimensional approach that 

integrates comprehensive neuropsychological assessment and neuroimaging techniques. 

Specifically, interference tasks will be used to characterise differential neural activation patterns 

associated with executive control across the AD continuum. This approach enables the 

identification of specific biomarkers, delineating the trajectory from biological ageing to clinical 

manifestation. 

In conclusion, this thesis supports a multidimensional framework of healthy ageing, in which 

executive functioning emerges as a central factor distinguishing physiological from pathological 

trajectories. 
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