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A B S T R A C T

Subjective cognitive decline (SCD), mild cognitive impairment (MCI), and Alzheimer’s disease stages lack well- 
defined electrophysiological correlates, creating a critical gap in the identification of robust biomarkers for early 
diagnosis and intervention. In this study, we analysed event-related potentials (ERPs) recorded during a sus
tained visual attention task in a cohort of 178 individuals (119 SCD, 40 MCI, and 19 healthy subjects, HS) to 
investigate sensory and cognitive processing alterations associated with these conditions. SCD patients exhibited 
significant attenuation in both sensory (P1, N1, P2) and cognitive (P300, P600, P900) components compared to 
HS, with cognitive components showing performance-related gains. In contrast, MCI patients did not show a 
further decrease in any ERP component compared to SCD. Instead, they exhibited compensatory enhancements, 
reversing the downward trend observed in SCD. This compensation resulted in a non-monotonic pattern of ERP 
alterations across clinical conditions, suggesting that MCI patients engage neural mechanisms to counterbalance 
sensory and cognitive deficits. These findings support the use of electrophysiological markers in support of 
medical decision-making, enhancing personalized prognosis and guiding targeted interventions in cognitive 
decline.

1. Introduction

Neurocognitive disorders affect 6–50 million people worldwide, with 
prevalence doubling every five years, particularly among those aged 
50–80. This trend poses a significant societal burden, with various fac
tors contributing to dementia, including neurological, systemic, and 
psychiatric conditions. Alzheimer’s disease (AD) is the most prevalent 
cause of neurocognitive decline (Livingston et al., 2020). AD involves 
the accumulation of beta-amyloid plaques and neurofibrillary tangles, 
leading to neurodegeneration and cognitive decline, eventually result
ing in dementia. This process unfolds over decades, with amyloid 

buildup occurring years before symptoms. Stages range from subtle 
cognitive changes to full-blown dementia. The initial stage, Subjective 
Cognitive Decline (SCD), involves self-reported cognitive decline while 
performance on standardized tests remains within the normal range 
when adjusted for age, sex, and education (Jessen et al., 2014; Jessen 
et al., 2020). Mild Cognitive Impairment (MCI) occurs when patholog
ical scores on neuropsychological tests are present without a significant 
impact on daily life activities. It serves as a transitional stage between 
normal aging and the more severe cognitive decline seen in dementia 
(Gauthier et al., 2006). In the realm of dementia research, SCD and MCI 
hold paramount significance as they fall within the spectrum of AD 
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(Jessen et al., 2014; Jessen et al., 2020; Slot et al., 2019; Rabin et al., 
2015). Patients affected by these conditions present an opportunity for 
intervention with recently developed Disease-Modifying Therapies 
(DMTs) approved for AD (van Dyck et al., 2023; Budd Haeberlein et al., 
2022). Indeed, it is widely acknowledged that DMTs should be admin
istered during the early stages of the disease, prior to the onset of neu
rodegeneration (Guest et al., 2022).

Seeking reliable biomarkers for early AD diagnosis is crucial. Com
mon biomarkers like MRI, FDG-PET, and CSF are invasive and not 
widely available. Hence, researchers explore accessible options, with 
EEG showing promise (Rossini et al., 2022). Nevertheless, despite these 
efforts, only a limited number of studies have delved into this promising 
avenue (e.g., biomarking conditions as SCD and MCI (Alexander et al., 
2006; Babiloni et al., 2010; Ganapathi et al., 2022; Che et al., 2024; 
Wang et al., 2024; Xiao et al., 2022), MCI against AD (Paitel et al., 
2021), across CSF (Smailovic et al., 2018) and ApoE ε-4 allele (Cintra 
et al., 2018).

Additionally, in dementia EEG studies, sensory event-related po
tentials are examined (e.g., auditory (Morrison et al., 2018) and visual 
(Harding et al., 1985; Kolev et al., 2002; Karamacoska et al., 2019; Saito 
et al., 2001). Specifically, visual event-related potentials suggest a 
compelling hypothesis about brain alterations in the visual system that 
could help detect early structural changes linked to anomalies in ERPs 
(Chapman and Bragdon, 1964; Armstrong, 2009; Javitt et al., 2023). For 
example, by recording EEG during a visuo-memory task, Waninger et al 
(Waninger et al., 2018) found amplitude suppression of late positive 
potentials (~400 ms) in MCI against healthy subjects over right occipital 
and temporal channels. Other studies enquired early phase of visual 
processing as the encoding of stimulus: Krasodomska et al (Krasodomska 
et al., 2010) found N95 wave dynamics alterations in AD, as other col
leagues in last decays detect visual evoked potential anomalies in de
mentia patients (Pollock et al., 1989; Mangun, 1995). Hence, an 
unresolved critical aspect is how visual alterations manifest across 
various stages of cognitive decline.

Along with the early visual alterations associated with cognitive 
decline, abnormalities of the late post-stimulus ERP components related 
to the quality of decision-making are known. Among the best studied is 
the P300, which is altered in gain or latency in pathological conditions 
such as AD dementia (Hedges et al., 2016; Polich et al., 1986; Braverman 
et al., 2006; van Deursen et al., 2009; Jiang et al., 2015; Parra et al., 
2012), as well as for the P600, which has been observed that its ab
normalities are associated with increased risk of conversion to dementia 
in MCI patients (Olichney et al., 2008; Olichney et al., 2013; Dröge et al., 
2016; Kimiskidis and Papaliagkas, 2012; Gu and Zhang, 2017; Morrison 
et al., 2019; Amariglio et al., 2012).

Following the hypothesis that visual faculties play a key role in 
uncovering electrophysiological abnormalities associated with cognitive 
decline, we conducted an exploratory study using a visual-attentive 
experimental paradigm while recording cortical EEG activity during 
task execution. To this end, we first assessed the behavioral outcomes of 
individuals with SCD and MCI, comparing them with healthy subjects 
(HS). However, behavioral assessments alone may not fully capture the 
neurobiological alterations underlying cognitive decline.

To bridge this gap, biomarker-based ERPs provide a crucial neural 
criterion where cognitive testing alone may fall short. While SCD rep
resents an earlier stage of impairment compared to MCI, it may already 
conceal significant neurobiological alterations that only direct neural 
measurements can reveal (Jessen et al., 2014; Jessen et al., 2020; Valles- 
Salgado et al., 2024; Perrotin et al., 2012; van Harten et al., 2013; 
Hendriksen et al., 2024; Liu et al., 2024; Mazzeo et al., 2024; Hong et al., 
2023; Stern, 2009), that are alterations that could eventually lead to MCI 
or even AD. The discrepancy between neural data and cognitive per
formance can often be attributed to brain resilience (Stern, 2006; Stern 
et al., 2023; Barulli and Stern, 2013; Stern et al., 2003; Argiris et al., 
2024; Argiris et al., 2023; Vockert et al., 2024; Hasanzadeh et al., 2025; 
Katayama et al., 2024), which may obscure or compensate for 

underlying neurodegenerative pathology. In this context, electrophysi
ological markers derived from ERPs serve as invaluable tools for 
detecting latent pathological changes (Balart-Sánchez et al., 2024; Buss 
et al., 2023; Devos et al., 2023; Quinzi et al., 2020; Speer and Soldan, 
2015; Habeck et al., 2003; Mazzeo et al., 2023) and providing a more 
comprehensive understanding of disease progression. These neural 
markers are therefore essential in detecting hidden brain alterations, 
refining our understanding of cognitive decline.

We aimed to establish ERP correlates as biomarkers of underlying AD 
pathology along the cognitive decline continuum. By examining task 
performance as an indicator of cognitive function, we wanted to explore 
how neural recruitment is associated with behavioral outcomes and how 
this modulation varies with disease progression from SCD to MCI.

2. Methods

2.1. Clinical protocol

The clinical protocol of the PREVIEW project (ClinicalTrials.gov
Identifier: NCT05569083) has been published previously (Jessen et al., 
2014). In brief, PREVIEW is a longitudinal study on Subjective Cognitive 
Decline started in October 2020 with the aim to identify features derived 
from easily accessible, cost-effective and non-invasive assessment to 
accurately detect SCD patients who will progress to AD dementia. All 
participants were collected in agree with the Declaration of Helsinki and 
with the ethical standards of the Committee on Human Experimentation 
of Careggi University Hospital (Florence, Italy). The study was approved 
by the local Institutional Review Board (reference 15691oss).

2.2. Participants

We enrolled 178 individuals (117F), including 119 SCD patients 
(85F), 40 MCI patients (24F), and 19 healthy individuals (8F). All par
ticipants underwent thorough family and clinical history evaluations, 
neurological examinations, extensive neuropsychological assessments, 
premorbid intelligence estimation, and depression evaluations.

Patients underwent an extensive neuropsychological examination 
(see specific references in (Jessen et al., 2014), including global mea
surements (MMSE), attention (Trial Making Test A/B and BA, visual 
search), and premorbid intelligence estimation (TIB). Personality traits 
(Big Five Factors Questionnaire − BFFQ), and leisure activities evalua
tion (structured interviewed regarding participation in intellectual, 
sporting and social activities).

The following inclusion criteria were adopted: satisfied criteria for 
SCD (Albert et al., 2011) or MCI (McKhann et al., 2011); Mini Mental 
State Examination (MMSE) score > 24, corrected for age and education; 
normal functioning on the Activities of Daily Living (ADL) and the 
Instrumental Activities of Daily Living (IADL) scales unsatisfied criteria 
for AD diagnosis according to National Institute on Aging-Alzheimer’s 
Association (NIA-AA) criteria (Alcolea et al., 2019). Exclusion criteria 
were history of head injury, current neurological and/or systemic dis
ease, symptoms of psychosis, major depression, substance use disorder; 
complete data loss of patients’ follow-up; use of any medication with 
known effects on EEG oscillations, such as benzodiazepines or antiepi
leptic drugs.

A subset of 58 patients (34 SCD and 24 MCI) underwent CSF 
collection for assessment of Aβ42, Aβ42/Aβ40, total-tau (t-tau) and 
phosphorylated-tau (p-tau). Among these, 31 patients also underwent 
cerebral amyloid-PET. Normal values for CSF biomarkers were: Aβ42 >

670 pg/ml, Aβ42/Aβ40 ratio > 0.062, t-tau < 400 pg/ml and p-tau < 60 
pg/ml (Giacomucci et al., 2021). Methods used CSF collection, 
biomarker analysis, and amyloid-PET acquisition and rating are 
described in further detail elsewhere (Jessen et al., 2014; Jack et al., 
2016). Patients who underwent AD biomarker assessment, were classi
fied as A + if at least one of the amyloid biomarkers (CSF Aβ42, Aβ42/ 
Aβ40 or amyloid PET) indicated the presence of Aβ pathology, and as A- 
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if none of the biomarkers indicated the presence of Aβ pathology. In 
cases where there were conflicting results between CSF and Amyloid 
PET, only the pathological result was considered. Patients were classi
fied as T + or T- based on whether their CSF p-tau concentrations were 
higher or lower than the cut-off value, respectively. Similarly, patients 
were classified as N + or N- depending on whether their t-tau concen
trations were higher or lower than the cut-off value. Using this initial 
classification, we applied the NIA-AA Research Framework (Stikic et al., 
2011) to define the following groups: ATN Negative (46 of 58; 29 SCD of 
34 + 17 MCI of 24): normal AD biomarkers (A-/T-/N-) and ATN Positive 
(12 of 58; 5 SCD + 7 MCI): pathological AD biomarkers (if at least A or T 
or N were+).

2.3. Visuo-attentive task

The visuo-attentive experimental paradigm chosen is the 3-Choice 
Vigilance Test (3-CVT) requires identifying a target shape (upward tri
angle) among two distractor shapes (downward triangle and diamond) 
(Krasodomska et al., 2010). Shapes are shown for 0.2 s with varied 
interstimulus intervals in the 20-minute task. Participants press left for 
targets (70 %) and right for distractors (30 %). Performance is evaluated 
using reaction time, accuracy, and F-Measure, that is a combined metric 
that integrates processing reaction time and accuracy ensuring a 
balanced assessment that prevents misleading interpretations (see 
equations in (Danjou et al., 2019).

2.4. EEG devices

EEG data were collected from eligible subjects at IRCCS Don Gnocchi 
(Florence, Italy) using the 64-channel Galileo-NT system (E.B. Neuro S. 
p.a.). Sensor placement followed the extended 10/20 system (Delorme 
and Makeig, 2004). Signals were recorded unipolarly at 512 Hz. Elec
trode impedances were maintained between 7 and 10 KOhm; if excee
ded, electrodes were readjusted, and affected segments were removed.

2.5. EEG preprocessing and ERP component definition

EEG processing included band-pass filtering (1–45 Hz), noisy chan
nel interpolation, average re-referencing, and artefactual component 
exclusion via ICA (Siems et al., 2016). Trials lasted 1000 ms, with 200 
ms for stimulus presentation and 800 ms for response (participants had 
in average 421.32 trials (std = 77.57)). ERPs were epoch-aligned with 
correct responses to the target stimulus, segmented from 0 to 1000 ms 
with a − 100 ms baseline. Average EEG signals from occipital and central 
channels (FC1, FCz, FC2, C1, Cz, C2) were computed for encoding and 
decision-making analysis, respectively. In the stimulus encoding phase, 
particular interest was shown in the P1, N1 and P2 components, while in 
the decision phase, the components of greatest interest were P300, P600 
and P900. The name of component is based on the sign of the potential 
(e.g., “P” for positive and “N” for negative) and the latency of the peak at 
which they are expected to appear (the case of cognitive components, e. 
g., P300) or the order (the case of sensorial components, e.g., the 1st 
positive is P1).

2.6. Neural features computations

We extracted neural features from defined ERP components, 
including voltage peaks, latencies, and integrals (Simpson method) from 
each channel of occipital and central scalp parcellations. The compu
tation of the integration time window was performed once the peak of 
the components was identified, with the width of the window propor
tional to the extent of the component. The features of these components 
were extracted using a custom-developed algorithm that identifies 
peaks, latencies, and integrals within a predefined time window. We also 
introduced an occipital-seed based functional connectivity metrics with 
the aim to evaluate the amount of similarity between seed channels and 

other channels of the scalp. We chose the time series recorded from 
occipital channels (PO7, PO8, O1, Oz, O2) as the seed and examined 
their relationship with other scalp channels. This approach is justified by 
the nature of our experimental task, which involves visuospatial atten
tion, making it reasonable to investigate scalp-wide covariation relative 
to occipital regions. The similarity measure adopted is the Spearman 
rank-order correlation coefficient (Spearman, 1961; Tan et al., 2016; 
Dukart et al., 2011) computed within encoding (0–200 ms) timeframe. 
We then counted the channels that had correlations with (p < 0.05) and 
(r > 0.90) and computed the percentage relative to the total number of 
channels. This measurement allowed us to assess the extent of extra-seed 
recruitment of channels (the more the channels are similar to the oc
cipital seed, the more they are engaged with the occipital seed, the more 
are the neural sources used during encoding process). A value close to 0 
% indicated that no channel was highly correlated with the occipital 
seed, while a value greater than 0 % indicated the extent of extra-seed 
recruitment.

2.7. Statistical analysis

Non-parametric analysis was employed, with statistics presented as 
mean values and std (where possible). Pair and group analysis were done 
with Kruskal-Wallis H test. Statistical differences in ERP voltage dy
namics were assessed instant-by-instant by computing H statistics on 
voltage values at considered groups: i.e., for each instant t and group g 
we first compute the matrices 

[
vg
]c×n

t , where vg is the set of voltage 
values of a given group g, c × n is the matrix dimension of c (number of 
channels) and n (number of subjects within the group g); then, we sta
tistically compared each group matrix as an empirical distribution of 
voltage values. The multiple comparison correction used for ERP dy
namics was the FDR Benjamini-Hochberg, while for all the other test was 
Bonferroni. Data preprocessing utilized EEGLAB (Siems et al., 2016), 
while postprocessing and visualization were performed using Python 
libraries (numpy, scipy, pandas). To account for the effect of age on 
neural features and task performance, we applied an age correction 
procedure using a linear model (Pukelsheim, 1994). Specifically, we 
employed the Huber Regressor (sklearn.linear_model.HuberRegressor) 
to regress each neural feature against age and subsequently removed the 
age-related variance. Scripts of pre and postprocessing are available at 
https://github.com/albertoarturovergani/PREVIEWTCVT.

2.8. Outliers management

All 178 participants performed the 3-CVT task. Poor behavioural 
performance was not ground for exclusion, as we aimed to reflect the 
variability encountered in real-world applications. Instead, we applied 
an exclusion criterion based on neural features extracted from ERP dy
namics: participants who exceeded the 3-sigma cut-off (Luck et al., 
1994) for at least two neural features were excluded. This led to the 
exclusion of 2 MCI and 4 SCD patients.

2.9. Visual summary

A summary of the results and methodologies implemented can be 
seen in Fig. 1. Cognitive decline followed a monotonically decreasing 
course with age and the speed of the loss of mental faculties depended on 
the presence of a cognitive pathology such as SCD, MCI or severe forms 
of dementia such as AD (Fig. 1A). Task performance also followed a 
monotonically decreasing course in line with the severity of the clinical 
condition (Fig. 1B). Simultaneous recording of the EEG signal during 
task performance (Fig. 1C) captured the dynamics of occipital and 
central ERP components distinct for clinical conditions (Fig. 1D). The 
components distinguished significantly for their dynamics across clin
ical conditions were the occipital P1 and N1 components and the central 
components (P300, P600, P900). Feature extraction from the identified 
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components revealed a non-monotonic trend in their values, showing 
MCIs to have a greater recruitment of neural resources (Fig. 1E).

3. Results

3.1. Participant profiling

The multidimensional profile indicated that individuals with SCD 
and MCI differed significantly on several clinical, psychological and 
behavioural scales (see group statistics in Table 1). Patients with MCI 
had a higher age, lower educational level and lower performance on 
cognitive and visuomotor assessments than subjects with SCD and HS. 
Subjects with SCD demonstrated higher levels of intellectual and social 
activity than those with MCI and were more likely to have a family 
history of Alzheimer’s disease. HS subjects, on the other hand, were only 
examined on a few scales, showed the highest scores on cognitive tests 
(e.g. MMSE), were younger and had the highest levels of education 
compared to both SCD and MCI groups. Overall, the HS subjects showed 
better cognitive functioning and better education levels, highlighting 
their status as a reference or control group in this study.

3.2. Task performance at 3CVT

Despite a trend across behavioural measures followed cognitive 
decline, only accuracy exhibited statistically significant differences 

among the groups. The F-Measure did not show significant differences 
(H = 4.26, p = 0.12; Table 1), and post-hoc analyses confirmed no 
significant pairwise differences among HS vs. SCD (H = 0.401, p =
1.000), SCD vs. MCI (H = 3.320, p = 0.205), and HS vs. MCI (H = 2.929, 
p = 0.261) (Fig. 2A). Similarly, reaction time was not significantly 
different across groups (H = 0.32, p = 0.85; Table 1), with post-hoc 
analyses indicating comparable reaction times among HS vs. SCD (H 
= 0.260, p = 1.000), SCD vs. MCI (H = 1.576e-05, p = 1.000), and HS vs. 
MCI (H = 0.380, p = 1.000) (Fig. 2B). In contrast, accuracy showed a 
significant group effect (H = 6.53, p = 0.04; Table 1). Post-hoc analyses 
revealed that this difference was primarily driven by a significant 
contrast between SCD and MCI (H = 5.921, p = 0.044), with MCI par
ticipants performing significantly worse than those with SCD. However, 
no significant differences were found between HS and SCD (H = 0.059, 
p = 1.000) or HS and MCI (H = 3.572, p = 0.176) (Fig. 2C). These results 
indicate that, although accuracy varied across clinical conditions, some 
MCI patients achieved accuracy levels comparable to HS. This finding 
supports the classification of participants into low and high performance 
groups based on median accuracy. This dichotomous division enables 
further investigation of ERP neural markers in relation to performance 
levels (see Section 3.5).

3.3. Clinical conditions have specific ERP dynamics

The analysis of ERP dynamics revealed condition-specific patterns in 

Fig. 1. Visual abstract. (A) Monotonic decreasing relationship between age and cognitive decline, modulated in its course by the presence of SCD or MCI pathology 
(or eventually AD). Dashed line traces the pathological deviation from healthy path line. (B) Performance on the visuo-attentive task 3-CVT following a monotonic 
decreasing course according to the severity of the pathology. (C) Experimental EEG signal recording setting while participants were performing the 3-CVT task. (D) 
ERP dynamics extracted from occipital and central channels separated by clinical condition, where occipital channels probed the encoding phase of the stimulus, and 
the central channels probed the decision-making phase of the stimulus. (E) Non-monotonic (V-shape) trend of ERP features reflecting increased recruitment of neural 
resources by MCI patients. Dashed line traces the hypothetical monotonic trend which has been altered by the features values.
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the potential amplitudes. In the occipital channels, statistically signifi
cant temporal differences (p < 0.05) were observed between clinical 
conditions (Fig. 3A), particularly for the P1 (54–82 ms; HS > SCD for 
57.14 % of the time, MCI > SCD for 100 %) and N1 (93–195 ms; HS <
MCI for 75.51 % of the time, HS < SCD for 100 % of the time, MCI < SCD 
for 59.18 % of the time) components. Interestingly, the temporal dy
namics of P1 and N1 amplitudes were not monotonically related to 
condition severity. Instead, greater attenuation of P1 and N1 amplitude 
profiles was observed in SCD compared to both MCI and HS. In the 
central channels, significant differences in instantaneous amplitudes 
were identified between clinical conditions (Fig. 3B) for the P300/600/ 
900 components (p < 0.05; >335 ms). These components were generally 
attenuated in patients compared to HS, with HS >MCI for 64.41 % of the 
time, HS > SCD for 90.59 % of the time, and MCI ∕= SCD for 41.47 % of 
the time. Notably, for the P600, MCI demonstrated an amplified gain 
compared to SCD, suggesting distinct dynamics in later cognitive pro
cessing stages across conditions.

The feature extraction (Table 2) process revealed distinct differences 
in ERP dynamics across the three groups. For latency, P2 showed sig
nificant differences between SCD and HS, with HS exhibiting longer 
latencies. Similarly, N1 latency was higher in HS compared to SCD. P900 
latency displayed a significant difference between SCD and MCI, with 
SCD showing higher values. For peak amplitude, N1 and P600 demon
strated strong significance in comparisons involving HS. Specifically, N1 
peak was higher in HS compared to both SCD and MCI. P600 peak was 
significantly higher in HS compared to SCD, with moderate differences 
observed between SCD and MCI. For integral values, several features 
exhibited consistent significance. P2 and N1 integrals were higher in HS 
compared to SCD and MCI. P600 and P900 integrals also displayed 
significant differences, with higher values observed in HS compared to 
SCD and MCI. These results indicated that HS consistently exhibited 
stronger and more pronounced ERP responses across multiple features 
compared to SCD and MCI. Overall, the table highlighted how ERP dy
namics differed among the three groups, with HS showing stronger 
neural responses, particularly for features like N1 and P600. Moreover, 
correlation analysis (S-Fig. 1) of ERP latency versus peak amplitude for 
components across groups showed significant correlations for P1 in all 
groups and for P300 in SCD and MCI. Other components (P2, N1, P600, 
P900) did not exhibit significant correlations, except for a trend in P900 
for MCI.

The results presented in this section concern participants who had 
and had not undergone the CSF examination. However, if only CSF 
patients are considered, distinguishing between SCD and MCI, similar 
temporal trends can be observed, which means that the peak order of 
potential for N1, P300 and P900 is preserved (S-Fig. 2). Subsequent 
analyses will continue to consider all patients.

3.4. ERP features follow a non-monotonic ordering showing attenuation 
for SCD and amplification for MCI

Previous analyses suggested that electrophysiological correlates of 
clinical conditions followed a non-monotonic pattern, where ERP fea
tures did not progress linearly with the severity of cognitive pathology. 
To investigate the contribution of feature types (latency, peak, and in
tegral) to this non-monotonic trend, feature values were normalized 
relative to HS participants and expressed as percentage deviations 
(Fig. 4). The normalized latency (Fig. 4A) showed no significant dif
ferences between groups (HS vs. SCD: H = 3.642, p = 0.169; SCD vs. 
MCI: H = 0.025, p = 1.000; HS vs. MCI: H = 2.602, p = 0.320). This 
indicated that latency remained stable across clinical groups. In 
contrast, the normalized peak (Fig. 4B) displayed significant differences 
between HS and SCD (H = 10.31, p = 0.0039) and HS and MCI (H =
5.846, p = 0.0468), while no significant differences were found between 
SCD and MCI (H = 0.454, p = 1.000). The normalized integral (Fig. 4C) 
exhibited the strongest differences, following a non-monotonic pattern 
(HS > SCD < MCI). Significant differences were observed between HS 
and SCD (H = 25.95, p < 0.0001) and HS and MCI (H = 9.747, p =
0.0053), with a trend between SCD and MCI (H = 5.197, p = 0.0678). 
Overall, SCD showed a greater percentage reduction in integrals 
(− 30.74 %) compared to MCI (–22.37 %) relative to healthy subjects 
(HS), indicating a more pronounced decline in the early stages of 
cognitive impairment (Fig. 4C and Fig. 5A/B/C). These findings high
lighted that while latency remained stable, peak and integral features 
were more sensitive to clinical conditions, with the integral showing the 
strongest non-monotonic trend.

We expanded the aggregated integrals (Fig. 4C) to examine the 
percentage variations in ERP potential across clinical conditions. In the 
comparison between SCD and HS (Fig. 5A), significant reductions were 
observed in the integrals of N1 (− 44.62 %) and P2 (− 30.61 %). These 
results indicate that N1 and P2 represent the primary markers of alter
ation in SCD compared to HS, highlighting marked changes already in 
the early stages of cognitive decline. In the comparison between MCI and 
HS (Fig. 5B), the integrals of N1 (− 34.21 %) and P2 (− 21.29 %) showed 

Table 1 
Demographic, clinical characteristics and task performance of study 
participants.

Class Scale HS (n 
¼ 19)

SCD (n 
¼ 119)

MCI (n 
¼ 40

p(H)

Task F-Measure [a.u.] 0.92 
(0.03)

0.91 
(0.04)

0.90 
(0.05)

0.12 
(4.26)

Task Accuracy [%] 93.59 
(3.23)

92.96 
(4.70)

90.01 
(7.28)

*0.04 
(6.53)

Task Reaction time [s] 0.47 
(0.08)

0.48 
(0.08)

0.48 
(0.09)

0.85 
(0.32)

Clinical MMSE [a.u.] 29.15 
(1.09)

27.51 
(2.14)

26.39 
(2.40)

**0.00 
(18.73)

Clinical Education [years] 14.95 
(3.32)

13.41 
(3.65)

10.32 
(3.88)

***0.00 
(23.73)

Clinical Age [years] 62.53 
(5.08)

65.40 
(9.23)

72.75 
(8.37)

***0.00 
(23.79)

Clinical TIB [a.u] − (− ) 113.33 
(3.60)

110.62 
(6.38)

0.56 
(4.66)

Clinical Age at onset 
[years]

− (− ) 56.98 
(9.03)

63.30 
(10.06)

**0.01 
(12.85)

Clinical Family history of 
AD [count]

− (− ) 74 (− ) 25 (− ) 0.11 
(12.85)

Visuo- 
attentive

Trail Making Test 
B-A [a.u.]

− (− ) 33.35 
(35.47)

115.21 
(177.39)

*0.02 
(10.69)

Visuo- 
attentive

Trail Making Test 
A [a.u.]

− (− ) 29.62 
(14.37)

40.48 
(39.89)

1.00 
(2.67)

Visuo- 
attentive

Trail Making Test 
A [a.u.]

− (− ) 63.08 
(43.91)

155.72 
(190.79)

*0.02 
(10.37)

Visuo- 
attentive

Attentive 
matrices [a.u.]

− (− ) 51.00 
(6.45)

47.81 
(7.93)

0.16 
(6.85)

Leasure time Intellectual 
activity [a.u.]

− (− ) 18.87 
(3.38)

16.99 
(5.32)

0.19 
(6.51)

Leasure time Social activity [a. 
u.]

− (− ) 9.04 
(2.80)

8.08 
(2.69)

0.86 
(3.92)

Leasure time Sport activity [a. 
u.]

− (− ) 6.53 
(2.48)

6.03 
(2.27)

1.00 
(0.54)

Psychological Extraversion [a. 
u.]

− (− ) 45.76 
(5.51)

44.38 
(5.97)

0.94 
(3.78)

Psychological Agreableness [a. 
u.]

− (− ) 50.83 
(7.59)

48.40 
(6.38)

0.06 
(8.63)

Psychological Coscientiousness 
[a.u.]

− (− ) 49.89 
(7.67)

49.00 
(7.01)

1.00 
(0.44)

Psychological Emotive stability 
[a.u.]

− (− ) 50.20 
(7.08)

49.25 
(6.91)

1.00 
(2.01)

Psychological Openness of mind 
[a.u.]

− (− ) 46.11 
(6.25)

42.73 
(6.07)

0.09 
(7.95)

Note. The table is organized into scales divided by category: clinical, leisure 
time, psychological (Big Five), visual-attentive, and task performance. The 
values represent the mean and standard deviation (SD) for each scale across 
three groups: Subjective Cognitive Decline (SCD, N = 119), Mild Cognitive 
Impairment (MCI, N = 40), and Healthy Subjects (HS, N = 19). Pairwise com
parisons use the Kruskal-Wallis test, with p-values (p(H)) associated with the H- 
statistic. Significant p-values are marked with asterisks: * (p < 0.05), ** (p <
0.01), *** (p < 0.001), **** (p < 0.0001).
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significant deviations, although less pronounced than those observed in 
SCD. These findings suggest that while MCI subjects still exhibit relevant 
reductions compared to HS, the magnitude of change is more contained, 
consistent with a possible stabilization of some ERP metrics in the later 
stages. In the comparison between SCD and MCI (Fig. 5C), the differ
ences were less evident. Significant deviations were found only in the P2 
integral (− 11.84 %), while the N1 integral (− 15.82 %) showed smaller 
and non-significant variations. This result highlights that P2 represents 
the most sensitive integral in distinguishing SCD from MCI, capturing 
subtle differences between these two stages of cognitive decline. These 
analyses indicate that the integrals of N1 and P2 are the most consistent 
markers of cognitive decline, with significant deviations observed in 
both SCD and MCI compared to HS, and a greater sensitivity of P2 in 
differentiating between SCD and MCI.

3.5. SCD performance is modulated by distinct ERP dynamics in decision- 
making phases

After identifying electrophysiological correlates associated with the 
clinical conditions, we investigated the ERP correlates of task perfor
mance. In healthy subjects, significant differences were observed in the 
early time window (0–350 ms) within the N1 component (~80–120 ms), 
where the low-performance group exhibited a more pronounced nega
tive deflection compared to the high-performance group (S-Fig. 3A). 
While no significant differences were detected in the P1 (~50 ms) or P2 
(~150 ms) components, slight trends suggested potential performance- 
related variations. In the late time window (300–1000 ms), significant 
differences were identified in the P300 component (~350–450 ms), with 
the low-performance group showing a higher positive amplitude 
compared to the high-performance group (S-Fig. 3B). No significant 
differences were found for the P600 (~500–700 ms) or P900 
(~800–1000 ms), though the low-performance group exhibited a ten
dency toward slightly higher amplitudes in these later components. 
These findings suggest that early attentional processing, as indicated by 
the N1 component (~80–120 ms), and late cognitive evaluation, as re
flected in the P300 component (~350–450 ms), are key factors associ
ated with differences in task performance among HS.

In SCD, ERP dynamics revealed significant differences between high 

and low performance groups during specific time windows. In the early 
phase (0–350 ms), significant differences were observed in the N1 
component (~80–120 ms), where the low-performance group displayed 
a larger negative deflection compared to the high-performance group 
(Fig. 6 A). P1 (~50 ms) and P2 (~150 ms) did not show significant 
differences, though slight trends were evident. In the late phase 
(300–1000 ms), significant differences were found in the P300 compo
nent (~350–450 ms), with the high-performance group exhibiting a 
higher positive amplitude relative to the low-performance group (Fig. 6
B). No significant differences were detected for the P600 (~500–700 ms) 
or P900 (~800–1000 ms), though the high-performance group demon
strated a tendency for slightly higher amplitudes in these components. 
These results suggest that in SCD, early attentional processing, as re
flected by the N1 component, and late cognitive evaluation, as indicated 
by the P300 component, are associated with differences in task perfor
mance. The absence of significant changes in later components such as 
P600 and P900 may indicate that these features are less sensitive to 
performance differences in SCD participants.

In MCI, ERP dynamics revealed no significant differences between 
high and low performance groups across early or late components. In the 
early time window (0–350 ms), components such as P1 (~50 ms), N1 
(~80–120 ms), and P2 (~150 ms) showed similar waveforms across 
groups, with no statistically significant differences detected (Fig. 7A). 
Although slight trends were visible in the N1 component, these did not 
reach significance. In the late time window (300–1000 ms), components 
P300 (~350–450 ms), P600 (~500–700 ms), and P900 (~800–1000 
ms) similarly exhibited no significant differences between the two 
groups (Fig. 7B). Both high and low performance groups demonstrated 
comparable ERP amplitudes, with overlapping confidence intervals 
throughout these later time periods. These findings suggest that in MCI, 
ERP dynamics across both early attentional processing and late cogni
tive evaluation components are less sensitive to performance differ
ences. This may reflect a generalized reduction in neural reactivity or 
compensatory mechanisms that diminish group-level distinctions in task 
performance.

Features extraction of ERP in clinical conditions in relation to per
formance reveals distinct patterns between SCD and MCI (statistics re
ported in Table 3 for SCD and Table 4 for MCI). The analysis of ERP 

Fig. 2. Behavioural outcomes across conditions. (A) F-measure [a.u.]. (B) Reaction time [s]. (C) Accuracy [%]. To the right of (C) is the Cumulative Density Function 
of Accuracy dichotomised into ’low’ and ’high’ levels with reference to the median of the aggregated conditions. Pairwise statistics based on Kruskal-Wallis H test 
with p-value corrected by Bonferroni’s method (alpha = 0.05). P-value annotation legend: ns: 0.05 < p <= 1, *: 0.01 < p <= 0.05, **: 0.001 < p <= 0.01, ***: 
0.0001 < p <= 0.001. Colour code: HS (blue), SCD (orange), MCI (red), Low-performance subjects (green) and High-performance subjects (cyan). (For interpretation 
of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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features in SCD showed significant differences in latency and peak 
amplitude between Low and High performance groups, while the inte
gral measures showed no substantial differences. High performers had 
significantly shorter latencies for the P1 component (63.66 ms vs. 69.29 
ms, p = 0.001) and the N1 component (93.17 ms vs. 102.45 ms, p =
0.004), reflecting faster early sensory processing and attention alloca
tion. Significant differences in peak amplitude were observed for the 
P300 (3.49 μV vs. 3.16 μV, p = 0.0011) and P600 (1.52 μV vs. 1.27 μV, p 
= 0.0061) components, suggesting enhanced cognitive processing and 
memory integration in High performers. The integral measures did not 
differ significantly, indicating that the total neural response energy re
mains stable across groups. These findings highlight performance- 
related differences in both early sensory (P1, N1) and later cognitive 
(P300, P600) processing stages in SCD. In contrast, the analysis of MCI 
revealed no statistically significant differences in ERP latency, peak 
amplitude, or integral across all components (as shown in Fig. 7). For 
latency, the P1 component was slightly shorter in the High group (64.38 
ms vs. 66.45 ms, p = 0.1184), but the difference was not significant. 
Similarly, no significant differences were observed for the P2, N1, P300, 
P600, or P900 components. Peak amplitude and integral measures also 
showed no significant group differences. For instance, the P300 peak 

amplitude (2.99 μV vs. 3.09 μV, p = 0.5956) and the P1 integral (124.23 
μV⋅ms vs. 139.96 μV⋅ms, p = 0.0859) were comparable across groups. In 
conclusion, SCD demonstrated clear performance-related differences in 
ERP features, whereas MCI exhibited more homogenous patterns.

3.6. ATN classification is associated with a specific ERP dynamic in SCD 
and MCI patients

After studying the ERP dynamics between clinical conditions and 
performance levels, we investigated the correlates of ATN classification. 
Our results showed that, aggregating SCD and MCI patients undergoing 
CSF examination (N = 58), no significant differences were observed 
between positive and negative ATN status along the temporal dynamics 
of encoding in occipital channels and decision-making in central chan
nels (S-Fig. 4). However, when stratifying the ATN classification ac
cording to clinical condition, significant results emerged for both 
patients with SCD (N = 34) and MCI (N = 24). In SCDs (S-Fig. 5) a 
significant time window was found corresponding to N1 (Wang et al., 
2024; Fabbrizzi et al., 2025; Sperling et al., 2011; Koenig et al., 2002; 
Lassi et al., 2023; Mielke, 2018; Mazure and Swendsen, 2016; Sunder
mann et al., 2019; Doan et al., 2021; Zhang et al., 2023; Kim et al., 2021; 
Rutkowski et al., 2023; Chedid et al., 2022; Ieracitano et al., 2020; Jae 
et al., 2023; Sibilano et al., 2024; Sibilano et al., 2023; Young et al., 
2018; Arenaza-Urquijo et al., 2024; Frisoni et al., 2024; Sabri et al., 
2015; Buerger et al., 2006), which represented an anticipatory time 
offset in case of a positive ATN. Stratifying the ATN by MCI condition 
(see S-Fig. 6), no significant differences were observed within the 
encoding window. However, differences were noted during the decision 
phase, in the attenuation of the amplitude peaks of P600 (476–591 ms) 
and P900 (750–945 ms, and spots over > 986 ms) in the case of ATN 
positive MCI.

3.7. Encoding FC reflects the non-monotonic ordering of ERP features

The analysis of encoding FC (%) reveals differences across conditions 
(HS, SCD, and MCI) but not related to performance levels (Fig. 8 A). In 
SCD, no significant differences were observed between Low and High 
performance groups (p = 1.000). Similarly, within MCI, Low and High 
groups also showed no significant differences in encoding FC (p =
1.000). However, a significant difference was observed between SCD 
and MCI (p = 0.039), suggesting changes in encoding FC related to 
disease progression, while HS vs. SCD approached significance (p =
0.059). For the ATN profiles (Fig. 8 B), comparisons within SCD 
(Negative vs. Positive) and MCI (Negative vs. Positive) yielded no sig
nificant differences (p = 1.000), indicating encoding FC does not appear 
to differentiate these groups. Overall, while performance-related dif
ferences were not significant within groups, the transition from SCD to 
MCI showed a meaningful drop in encoding FC, potentially reflecting 
underlying neural compensation or degeneration.

4. Discussion

Electrophysiological markers offer a unique window into cognitive 
decline, capturing neural dynamics that behavioral and clinical assess
ments alone cannot fully reveal. Unlike standard neuropsychological 
measures, ERPs provide real-time insights into sensory and cognitive 
processing, offering potential biomarkers for early classification and 
disease progression tracking. This study investigated clinical, behav
ioral, and neural measures in a cohort of 178 individuals (119 SCD, 40 
MCI, 19 HS) during a sustained attention task to examine cognitive 
decline. MCI patients exhibited lower MMSE scores, and fewer years of 
education compared to SCD and HS, reinforcing the association between 
cognitive decline and clinical impairment. Accuracy was significantly 
lower in MCI patients compared to HS and SCD, while reaction time 
remained comparable across groups, suggesting that accuracy may serve 
as a more sensitive indicator of cognitive impairment than processing 

Fig. 3. ERP dynamics across conditions. (A). ERP computed as average of 
signals in the cluster of occipital channels (PO7, PO8, O1, Oz, O2) represen
tative of the encoding phase of the stimulus. (B) ERP computed as average of 
signals in the cluster of central channels (FC1, FCz, FC2, C1, Cz, C2) repre
sentative of the decision-making phase regarding the stimulus. Both panels (A) 
and (B): Bold representation is the overall mean within each group and shading 
is the standard deviation. The measures on top are the instantaneous H-statistic 
of the Kruskal-Wallis test and the associated p-value corrected by Bonferroni’s 
method (alpha < 0.05). Temporal instants associated with a p < 0.05 are 
highlighted with a vertical violet bar. P1/N1/P2 and P300/600/900 labels 
stand for the name of the event-related potentials relative to the encoding phase 
and decision-making phase, respectively. Colour code: HS (blue), SCD (orange), 
MCI (red). (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.)
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speed. SCD patients, compared to HS, displayed attenuated sensory (P1, 
N1, P2) and cognitive (P300, P600, P900) components, although 
cognitive components exhibited performance-related gains. In contrast, 
MCI patients did not exhibit further attenuation but rather demonstrated 
compensatory enhancements, counteracting the decline observed in 
SCD. This non-monotonic pattern of ERP alterations suggests the 
engagement of adaptive neural mechanisms in MCI, potentially 
reflecting shifts in cognitive resource allocation.

4.1. Visuo-attentive impairment along the cognitive decline

These findings support the hypothesis that visual sensory abnor
malities characterize SCD and MCI patients to varying degrees 

(Amariglio et al., 2012). For example, occipital P1 and N1 potentials are 
thought to represent aspects of visual-attentive processes, including 
their cost (P1) and benefit (N1) (Luck et al., 1990; Mangun and Hillyard, 
1991; Clark et al., 1994). Open hypotheses suggest that P1 and N1 may 
not solely originate from the primary visual cortex, with N1 potentially 
linked to occipital-parietal/temporal/frontal generators (Woldorff et al., 
1997), whereas P1 from extra V1 regions (V2,V3, dorsal V4) (Di Russo 
et al., 2002; Di Russo and Spinelli, 1999). Therefore, the recorded ab
normalities in early visual components between SCD and MCI may 
indicate a broader impairment of the early attentional mechanism in 
visual processing (Golob et al., 2002). Moreover, P2 is associated with 
attention allocation and feature detection. In AD, P2 has been observed 
with significantly longer latencies and smaller slow wave amplitudes 

Table 2 
ERP features (latency, peak, integral) extracted from ERP dynamics across group conditions.

Type ERP SCD (N ¼ 115) MCI (N ¼ 38) HS (N ¼ 19) SCD vs MCI p(H) SCD vs HS p(H) MCI vs HS p(H)

Lat P1 66.25 (22.04) 65.69 (15.01) 63.04 (16.79) 0.3535 (2.45) 0.099 (4.55) 1 (0.85)
Lat P2 156.54 (30.04) 157.37 (30.62) 172.48 (30.75) 1 (0.21) **** 0.0 (21.8) *** 0.0003 (15.28)
Lat N1 97.44 (37.53) 101.47 (26.68) 103.9 (17.32) 1 (0.74) * 0.0239 (7.04) 0.2815 (2.81)
Lat P300 351.34 (59.27) 356.34 (64.74) 362.26 (60.32) 0.5064 (1.89) 0.2675 (2.89) 1 (0.28)
Lat P600 531.65 (96.4) 528.42 (93.78) 528.88 (92.01) 1 (0.12) 1 (0.04) 1 (0.0)
Lat P900 934.81 (70.23) 917.93 (72.08) 927.79 (70.03) ** 0.004 (10.29) 0.8817 (1.1) 0.7358 (1.35)
Peak P1 2.75 (2.31) 2.93 (1.75) 2.93 (2.23) * 0.027 (6.82) 1 (0.74) 1 (0.79)
Peak P2 5.87 (2.47) 6.14 (3.1) 5.43 (2.56) 1 (0.79) 0.4935 (1.93) 0.2674 (2.89)
Peak N1 − 0.25 (3.31) − 0.45 (2.51) − 3.46 (4.22) 0.164 (3.69) **** 0.0 (50.78) **** 0.0 (32.72)
Peak P300 3.34 (1.56) 3.06 (1.57) 3.43 (1.66) 0.0839 (4.83) 1 (0.81) 0.0754 (5.01)
Peak P600 1.4 (1.21) 1.58 (1.28) 1.8 (1.03) * 0.0369 (6.27) *** 0.0005 (14.37) 0.4182 (2.18)
Peak P900 0.41 (1.03) 0.46 (1.01) 0.96 (1.1) 1 (0.57) **** 0.0 (25.05) *** 0.0005 (14.14)
Int P1 132.7 (113.46) 134.16 (85.09) 162.18 (124.01) 0.5307 (1.82) 0.0863 (4.78) 0.5897 (1.67)
Int P2 568.9 (337.54) 645.3 (322.53) 819.81 (420.93) * 0.0136 (8.06) **** 0.0 (33.18) ** 0.002 (11.55)
Int N1 207.96 (213.91) 247.04 (198.54) 375.49 (246.17) * 0.0358 (6.32) **** 0.0 (37.1) *** 0.0001 (16.83)
Int P300 349.58 (196.78) 356.94 (189.35) 401.84 (197.36) 1 (0.55) * 0.0164 (7.72) 0.1164 (4.27)
Int P600 217.32 (185.72) 244.44 (183.75) 281.13 (183.48) 0.0877 (4.75) *** 0.0008 (13.22) 0.2689 (2.88)
Int P900 48.74 (143.62) 68.53 (144.07) 109.17 (153.84) 0.1293 (4.09) *** 0.0001 (17.1) 0.06 (5.41)

Note. The table presents the mean and standard deviation (SD) for various Event-Related Potential (ERP) components measured in latency (Lat [ms]), peak amplitude 
(Peak [µV]), and integral amplitude (Int [µV × mS]) across three groups: Subjective Cognitive Decline (SCD, N = 115), Mild Cognitive Impairment (MCI, N = 38), and 
Healthy Subjects (HS, N = 19). Pairwise comparisons between groups (SCD vs. MCI, SCD vs. HS, MCI vs. HS) are shown with p-values (p(H)) from the Kruskal-Wallis 
test. Features correlations with age are indicated by p-values (p(r)) from the Spearman correlation test. Significant p-values are marked with asterisks: * (p < 0.05), ** 
(p < 0.01), *** (p < 0.001), **** (p < 0.0001).

Fig. 4. Aggregated feature types normalized by HS values. The feature types (latency, peak, integral) aggregated the potentials (P1/N1/P2/P300/P600/P900) and 
are normalized by HS mean (0 % variations means the values are closed to HS average value; if % is > 0/<0 means positive/negative percentage deviation from HS 
mean). Each panel showed bar and line plots to highlight mono/non-monotonic trend. (A) ERP latency. (B) ERP peak. (C) ERP integral. Pairwise statistics based on 
Kruskal H test with p-value corrected by Bonferroni’s method (alpha = 0.05). P-value annotation legend: ns: 0.05 < p <= 1, *: 0.01 < p <= 0.05, **: 0.001 < p <=

0.01, ***: 0.0001 < p <= 0.001. Colour code: SCD (orange), MCI (red). (For interpretation of the references to colour in this figure legend, the reader is referred to 
the web version of this article.)
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(Golob et al., 2009; Oakley et al., 2025). A recent study (Gouvea et al., 
2010), instead, found that P2 amplitudes significantly increased in MCI 
patients compared to non-MCI individuals, while the P300 amplitude 
was reduced, as expected. Additionally, the P2-to-P300 ratio was 
elevated in MCI patients, even in cases where P300 remained strong. 
This trend persisted in case studies tracking patients from early to later 
disease stages. These findings suggest that P2 alterations may serve as an 
early marker of MCI, especially in situations where P300 remains rela
tively preserved.

In our study, beyond sensorial components, we addressed cognitive 
ERPs as P300, P600 and P900, probed in central channels. P300 is a 
well-established ERP linked to the quality of decision making (Hedges 
et al., 2016; Polich et al., 1986; Braverman et al., 2006), while P600 e 
P900 are less explored components. The P600 is a late positive ERP that 
plays a key role in language comprehension and cognitive processing. 
Initially identified in response to syntactic anomalies, the P600 is often 
observed when readers or listeners encounter grammatical errors or 
com-plex sentence structures (Leckey and Federmeier, 2020). However, 
some researchers argue that it is not solely tied to syntactic reanalysis 
but may reflect broader re-evaluative and integrative cognitive pro
cesses (Sassenhagen et al., 2014). The P600-as-P3 hypothesis (Xia et al., 
2024) suggests that this component shares characteristics with the P3b, 

indicating its role in attentional reallocation when unexpected linguistic 
inputs are encountered. Moreover, research has linked P600 abnor
malities to neurodegenerative conditions and, in particular with MCI or 
preclinical AD found that P600 responses is altered (Olichney et al., 
2008; Olichney et al., 2013), indicating its potential as an early 
biomarker for dementia risk. The P900 is a later ERP component that has 
been observed in various cognitive tasks. It is linked to semantic pro
cessing and neural compensation mechanisms, particularly in memory- 
related tasks in early AD (Rosenfeld and Labkovsky, 2010). Additionally, 
studies have identified P900 as a marker of countermeasure use in 
deception detection paradigms such as the P300-based Concealed In
formation Test (CIT) (Meixner et al., 2013; Hull and Harsh, 2001) and 
sleep-related cognitive states (Anderer et al., 2003).

Patients demonstrated cognitive decline in task performance, with 
the analysis of the P300 and P600 components revealing differences 
across clinical groups. In SCD, individuals with High performance 
showed enhanced P300 and P600 amplitudes compared to the Low 
performance group, indicating greater cognitive activation during 
decision-making and information integration. However, even in the Low 
performance group, these components were attenuated compared to HS 
controls, suggesting alterations in early cognitive processing mecha
nisms. In MCI, both P300 and P600 amplitudes were generally 

Fig. 5. Radar plots of normalized integral features. The graphs show the percentage deviations of each ERP integral feature from the HS case of the SCD (A) and MCI 
(B) conditions, and the percentage deviation of SCD from MCI (C). The hexagonal box on each radar plot represents the percentage limit of 0 % (HS for A-B and MCI 
for C), the positive or negative deviations of which show the variations from that reference. The numbers on the corner points of the polygon indicate the deviation in 
percentage terms for each integral characteristic. The legend shows the average of the percentage changes of the integrals (indicated by ). The pairwise statistic 
based on the Kruskal H test with p-value corrected by Bonferroni’s method (alpha = 0.05) is close to each percentage pair. Annotation legend P-value: ns: 0.01 < p 
<= 1, ~: 0.05 < p < 0.1, *: 0.01 < p <= 0.05, **: 0.001 < p <= 0.01, ***: 0.0001 < p <= 0.001. Colour code: HS (blue), SCD (orange), MCI (red). (For inter
pretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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attenuated compared to HS controls, but there was a greater amplifi
cation of P600 compared to SCD individuals, indicating potential 
compensatory mechanisms in response to cognitive deficits. No signifi
cant differences were observed between the High and Low performance 
groups within the MCI group, suggesting that disease progression may 
have a more uniform impact on information processing at this stage. 
Overall, the analysis of P300 and P600 reveals that in SCD, enhanced 
cognitive processing is associated with better performance, while in 
MCI, there is a more generalized attenuation, with some partial 
compensation in the P600 component. The relationship between P300 
and P600 suggests that information processing is more compromised in 
MCI, though there are still signs of preserved cognitive activity in certain 
individuals. In fact, similar dynamics, but in the case of late positive 
potential (LPP) was found by Waninger et al which detected perfor
mance correlations with LPP recorded on parietal channels, but during a 
working load visual memory test that is the Standardized Image 
Recognition test (SIR) (Chapman and Bragdon, 1964). In general, across 
patients, P300, P600 and P900 were observed in our study to be atten
uated in gain or latencies in the case of patients compared to HS. This 
results are in line with previous observations of P300 dynamics in 
relation to cognitive decline (Hedges et al., 2016; Polich et al., 1986; 

Braverman et al., 2006), or, regarding P600, which has been observed 
that its abnormalities are associated with increased risk of conversion to 
dementia in MCI patients (Olichney et al., 2008; Olichney et al., 2013; 
Dröge et al., 2016).

The reduction in P300 amplitudes associated with cognitive decline 
has been topographically linked to sources mainly in the medial frontal 
cortex, right dorsolateral prefrontal cortex, right inferior parietal lobe 
(Mulert et al., 2004), and in general in a non-pathological condition at 
the temporo-parietal junction (TPJ), supplementary motor cortex 
(SMA), anterior cingulate cortex (ACC), superior temporal gyrus (STG), 
insula, and dorsolateral prefrontal cortex (Theofilas et al., 2017). Since 
these anatomically highly interconnected brain regions are part of a 
network associated with sustained attention, explain why P300 gain is 
reduced in the case of the most severe cognitive pathology. Interestingly, 
the P300 is the only component that appears to show monotony with the 
clinical condition, i.e. its attenuation follows the severity of the clinical 
condition. On the other hand, modulation of P600 appears to be asso
ciated with cognitive alterations of a linguistic nature (Leckey and 
Federmeier, 2020; Sassenhagen et al., 2014), and the generating sources 
may also involve the basal ganglia (Quinzi et al., 2020; Speer and Sol
dan, 2015). Although most studies on P600 are linguistic, it appears to 

Fig. 6. ERP dynamics across performance in SCD. (A). ERP computed in the 
cluster of occipital channels (PO7, PO8, O1, Oz, O2) representative of the 
encoding phase of the stimulus. (B) ERP computed in cluster of central channels 
(FC1, FCz, FC2, C1, Cz, C2) representative of the decision-making phase 
regarding the stimulus. Both panels (A) and (B): Bold representation is the 
overall mean within each group and shading is the standard deviation. The 
measures on top are the instantaneous H-statistic of the Kruskal-Wallis test and 
the associated p-value corrected by Bonferroni’s method (alpha < 0.05). 
Temporal instants associated with a p < 0.05 are highlighted with a vertical 
violet bar. P1/N1/P2 and P300/600/900 labels stand for the name of the event- 
related potentials relative to the encoding phase and decision-making phase 
respectively. Colour code: low performance subjects (green), high performance 
subjects (cyan). (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)

Fig. 7. ERP dynamics across performance in MCI. (A). ERP computed in the 
cluster of occipital channels (PO7, PO8, O1, Oz, O2) representative of the 
encoding phase of the stimulus. (B) ERP computed in cluster of central channels 
(FC1, FCz, FC2, C1, Cz, C2) representative of the decision-making phase 
regarding the stimulus. Both panels (A) and (B): Bold representation is the 
overall mean within each group and shading is the standard deviation. The 
measures on top are the instantaneous H-statistic of the Kruskal-Wallis test and 
the associated p-value corrected by Bonferroni’s method (alpha < 0.05). 
Temporal instants associated with a p < 0.05 are highlighted with a vertical 
violet bar. P1/N1/P2 and P300/600/900 labels stand for the name of the event- 
related potentials relative to the encoding phase and decision-making phase 
respectively. Colour code: low performance subjects (green), high performance 
subjects (cyan). (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)
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be related to the systemic release of norepinephrine by the locus 
coeruleus (Xia et al., 2024), which influences the quality of decision 
making, memory, and attention (Tomlinson et al., 1981), the cells of 
which are known to be profoundly reduced in the case of AD (Tomlinson 
et al., 1981; Mather and Harley, 2016; Matchett et al., 2021; Bartus 
et al., 1982; Betts et al., 2019; Cabeza et al., 2002).

4.2. Cognitive reserve, encoding FC and non-monotonic ERP trend

Cognitive reserve (CR) is recognized for its role in influencing 
cognitive decline, potentially shielding against dementia symptoms 
despite existing brain alterations (Stern, 2006). SCD patients exhibited 
higher proxy scores of CR compared to MCI patients, as evidenced by 
measures of leisure activities and clinical scales. This suggests a poten
tially greater capacity for brain resilience in supporting cognitive 
functions among SCD patients. The CR is related to the concept of brain 
efficiency (Stern et al., 2003; Cabeza et al., 2018; Gu et al., 2018), i.e., 
lower utilization of cortical activity for getting performance, in fact its 
contrary − neural inefficiency − has been associated with low CR 
(Habeck et al., 2003; Gajewski et al., 2020). The overuse of neural re
sources during the performance of a task is known to increase in relation 
to age, particularly the extra-engagement of prefrontal cortex, and 
modulated by factors influencing CR such as IQ (Berchicci et al., 2012) 
and sport practice (Berchicci et al., 2013; Ramchandran et al., 2019).

In our study, we observed that MCI patients exhibited higher 
Encoding FC compared to SCD patients, suggesting a higher utilization 
of cognitive resources to perform the task. Additionally, the non- 
monotonicity of the observed features aligns with the general amplifi
cation of scalp activity in MCI patients compared to SCD patients, which 
may also reflect deficits in brain efficiency. Our results are in line with 
studies showing brain efficiency in terms of adaptive control of neural 
resource consumption (Lipp et al., 2012; Fischer et al., 2021), in 
particular in AD and related conditions (Stern et al., 2023; Mevel et al., 
2011; Fischer et al., 2023).

Hence, the non-monotonic ordering of features could be explained by 
the brain inefficiency that some patients have, particularly MCI patients 
who showed the greatest extra-occipital recruitment. In this sense, 
modelling neural inefficiency could add causal contributions with 
respect to cognitive reserve and the underlying biophysical factors 
(Lavanga et al., 2023). A cause-effect paradigm as a modelling frame
work (Amato et al., 2024; Monteverdi et al., 2022; Monteverdi et al., 
2023; Wang et al., 2024; Fabbrizzi et al., 2025; Sperling et al., 2011) of 
pathological AD-type neural degeneration could explain the mecha
nisms underlying the observed non-monotonicity in scalp potentials, 
and thus explaining why the electrophysiological correlate does not 
follow a monotonic change in line with the continuous gradient of 
cognitive decline (Fig. 1 in (Koenig et al., 2002).

Of note, SCD patients, showing less scalp similarity with the occipital 
seed compared to other channels, reflected a reduced dipole effect on the 
scalp, whereas HS and MCIs exhibited a dipole topography character
ized by occipital negativity and frontal positivity when using higher 
neural resources. This occipito-frontal dipole pattern alterations re
sembles EEG microstate classes C and D (Lassi et al., 2023), which have 
been associated with AD and non-AD conditions in recent research 
(Mielke, 2018).

4.3. Strengths and weakness

Strengths include large sample size, multimodal data (EEG and pa
tient descriptors), and inclusion of CSF markers in a subset. Weaknesses: 
limited robustness of CSF markers’ statistical significance, low healthy 
subject number (focused on SCD vs. MCI), monocentric study without 
follow-ups (ongoing in PREVIEW study). Biological sex was not included 
as a factor modulating the results in this analysis. However, the sample 
reflects the typical sex distribution observed in dementia onset. Specif
ically, in our cohort of 178 individuals, 65.73 % were female and 34.27 
% were male. Among the 119 patients with SCD, 71.43 % were female 
and 28.57 % were male; among the 40 MCI patients, 60.0 % were female 
and 40.0 % were male. These proportions are consistent with epidemi
ological data indicating a higher prevalence of dementia in women. 
Studies have shown that women account for approximately two-thirds of 
Alzheimer’s disease cases (Mazure and Swendsen, 2016; Sundermann 
et al., 2019), likely due to a combination of biological, genetic, and 

Table 3 
ERP features (latency, peak, integral) extracted from ERP dynamics across task 
performance in SCD.

Type ERP Low (N ¼ 53) High (N ¼ 62) Low vs High p(H)

Lat P1 69.29 (19.81) 63.66 (23.47) *** 0.001 (10.86)
Lat P2 157.79 (27.26) 155.47 (32.2) 0.307 (1.04)
Lat N1 102.45 (41.84) 93.17 (32.8) ** 0.004 (8.29)
Lat P300 352.76 (61.07) 350.12 (57.66) 0.5142 (0.43)
Lat P600 532.72 (99.24) 530.74 (93.89) 0.9603 (0.0)
Lat P900 939.07 (68.12) 931.17 (71.78) 0.1223 (2.39)
Peak P1 2.77 (2.24) 2.72 (2.37) 0.7143 (0.13)
Peak P2 5.67 (2.42) 6.04 (2.5) 0.1635 (1.94)
Peak N1 − 0.01 (3.0) − 0.46 (3.53) 0.2877 (1.13)
Peak P300 3.16 (1.72) 3.49 (1.39) ** 0.0011 (10.63)
Peak P600 1.27 (1.23) 1.52 (1.18) ** 0.0061 (7.53)
Peak P900 0.41 (1.0) 0.41 (1.05) 0.5175 (0.42)
Int P1 129.24 (104.58) 135.65 (120.46) 0.7791 (0.08)
Int P2 564.6 (320.49) 572.58 (351.42) 0.9342 (0.01)
Int N1 206.09 (208.13) 209.55 (218.71) 0.8807 (0.02)
Int P300 343.06 (210.29) 355.15 (184.26) 0.1227 (2.38)
Int P600 203.63 (169.7) 229.01 (197.65) 0.0929 (2.82)
Int P900 46.98 (141.08) 50.25 (145.74) 0.452 (0.57)

Note. The table presents the mean and standard deviation (SD) for various 
Event-Related Potential (ERP) components measured in latency (Lat [ms]), peak 
amplitude (Peak [µV]), and integral amplitude (Int [µV × mS]) across two SCD 
groups: low performance (N = 59) and high performance (N = 55). Pairwise 
comparisons between groups are shown with p-values (p(H)) from the Kruskal- 
Wallis test. Features correlations with age are indicated by p-values (p(r)) from 
the Spearman correlation test. Significant p-values are marked with asterisks: * 
(p < 0.05), ** (p < 0.01), *** (p < 0.001), **** (p < 0.0001).

Table 4 
ERP features (latency, peak, integral) extracted from ERP dynamics across task 
performance in MCI.

Type ERP High (N ¼ 14) Low (N ¼ 24) High vs Low p(H)

Lat P1 64.38 (15.16) 66.45 (14.86) 0.1184 (2.44)
Lat P2 155.65 (30.13) 158.36 (30.86) 0.5938 (0.28)
Lat N1 104.71 (32.44) 99.57 (22.43) 0.5611 (0.34)
Lat P300 358.44 (65.42) 355.11 (64.31) 0.84 (0.04)
Lat P600 538.97 (84.96) 522.26 (98.03) 0.1308 (2.28)
Lat P900 920.43 (76.02) 916.48 (69.64) 0.9917 (0.0)
Peak P1 2.82 (1.6) 2.99 (1.82) 0.6957 (0.15)
Peak P2 5.52 (2.65) 6.51 (3.28) 0.1741 (1.85)
Peak N1 − 0.45 (2.81) − 0.45 (2.31) 0.8098 (0.06)
Peak P300 2.99 (1.54) 3.09 (1.59) 0.5956 (0.28)
Peak P600 1.57 (1.02) 1.59 (1.42) 0.7835 (0.08)
Peak P900 0.44 (1.02) 0.46 (1.0) 0.5365 (0.38)
Int P1 124.23 (86.28) 139.96 (83.84) 0.0859 (2.95)
Int P2 653.3 (304.6) 640.64 (332.46) 0.6577 (0.2)
Int N1 245.97 (191.78) 247.67 (202.38) 0.8848 (0.02)
Int P300 354.87 (175.34) 358.15 (197.05) 0.9419 (0.01)
Int P600 222.72 (172.64) 257.11 (188.78) 0.1842 (1.76)
Int P900 57.79 (137.33) 74.8 (147.51) 0.4028 (0.7)

Note. The table presents the mean and standard deviation (SD) for various 
Event-Related Potential (ERP) components measured in latency (Lat [ms]), peak 
amplitude (Peak [µV]), and integral amplitude (Int [µV × mS]) across two MCI 
groups: low performance (N = 26) and high performance (N = 12). Pairwise 
comparisons between groups are shown with p-values (p(H)) from the Kruskal- 
Wallis test. Features correlations with age are indicated by p-values (p(r)) from 
the Spearman correlation test. Significant p-values are marked with asterisks: * 
(p < 0.05), ** (p < 0.01), *** (p < 0.001), **** (p < 0.0001).
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lifestyle factors, including longevity and hormonal influences. Further
more, research suggests that the female-to-male ratio is particularly high 
in early stages such as SCD and MCI, reflecting the general pattern of 
higher lifetime risk for women (Doan et al., 2021).

4.4. Future works

A direct application of the ERP neural features identified in this study 
is training machine learning algorithms to classify patients based on 
learned diagnostic categories (Rossini et al., 2022; Zhang et al., 2023; 
Kim et al., 2021; Rutkowski et al., 2023; Chedid et al., 2022; Ieracitano 
et al., 2020; Jae et al., 2023; Sibilano et al., 2024; Sibilano et al., 2023; 
Young et al., 2018; Arenaza-Urquijo et al., 2024). It is important to 
consider the potential role of misclassifications, particularly the 
assignment of a clinical category that may not accurately reflect the 
severity of the condition. For example, misclassifying an SCD patient as 
MCI may imply a neural correlation more aligned with greater neuro
physiological and biological alterations, potentially signifying a higher 
risk for cognitive decline. Therefore, when applying machine learning to 
features extracted from neural correlates, it is essential to assess not only 
the algorithm’s technical error (i.e., false misclassifications) but also the 
potential clinical implications of these misclassifications, as they could 
provide valuable insights into the patient’s clinical trajectory. Moreover, 
given the increasing recognition of sex as a critical factor in neuro
degeneration (Frisoni et al., 2024), future studies will explicitly address 
its influence on cognitive trajectories and disease progression.

5. Conclusion

Current cognitive decline biomarkers (Sabri et al., 2015), such as 
PET neuroimaging (Buerger et al., 2006) or CSF biomarkers (Mengel 
et al., 2024), are costly, invasive, and impractical for large-scale use. Our 
study aims to overcome these limitations by exploring features 

obtainable through clinical assessments, neuropsychological evalua
tions, and non-invasive methods like EEG and blood tests (Babiloni 
et al., 2020). ERP dynamics, in particular, revealed critical discontinu
ities in cognitive decline, challenging the assumption of a linear pro
gression from health to pathology. These deviations could reflect 
compensatory mechanisms and cerebral resilience, disrupting expected 
ERP monotonicity. Our methodology captures these nonlinear changes, 
offering insights beyond standard markers like amplitude attenuation or 
latency slowing, which fail to account for the brain’s adaptive strategies 
and underlying neurobiological alterations. Validating multiple EEG/ 
ERP neural features (Sabri et al., 2015; Horvath et al., 2018; Knopman, 
2024) is crucial to establish their preventive and diagnostic potential for 
Alzheimer’s disease and, in general, along the cognitive decline con
tinuum, in order to improve and support the clinical decision-making 
(Mazzeo et al., 2024).
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