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Abstract
Background  Neurofeedback (NF) is a non-invasive endogenous stimulation technique that enables individuals 
to voluntarily modulate brain activity, which has shown potential to induce neuroplasticity. Among its promising 
applications is cognitive enhancement in healthy older adults to prevent age-related cognitive decline. However, 
its efficacy remains controversial due to methodological limitations and a high proportion of individuals unable to 
achieve effective self-regulation, known as non-responders. This study aimed (1) to evaluate the feasibility of motor 
imagery (MI)-based NF training in older adults and characterize associated brain activity patterns; and (2) to assess its 
potential cognitive benefits through a randomized, double-blind, controlled design.

Methods  Ninety-two healthy participants aged 65–75 were randomly assigned to a training (TG), placebo (PG), 
or control group (CG). TG and PG completed ten electroencephalography (EEG)-based NF sessions over ten weeks, 
while CG engaged in ten classical cognitive stimulation sessions. All participants completed a comprehensive 
neuropsychological evaluation prior to and following the intervention. EEG data from the NF training sessions were 
analyzed using spectral and network metrics to characterize modulations in local activity and large-scale functional 
network patterns induced by the intervention.

Results  Although a substantial proportion of TG participants achieved high MI accuracy values, statistical analyses 
revealed no cognitive improvements specific to TG, suggesting limited efficacy of the MI-based protocol compared 
to classical cognitive stimulation. Spectral and network analyses identified distinct modulation patterns during MI 
in responders, absent in non-responders. Moreover, specific resting-state features—namely increased β1 (13–20 
Hz) band relative power and reduced α (8–13 Hz) band node strength—were associated with better self-regulation 
performance.
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Introduction
Neurofeedback (NF) is a biofeedback technique that 
aims to enable voluntary control of brain activity, thereby 
modulating the activity of neural substrates associ-
ated with specific behaviors or clinical conditions [1, 2]. 
Through a brain-computer interface (BCI), NF estab-
lishes a closed-loop system that acquires, processes and 
analyzes real-time neural signals to provide feedback 
on the user’s mental state [3]. This feedback enables 
the identification and refinement of effective cognitive 
strategies (e.g., mental imagery, relaxation) to achieve 
desired brain activity patterns [4]. Repeated applica-
tion of NF leverages operant conditioning to enhance 
self-regulation of neural processes. This, in turn, poten-
tially promotes plastic changes in the targeted neural 
networks and reinforces functional circuits that support 
adaptive behaviors [1]. In contrast to other brain modu-
lation methodologies, such as pharmacotherapy or exog-
enous brain stimulation, NF is an endogenous approach. 
Rather than externally modulating neuronal excitabil-
ity, it promotes self-regulation via the reinforcement of 
internally generated mental strategies. This volitional 
engagement recruits a broader spectrum of physiological 
mechanisms, including experience-dependent plastic-
ity and potentially long-lasting functional and molecular 
adaptations [5]. Furthermore, NF relies on non-invasive 
neuroimaging methods for signal acquisition, with elec-
troencephalography (EEG) being the most widely used 
due to its portability and relatively low cost [4].

The potential clinical benefits of NF, together with its 
advantages over other neuromodulation techniques, have 
led to numerous research studies investigating the effi-
cacy of NF in different clinical conditions. In this regard, 
NF has shown promising results inducing changes in 
the functionality of brain networks associated with non-
degenerative brain disorders, such as depression [6], 
post-traumatic stress disorder [7], attention deficit hyper-
activity disorder [8], or epilepsy [9]. It is hypothesized 
that NF could contribute to alleviating the symptoms 
of these pathologies by modulating the associated brain 
rhythms toward non-pathological states [5, 10]. Besides, 
NF-based neural rehabilitation in stroke survivors has 
yielded encouraging outcomes, demonstrating its ability 
to promote restorative neurplasticity not only for motor 
[10–12], but also for cognitive recovery [10, 13, 14]. The 

results of these studies indicate that incorporating novel 
NF-based approaches, which focus rehabilitation on the 
specific affected area, yields superior outcomes com-
pared to conventional therapies applied in isolation [15]. 
In addition to its clinical applications, NF has also been 
explored as a tool for enhancing cognitive performance 
in cognitively healthy individuals [4]. This approach has 
gained particular attention in studies targeting cogni-
tively healthy older adults [16]. This population often 
experiences subtle declines in fluid cognitive abilities due 
to normal aging, without significant impairment in daily 
functioning [16]. NF-based cognitive training is consid-
ered a promising strategy to strengthen neural resilience 
and help mitigate age-related cognitive decline. Acord-
ingly, numerous studies have investigated how different 
NF training protocols could enhance participants’ cogni-
tive abilities [16].

Although there are no inherent restrictions on the neu-
ral features targeted by NF training, most protocols rely 
on simple spectral-based designs. These typically aim to 
modulate the power of specific frequency bands at local-
ized brain regions associated with particular cognitive 
functions. These typically aim to modulate the power 
of specific frequency bands at well-defined cortical sites 
associated with distinct cognitive functions. For instance, 
frontal midline theta (4–8 Hz, commonly assessed at Fz) 
and sensorimotor area activity (13–15 Hz, often evalu-
ated at Cz) are among the most extensively investigated 
in NF-based cognitive training, with reported benefits 
in executive functions [17–19] and working memory, 
attention, short- and long-term memory indices [20–22], 
respectively. While promising, these approaches present 
a major limitation. The volitional modulation of targeted 
features is often unintuitive and demands users to explore 
abstract cognitive strategies to identify effective modula-
tion approaches. In this regard, a promising yet underuti-
lized paradigm in NF-based cognitive training research 
is motor imagery (MI). MI elicits sensorymotor rythms 
(SMR) desynchronization through the mental simula-
tion of movement without actual execution, engaging 
more concrete and familiar sensorimotor representations 
[10]. While MI has been widely applied in motor reha-
bilitation for stroke patients [10], its application in cog-
nitive training among cognitively healthy older adults 
remains largely unexplored. Notably, the conclusions of 

 Conclusions  The present study did not provide conclusive evidence supporting the effectiveness of MI-based 
NF training for cognitive enhancement in older adults. Nonetheless, the results offer valuable insights that may 
inform the refinement of future NF-based cognitive training protocols. Moreover, our findings suggest that baseline 
functional network organization may play a key role in determining the capacity for successful self-regulation. 
Identifying additional neurophysiological biomarkers will be essential to advance our understanding of the non-
responsiveness phenomenon and to enable the development of more personalized NF interventions.
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a previous study suggested its effectiveness, reporting 
improvements in visuospatial skills, memory, and lan-
guage functions [23].

Despite its broad therapeutic potential, NF efficacy 
remains in question. Most studies use small population 
samples, which reduces the statistical power of the anal-
yses and contributes to skepticism about the reported 
effects [16]. Although the many NF sessions required 
for neuroregulation may pose challenges for partici-
pant recruitment, large sample sizes remain essential 
for reliable results [24]. Another challenge in evaluat-
ing NF efficacy is to control the likely cognitive changes 
that are not specifically leaded by NF, but for other fac-
tors, such as placebo or test-retest effect. To address 
this, recent guidelines advocate for the inclusion of both 
placebo-control groups (receiving non-contingent feed-
back) and non-NF control conditions [25]. Importantly, 
when such groups are included, a double-blind design is 
considered essential to minimize expectancy biases and 
ensure the integrity of the findings [25]. However, imple-
menting such rigorous designs is technically demand-
ing. It requires large sample sizes and dedicated software 
capable of delivering sham feedback and blinding both 
participants and experimenters. Such a functionality 
remains limited in currently available NF platforms [25]. 
Furthermore, the neurophysiological mechanisms under-
lying successful self-regulation during NF remain poorly 
understood [1, 26]. This poses challenges for research-
ers in refining NF protocols and interpreting outcomes. 
For instance, some studies report that about 25% [18, 19] 
to even 50% [27] of users, known as “non-responders," 
cannot voluntarily modulate their brain activity. Non-
responding condition is a major problem in NF research, 
as the underlying reasons that prevent users from suc-
cessfully modulating their brain activity through NF 
remain poorly understood [26]. Despite its widespread 
occurrence, non-responsiveness is often overlooked in 
the literature. Many studies identifying non-responders 
exclude them from further analysis rather than investi-
gating their neural activity in depth [18, 19]. This practice 
limits our understanding of the variability in NF learn-
ing and prevents the identification of potential predic-
tors of successful neuroregulation. To advance the field, 
it is essential to incorporate comprehensive analyses of 
both responder and non-responder populations, enabling 
a more complete characterization of the mechanisms 
underpinning NF.

The goal of this study is twofold: (1) to investigate the 
feasibility and characterize brain patterns of MI-based 
NF cognitive training in the older adult population; and 
(2) to rigorously study whether this intervention could 
enhance cognitive performance in this population. Spe-
cifically, we aim to answer the following research ques-
tions: (RQ1) Is MI-based NF training an effective 

approach for cognitive enhancement in healthy older 
individuals?; and (RQ2) Are there brain activity pat-
terns that influence responsiveness to NF training? To 
address these questions, we conducted a randomized, 
double-blind NF-based cognitive training study involving 
92 cognitively healthy older adults, who were randomly 
assigned to a training group (TG), a placebo group (PG), 
or a passive control group (CG).

The main novelties of this study can be summarized as 
follows. First, it provides the first empirical validation of a 
previously proposed and promising MI-based NF proto-
col for cognitive training in older adults. This validation 
was conducted under a rigorous randomized, double-
blind experimental design. Second, the study addresses 
a major limitation in prior NF research by including one 
of the largest samples reported to date (N = 92), which 
enables more robust statistical analyses and enhances 
the generalizability and reliability of the findings. Third, 
we performed an in-depth characterization of the neural 
mechanisms underlying NF learning, incorporating both 
spectral and graph theory analyses. Finally, this study 
contributes to a largely unexplored area in NF research 
by separately analyzing the neural activity of responders 
and non-responders. This allowed us to identify novel 
resting-state electrophysiological features that may serve 
as predictive biomarkers of NF non-responsiveness. 
Together, these contributions reinforce methodological 
rigor in NF research and offer new insights that could 
inform the development of more effective and individual-
ized NF interventions.

Materials and methods
Participants
Ninety-two older adults (69 females and 23 males; mean 
age = 70.12 ± 2.92 years) without previous BCI experi-
ence participated in the study. All participants provided 
written informed consent, and the study protocol was 
approved by the Ethics Committee of “Hospital Clínico 
Universitario de Valladolid" (reference: PI 23-3325), Vall-
adolid, Spain. The inclusion criteria were: (1) age between 
65 and 75 years; (2) no history of significant neurologi-
cal or psychiatric disorders (e.g., epilepsy, schizophrenia, 
dementia, traumatic brain injury, or stroke); (3) no cur-
rent treatment with medications affecting the central 
nervous system; and (4) no history of alcohol or sub-
stance abuse.

Experimental protocol
In order to reliably assess the efficacy of a MI-based 
NF training for cognitive enhancement, we designed 
a randomized, double-blind experimental protocol in 
accordance with the recommendations of Consensus 
on Reporting and Experimental Design of Clinical and 
Cognitive-Behavioral Neurofeedback Studies (CRED-NF) 
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[25]. Participants were randomly divided into an NF TG 
(N = 31), PG (N = 31) and CG (N = 30). Group alloca-
tion was stratified by age, sex, and years of education to 
ensure homogeneity across groups. Participants in both 
the TG and PG groups completed ten NF sessions over 
a ten-week period. TG participants received contingent 
feedback based on their own brain activity during the NF 
trial. On the other hand, PG participants always received 
non-contingent feedback, which was generated by ran-
domly selecting previously acquired EEG recordings 
from individuals who did not participate in the current 
study. The details of the NF-based cognitive training pro-
tocol are thoroughly described in sect. 2.2.1.

By contrast, CG participants took part in ten classical 
cognitive stimulation sessions over the same ten-week 
span. These session were composed of classical cognitive 
stimulation activities, which are structured interventions 
aimed at engaging and enhancing cognitive functions by 
promoting neural plasticity and maintaining or improv-
ing cognitive performance [28]. This traditional approach 
was considered in our experimental design to compare 
its efficacy with the NF-based cognitive training prposed. 
The details of the NF-based cognitive training protocol 
are thoroughly described in sect. 2.2.2.

In addition to cognitive training, a healthy lifestyle rep-
resents the second key component of active aging inter-
ventions. Specifically, regular aerobic exercise has been 
widely recognized as an effective non-pharmacolog-
ical strategy to mitigate the risk of cognitive decline by 
improving cerebrovascular conditions [29]. To comple-
ment the two cognitive training interventions (i.e., NF 
and classical cognitive stimulation), all participants took 
part in a weekly guided group session of aerobic physical 
activity.

To evaluate the potential cognitive changes induced 
by the NF training, all participants underwent two cog-
nitive assessment sessions: one before and one after the 
intervention.

The inclusion of the PG allowed for the control of 
potential placebo effects associated with NF, while 
the CG enabled comparison between NF-based cog-
nitive training and widely used cognitive stimulation 
approaches aimed at mitigating age-related cognitive 
decline. Importantly, a double-blind design was imple-
mented for the NF-related arms of the study: both the 
participants and the researchers involved in administer-
ing the NF sessions and conducting the cognitive assess-
ments were blinded to group allocation (i.e., TG or PG). 
This approach minimized potential biases in the delivery 
of the intervention and in outcome evaluation. Blinding 
was not feasible for the CG due to the nature of the clas-
sical cognitive stimulation activities implemented

Neurofeedback training protocol
We implemented a NF protocol for cognitive enhace-
ment based on MI building on our previous work [23]. 
The rationale for selecting MI as the NF strategy was as 
follows. MI involves voluntary modulation of SMR over 
sensorimotor cortices essential for movement planning 
and execution [3]. MI also engages brain areas linked to 
complex cognitive functions. Studies have shown that 
MI activates frontal regions involved in executive con-
trol and decision-making [30, 31], as well as the parietal 
cortex essential for sensory integration and spatial repre-
sentation [30]. This suggests that MI-based training could 
strengthen the fronto-parietal network and enhance 
cognitive functions [23]. In addition, as previously men-
tioned, MI-based NF training represents a promising 
approach to facilitate self-regulation. In contrast to the 
more abstract strategies required in other NF paradigms, 
MI leverages the imagination of familiar sensations and 
movements to facilitate neuroregulation [10]. Finally, 
since the effectiveness of a MI-based NF protocol for 
cognitive enhancement in healthy older adults has been 
examined in only one study [23], additional evidence is 
required to assess its suitability. Consequently, our exper-
imental design was aligned with that study to provide 
complementary findings. Specifically, this included the 
implementation of multiple gamified NF training sce-
narios with different levels of difficulty [23]. Importantly, 
despite age-related neurophysiological changes, healthy 
older adults have been shown to retain sufficient motor 
imagery ability: MI vividness remains largely preserved 
[32], and MI-related neural engagement is maintained 
through functional reorganization rather than loss of 
capacity [33]. Therefore, the MI paradigm is well suited 
for healthy older adults as a target task for self-regulating 
their brain rhythms through neurofeedback.

During the NF training sessions, participants were 
seated in a comfortable chair positioned in front of an 
LCD screen, which was used to deliver real-time feed-
back. EEG data were recorded using a g.Nautilus PRO 
system (g.tec Medical Engineering GmbH, Austria) 
equipped with 16 active hybrid g.SAHARA electrodes. 
Electrodes were positioned according to the 10–10 inter-
national system at the following scalp locations: Fp1, Fp2, 
F7, F3, Fz, F4, F8, T7, C3, Cz, C4, T8, P3, Pz, P4, and POz. 
An elastic cap was used to maintain electrode placement, 
and conductive gel was applied to ensure optimal signal 
quality. Ground electrode and common reference were 
placed in the left and right mastoid, respectively. Signals 
were sampled at 250 Hz.

Each NF session lasted one hour and consisted of 12 
blocks, each comprising 10 randomly ordered MI trials 
(left- or righ-hand). Figure 1 depicts the schematic struc-
ture of each block and MI trial. Each trial lasted 6 s, fol-
lowed by a 4-second rest period, and was preceded by a 
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2-second cue indicating the hand for the MI task. Prior 
to each block, a 15-second calibration recording was 
conducted with participants in a resting state with eyes 
closed to calculate baseline characteristics. Because the 
NF training relied on MI, the self-regulation target was 
to elicit the characteristic contralateral event-related 
desynchronization (ERD) over sensorimotor cortex. 
Rather than adapting the processing pipeline to each 
participant’s individual MI features (as typically done in 
BCI systems to optimize discrimination) we employed 
a fixed pipeline specifically designed to capture these 
well-established ERD patterns. This approach ensured 
that participants adapted their brain rhythms to the pre-
defined neural target, rather than the system adapting 
to their individual variability. The real-time processing 
pipeline used to compute the feedback was as follows: 
(1) a bidirectional 3-order bandpass IIR filter was applied 
between 0.5 and 40 Hz; (2) a short Laplacian spatial filter 
was applied on channels C3 and C4; (3) signal windows 
in which 2% of their samples exceed four times the stan-
dard deviation measured during the calibration period 
were discarded to minimize the influence of poten-
tial artifacts on feedback; (4) the power spectral den-
sity (PSD) was estimated using the Welch periodogram 
method [34] with a 2-second Hamming window with a 
50% overlap; and (5) the signal power in the 8 to 30 Hz 
frequency band was computed for channels C3 and C4. 
This range includes the alpha (α; 8–13 Hz), β1 (β1; 13–20 
Hz), and β2 (β2; 20–30 Hz) frequency bands, all of which 
are known to be modulated during MI tasks [3, 35]. Then, 
we calculated the feedback value as follows:

	
NFValue = PC4/P b

C4
PC3/P b

C3
,� (1)

where PC4 and PC3 represent the power of the EEG sig-
nal in the 8–30 Hz frequency range at electrodes C4 and 
C3 during the MI trial, respectively. P b

C4 and P b
C3 denote 

the corresponding power values calculated during rest-
ing state recording following the same processing and 
analysis steps. These terms are used to normalize the 
EEG power relative to the individual baseline. This for-
mulation, grounded in MI-related ERD principles [35], 

captures contralateral desynchronization during MI 
and reflects participants’ self-regulation performance. 
According to Eq.  1, a NF Value < 1 indicates that the 
normalized power at electrode C4 is lower than at C3, 
a pattern typically observed during a left MI task [35]. 
Conversely, a NF Value > 1 indicates that the normalized 
power at electrode C3 is lower than at C4, which is com-
monly observed during a right MI task [35]. The feedback 
value was computed every 200 ms.

The NF system was implemented using 
MEDUSA© (https://medusabci.com/), a Python-based ​g​
e​n​e​r​a​l​-​p​u​r​p​o​s​e software ecosystem to develop BCIs and 
neuroscience experiments [36]. Specifically, we imple-
mented the signal-processing pipeline described above 
and designed three gamified NF training scenarios, 
which were developed using the Unity graphics engine. 
The workflow was structured as follows: the MEDUSA© 
Platform monitored the EEG signal via the lab streaming 
layer (LSL), processed and analyzed the data in real time, 
and provide real-time feedback throughout the training 
scenario. The communication between MEDUSA© and 
the training scenario was performed through a multi-
client asynchronous TCP/IP-based protocol. The three 
NF training scenarios were developed to structure the 
training protocol according to two guiding assumptions: 
(1) alternating between scenarios would reduce the sub-
jective sense of monotony and help sustain participants’ 
engagement throughout the intervention [37] and (2) the 
progressive increase in task complexity would facilitate 
the consolidation of previously acquired self-regulation 
skills while promoting continued improvement in MI-
based control [38]. In the following, we describe each of 
the scenarios used (Fig. 2):

 	• Sphere scenario: A sphere is displayed at the 
center of the screen. After the trial cue, the sphere 
continuously moves either to the left or right based 
on the user’s MI performance. That is, this scenario 
provides a concurrent real-time feedback, every 
200 ms, which is suggested to help establish a clearer 
association between the cognitive strategy and its 
outcome, thereby facilitating self-regulation learning 
in the early stages of training [38]. It should be 

Fig. 1  Schematic representation of the structure of the training blocks comprising a NF session (top) and of the trial design (bottom). The time points at 
which the preparation alert and trial cue are presented, as well as when feedback updates are delivered, are indicated
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noted that the this scenario was implemented both 
with and without reinforcement feedback. In the 
reinforcement condition, the sphere was restricted 
to move only toward the target, preventing the 
movement from the center to the opposite direction. 
This design was intended to minimize the negative 
feedback and help preserve participant motivation.

 	• Avatar scenario: An avatar is presented walking 
through a park, centrally positioned on the screen. 
Although the avatar remains static, a walking 
animation is rendered while the environment 
moves forward toward the avatar. Each trial begins 
with a cue indicating the location (left or right), 
where a golden coin will appear at the horizon of 
the pathway. The participant is then instructed to 
perform a sustained MI task to move the avatar 
toward the coin. Notably, this scenario delivers 
terminal feedback, computed from the accumulation 
of NF values obtained every 200 ms during the trial. 
This type of feedback is preferred once participants 
have formed an internal representation of the task, 
as it may promote more stable learning outcomes 
[38]. While the task remains similar to that in Sphere 
scenario, the gamified design is intended to enhance 
motivation and engagement.

 	• Figures scenario: Unlike the previous scenarios, no 
directional cue is provided in this training scenario. 
Initially, a geometric figure (such as a triangle, 
square, or pentagon) is displayed in the center of the 
screen. After it disappears, two geometric figures 
appear on the left and right sides, with one matching 
the initial figure. Participants must perform the 
MI task to move the cursor toward the matching 
figure. As in the Avatar scenario, terminal feedback 
is provided, based on the participant’s overall MI 

performance during that trial. This scenario is 
designed to engage both MI and short-term memory.

The distribution of use of the different training scenarios 
throughout the 10 NF sessions is depicted in S.Fig. 1, 
included in the supplementary material.

Classical cognitive stimulation activities
CG participants attended ten weekly group-based cog-
nitive stimulation sessions, each lasting one hour and 
conducted by a professional neuropsychologist. These 
sessions involved a variety of individual tasks targeting 
different cognitive domains, such as problem-solving 
puzzles, word games for language, memory exercises, and 
attention tasks. The sessions took place in a classroom 
and the tasks were carried out using a classic design (i.e., 
paper and pencil).

Physical activities sessions
All participants took part in a weekly one-hour group 
session of guided physical activity. Conducted by a cer-
tified physical education professional, these sessions 
combined aerobic exercise with tasks aimed at enhanc-
ing balance, psychomotor coordination, reaction time, 
spatial orientation, muscular strength, and flexibility. The 
intervention was designed to target motor-related cogni-
tive functions from a physical training perspective. The 
sessions were held both in a specialized sports center and 
outdoors.

Cognitive assessment
The cognitive assessment sessions were conducted by a 
professional neuropsychologist and lasted approximately 
1  h and 45  min. These sessions were conducted dur-
ing the week immediately preceding the start and the 

Fig. 2  Screenshots of the three NF training scenarios implemented in the study. The top row displays each scenario at the cue, while the bottom row 
illustrates the feedback phase. The left column corresponds to the “Sphere" scenario, the middle column to the “Avatar" scenario, and the right column 
to the “Figures" scenario
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week immediately following the end of the intervention, 
respectively. Since the effects of the NF training protocol 
on cognitive domains were not well established, a com-
prehensive evaluation was conducted to cover a broad 
range of cognitive domains. The neuropsychological 
domains assessed, as well as the test used, are shown in 
Table 1.

Offline EEG analysis
To investigate the neuroregulation mechanisms, we con-
ducted an offline analysis of the EEG signals recorded 
during NF trials from both TG and PG. In addition, pre-
run calibration recordings were also analyzed to char-
acterize the baseline brain activity patterns during the 
resting state. In both cases, the signal pre-processing 
involved the following steps: (1) the EEG signals were re-
referenced using a common average reference (CAR) to 
reduce spatially correlated noise and enhance the signal-
to-noise ratio; (2) a bidirectional 3-order bandpass IIR 
filter was applied between 0.5 and 40 Hz; (3) the filtered 
signal was segmented into 2-second epochs with a 1-sec-
ond overlap; and (4) epochs where discarded as noisy if 
2% of their samples exceeded four times the standard 
deviation of the entire signal [19]. To provide a compre-
hensive view of neural activity patterns, both local activa-
tion and brain network analyses were considered. Local 
activation analysis provides insights into region-specific 
responses to task demands [39], such as contralateral 
ERD during MI. In contrast, network analysis show how 
different brain areas are functionally organized and com-
municate during complex cognitive processes, offering an 

integrated perspective on neural connectivity and func-
tion [39].

Local activation was evaluated via spectral analysis of 
the pre-processed EEG. The PSD was computed using 
the Welch method [34] with a Hamming window and 
50% overlap. The spectral distributions were then nor-
malized and the relative power (RP) calculated for the 
three canonical frequency bands that composed the NF 
training band (α, β1 and β2). RP values were then aver-
aged across NF sessions, separately for left-hand and 
right-hand MI trials. Thus, general local activation pat-
terns were obtained for each group both during MI task 
and in the resting state. Finally, the modulation of rela-
tive power (RP) was computed by subtracting the RP 
during eyes-closed resting-state from the RP during 
MI: RPmodulation = RPMI − RPrest. This allowed us to 
quantify task-induced variations in local oscillatory activ-
ity resulting from the NF training.

Brain network functional reorganization during NF 
was assessed using the node strength (NS) [49]. This met-
ric is derived from graph theory and measures the sum 
of the connections of each node with the rest of the brain 
activity network [50]. NS allows to identify those nodes 
which hold a large part of the brain network communica-
tion [49]. To compute it, functional connectivity was esti-
mated by means of amplitude envelope correlation (AEC) 
method [51]. This quantifies how the amplitude envelopes 
of neural oscillations are temporally correlated between 
different brain regions [51]. This metric has been proven 
to provide a robust index of neural activity synchroniza-
tion that is less affected by volume conduction than other 
functional connectivity metrics [52]. Prior to applying 
AEC, pre-processed EEG signals were filtered in α, β1 
and β2 frequency bands and orthogonalized [53]. Simi-
larly to the RP analysis, was computed from eyes-closed 
resting-state EEG and during MI trials. NS modulation 
was then calculated as NSmodulation = NSMI − NSrest, 
allowing us to quantify task-induced changes in the orga-
nization of functional brain networks resulting from the 
NF training.

Analysis of participants’ control over the NF system
To assess the ability of participants to control the NF sys-
tem, we computed the averaged MI accuracy per session. 
For each trial, accuracy was determined by comparing 
the true label with the predicted intention, which was 
inferred from the summed feedback values (see Eq.  1). 
Specifically, trials with a NF Value < 1 were considered 
as left-hand, while NF Value > 1 were classified as right-
hand. Session accuracy was then obtained by averag-
ing trial accuracies across all runs. TG accuracies were 
directly obtained from the NF sessions, as participants 
received real-time contingent feedback. By contrast, PG 
accuracy was derived through offline analysis by applying 

Table 1  Neuropsychological domains considered in cognitive 
assessment sessions and the tests used to assess these domains
Neuropsychological 
domain

Test

Working memory Digit span test from the WAIS-IV [40]
Arithmetic test from the WAIS-IV [41]

Processing speed Symbol search test from the WAIS-IV [42]
Digit–Symbol coding test from WAIS-IV [41]

Abstract reasoning Matrix Reasoning test from the WAIS-IV [41]
Language Verbal fluency test [43]

Boston naming test [44]
Similarities test from the WAIS-IV [41]

Verbal episodic 
memory & Logical 
memory

Logical Memory I test from the WMS-IV [45]
Logical Memory II test from the WMS-IV [45]

Spatial episodic 
memory

Immediate recall phase of the Rey-Osterrieth 
Complex Figure (ROCF) [46]
Delayed recall phase of the Rey-Osterrieth 
Complex Figure (ROCF) [46]

Visuospatial abilities Copy phase of the ROCF [46]
Executive functions Modified Wisconsin card sorting test [47]

Rings test [48]
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the same processing pipeline to their recorded EEG. 
In this way, we estimated the feedback they would have 
received under contingent conditions.

Analysis of non-responding participants
We applied the K-means clustering method as proposed 
in out previous work [19] to identify non-responder par-
ticipants. This unsupervised approach offers an objec-
tive alternative to heuristic, threshold-based criteria. The 
input data consisted of session-wise MI accuracy values 
from all TG and PG participants, yielding one accuracy 
vector per participant. Clustering was performed with 
k = 2, aiming to separate responders from non-respond-
ers. It was hypothesized that non-responders within the 
TG would display MI performance profiles more closely 
aligned with those of the PG group (who are not expected 
to successfully learn to self-regulate their brain activity), 
and would thus be classified within the cluster primarily 
comprising PG participants.

Statistical analysis
To analyze the impact of the cognitive training on par-
ticipants’ cognitive abilities while accounting for both 
known experimental factors and unobserved sources of 
variability, we employed mixed-effects linear models. 
This approach estimates group and time effects while 
properly handling the non-independence of repeated 
measures and subject-level heterogeneity. For each cog-
nitive test, the following model was fitted:

	

scorei,t = β0 + βgroupG
(g)
i + βtime t + βint

(
G

(g)
i · t

)

+ βage agei + βsex sexi + βedu educationi + b0i + b1i t

+ εi,t,

� (2)

where scorei,t denotes the cognitive score of subject 
i at time point t (pre and post). The term β0 represents 
the grand mean at baseline, βgroup the deviation of each 
group from this mean, βtime the overall pre–post change, 
and βint the group-specific deviation from that change. 
Age, sex, and years of education were included as covari-
ates. Subject-specific random intercepts and slopes (b0i, 
b1i) capture unobserved heterogeneity in baseline perfor-
mance and individual trajectories of change. The residual 
error term is represented by εi,t. Within-group changes 
∆g  were computed as:

	 ∆g = βtime + βintG
(g),� (3)

Furthermore, we analysed if TG participants exhibited a 
better improvement in cognitive performance than PG 
and CG. To this end, pairwise differences between groups 
were obtained as linear combinations of these quantities 
(i.e., ∆TG − ∆PG and ∆TG − ∆CG). To obtain robust 
inference, all within- and between-group differences were 

estimated via subject-level bootstrap resampling. At each 
of 1000 iterations, subjects were resampled with replace-
ment, the model was refitted, and the change estimates 
recomputed, preserving the within-subject dependency 
structure. Effect sizes were calculated using Cohen’s d to 
quantify the magnitude of the observed effects.

For the analysis of neuroregulation mechanisms, 
within-group differences between resting-state and 
MI-related activity patterns were assessed using the 
Wilcoxon signed-rank test. In addition, we examined 
whether intrinsic neurophysiological characteristics were 
associated with participants’ neuroregulation capacity. 
To this end, we computed Pearson correlation coeffi-
cients between resting-state EEG features and mean MI 
accuracy across sessions. In order to obtain a population-
level view of these potential relationships in healthy older 
adults, the analysis was performed using the EEG fea-
tures and MI accuracies of all participants in both the TG 
and PG. Finally, we analyzed whether the specific train-
ing scenario had any influence on participants’ self-regu-
lation performance. To this end, we fitted a mixed-effects 
linear model and evaluated the contribution of the sce-
nario factor to MI accuracy. The full description of this 
analysis and its results has been included in Section S.II 
of the supplementary material.

In all our analyses, the statistical significance level was 
set at p-value < 0.05. To control for multiple comparisons 
and reduce the risk of false discoveries, all statistical tests 
were corrected using the Benjamini–Hochberg false dis-
covery rate (FDR–BH) procedure.

Results
NF cognitive training outcomes
Eight participants dropped out of the study before its 
completion: 2 from the TG, 5 from the PG and 1 from the 
CG. Consequently, their data were excluded from all sub-
sequent analyses. In the following subsections, we pres-
ent the results addressing RQ1, focusing on participants’ 
ability to self-regulate brain activity associated with the 
MI task and the potential cognitive effects of the pro-
posed training protocol.

NF control of the participants
The k-means clustering analysis yielded the follow-
ing subgroups: 15 TG responders (TG-R), 14 TG non-
responders (TG-NR), 7 PG responders (PG-R) and 20 
PG non-responders (PG-NR). For visualization purposes, 
Fig.  3a displays the clustering solution projected onto 
the first three principal components of a principal com-
ponent analysis (PCA). Besides, Fig.  3b shows the aver-
aged MI accuracy for each group (i.e., TG and PG), as 
well as for each subgroup (i.e., TG-R, TG-NR, PG-R and 
PG-NR). The clustering results mean that 48.3 % of the 
TG participants were unable to succesfully self-regulate 
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their brain activity patterns during MI trails. In addi-
tion, 26 % of the PG participants exhibited successful 
overall control of the NF system, despite receiving non-
contingent feedback. We performed a post hoc-analysis 
using the Mann–Whintey U-test to evaluate potential 
differences in age and years of formal education between 
responders (TG-R and PG-R) and non-responders (TG-
NR and PG-NR). In addition, a chi-square test of inde-
pendence was conducted to examine the relationship 
between sex and responding condition. No significant 
differences were found in age (p-value = 0.35), years of 
formal education (p-value = 0.27), or sex (p-value = 0.87).

Cognitive assessment analysis
Table 2 shows the within-group pre-post changes in 
cognitive performance. Statistically significant changes 
in scores are marked in bold. As shown, significant 
improvements in performance on different tests were 
found in the three experimental groups. Specifically, TG 
participants improved their performance in tests related 
to domains, such as processing speed, logical memory, 
spatial episodic memory, visuospatial ability and execu-
tive functions. However, only the improvements in visuo-
spatial ability and executive functions reached medium 
effect sizes (|d| > 0.5), whereas the remaining changes 
corresponded to small effects. On the other hand, an 
improvement in the performance of the PG participants 
was observed in processing speed, language, logical 
memory, visuospatial abilities and executive functions. 
One of the logical memory measures showed a large 
effect size (|d| > 0.8), while the gains in language and 

visuospatial abilities reached medium effect sizes. The 
remaining improvements reflected small effects. Finally, 
CG participants improved their performance in pro-
cessing speed, logical memory, spatial episodic memory, 
visuospatial abilities and executive functions, The gains 
in logical memory and spatial episodic memory showed 
medium-to-large effect sizes, whereas all other improve-
ments were of small magnitude.

With respect to the comparison analysis between 
groups, no statistically significant differences were found 
between the scores of the groups (TG vs. PG and TG vs. 
CG) in the pre-training evaluation, post-training evalua-
tion, nor in the pre vs. post changes (∆TG vs. ∆PG and 
∆TG vs. ∆CG). Detailed results of the between-group 
comparisons can be found in S.Tab. 2 of the supplemen-
tary material.

Brain activity patterns during MI
The results of spectral and network analyses of brain 
activity patterns during MI are presented below. These 
analyses have included both the original groups (TG and 
PG) and the identified subgroups of responders and non-
responders. Thus, we aimed to answer RQ2 by identify-
ing potential brain activity signatures that may underlie 
the non-responsiveness condition.

Spectral analysis
The spectral distributions of C3 and C4 during MI tri-
als with the right and left hands, averaged across all 
subjects and sessions within TG and PG, are presented 
in Figure S.Fig. 3 S.Fig. 4 of the supplementary material, 

Fig. 3  AK-means clustering of participants based on their MI accuracy profiles. Principal component analysis (PCA) was applied to visualize the three 
components capturing most of the variance. Non-responder and responder participants are shown in blue and red, respectively; B MI accuracy aver-
aged per session for NF training group (TG), placebo group (PG), TG responders (TG-R) and non-responders (TG-NR), and PG responders (PG-R) and non-
responders (PG-NR)
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respectively. Figure 4 shows the RP modulation patterns 
(i.e., RPMI − RPrest) in the α band. It is observed that 
all participants presented a similar pattern of general 
desynchronization (i.e., decrease in power) of the RP α, 
being especially intense in the posterior region. Figure 5 
displays the topographic patterns of β1 RP modula-
tion during MI trials. For this frequency band, a general 
desynchronization is observed, mainly centered in the 
central region. In TG-R participants, it was significantly 
stronger in the hemisphere contralateral to the imagined 
(target) hand. Noteworthly, the modulation also yielded 
significant differences in frontal and parietal regions. This 
phenomenon can also be partially observed for PG-R, 
although with a lower intensity. Despite TG-NR and 
PG-NR showing statistically significant central desyn-
chronization, they lack the characteristic contralateral 
pattern typically elicited by MI. Finaly, Fig.  6 shows the 
topographic patterns of β2 RP modulation. Topographic 
analyses across all groups revealed mild desynchroni-
zation at Cz accompanied by frontal synchronization 
within this frequency band, none of which reached statis-
tical significance. On the other hand, the TG-R subgroup 

alone exhibited a lateralized β2 band modulation: dur-
ing left-hand MI, C3 showed an increased RP while C4 
decreased, with the inverse pattern manifesting during 
right-hand MI.

Figure 7 illustrate the correlation between participants’ 
resting-state eyes-closed RP in the α, β1 and β2 bands and 
their NF control performance. Each of the three panels 
comprises a left side depicting the topographic distribu-
tion of RP for each of the four identified subgroups, and 
a right side presenting the Pearson correlation between 
resting-state RP and MI accuracy (averaged across all 
sessions) for both TG and PG participants. In Fig. 7a, the 
α band topographies for all four subgroups are charac-
terized by a greater activity over parieto-occipital region 
with modest frontal involvement. Although the Pearson 
correlation between resting-state α RP and MI accuracy 
was positive across EEG channels, none of these asso-
ciations reached statistical significance. In the β1 band 
(Fig. 7b), the four subgroups exhibit a pronounced power 
maximum at C3 and C4, with responders showing higher 
values than non-responders. Moreover, Pearson correla-
tion analysis revealed a statistically significant positive 

Table 2  Within-group changes (∆) in neuropsychological test scores for Training (TG), Placebo (PG) and Control (CG) groups (mean ± 
standard deviation, 95% confidence intervals and absolute value of Cohen’s d)
Neuropsy-
chological 
domain

Test ∆TG ∆PG ∆CG

mean±std [CI95%] |d| mean±std [CI95%] |d| mean±std [CI95%] |d|

Working 
memory

Digit span (↑) 0.31 ± 0.42 [ −0.50, 1.14 ] 0.07 −0.63 ± 0.36 [ −1.36, 0.07 ] 0.14 0.52 ± 0.45 [ −0.35, 1.45 ] 0.11

Arithmetic (↑) 0.59 ± 0.31 [ −0.06, 1.19 ] 0.26 −0.04 ± 0.26 [−0.53, 0.50 ] 0.01 0.38 ± 0.26 [ −0.14, 0.86 ] 0.11

Processing 
speed

Symbol search (↑) 2.17 ± 0.65 [ 0.92, 3.45 ] 0.31 1.89 ± 0.67 [ 0.60, 3.27 ] 0.26 2.14 ± 0.72 [0.79, 3.60 ] 0.26

Digit–Symbol coding (↑) 0.24 ± 0.77 [ −1.27, 1.71 ] 0.02 1.74 ± 0.75 [ 0.27, 3.23 ] 0.16 3.72 ± 0.83  [ 2.20, 5.35 ] 0.30

Abstract 
reasoning

Matrix reasoning (↑) 0.48 ± 0.53 [ −0.58, 1.53 ] 0.11 1.15 ± 0.48 [ 0.19, 2.12 ] 0.27 1.31 ± 0.55 [ 0.24, 2.45 ] 0.24

Language Verbal fluency (↑) 1.14 ± 0.67 [−0.28, 2.37] 0.23 0.78 ± 0.70 [−0.50, 2.10 ] 0.15 −0.28 ± 0.48 [ −1.20, 0.57 ] 0.07

Boston naming (↑) 0.28 ± 0.16 [ −0.01, 0.60 ] 0.20 1.22 ± 0.19 [ 0.85, 1.59 ] 0.76 0.34 ± 0.21 [ −0.06, 0.78 ] 0.20

Similarities (↑) −0.76 ± 0.48 [ −1.66, 0.18 ] 0.18 −0.30 ± 0.53 [ −1.27, 0.77 ] 0.08 −0.10 ± 0.35 [ −0.75, 0.60 ] 0.02

Verbal epi-
sodic memory 
& logical 
memory

Logical memory I (↑) 2.24 ± 0.71 [ 0.70, 3.60 ] 0.40 3.33 ± 0.77 [ 1.87, 4.83 ] 0.48 3.10 ± 0.80 [ 1.61, 4.63 ] 0.52

Logical memory II (↑) 2.28 ± 0.71 [ 0.89, 3.64 ] 0.37 4.89 ± 0.66 [ 3.57, 6.20 ] 0.83 4.07 ± 0.65 [ 2.77, 5.13 ] 0.89

Spatial epi-
sodic memory

Immediate recall ROCF 
(↑)

1.71 ± 0.57 [ 0.64, 2.76 ] 0.35 1.28 ± 0.77 [ −0.13, 2.75 ] 0.20 5.57 ± 0.89 [ 3.84, 7.29 ] 0.87

Delayed recall ROCF (↑) 1.69 ± 0.56 [ 0.62, 2.75 ] 0.35 1.61 ± 0.62 [ 0.40, 2.86 ] 0.32 5.38 ± 0.82 [ 3.80, 7.08 ] 0.83

Visuospatial 
abilities

Copy phase ROCF (ele-
ments) (↑)

−1.14 ± 0.35 [ −1.83, −0.47 ] 0.46 −2.11 ± 0.37 [ −2.82, −1.37 ] 1.00 −0.48 ± 0.64 [ −1.85, 0.71 ] 0.09

Copy phase ROCF (time 
in seconds) (↓)

−44.00 ± 7.35 [−58.00, 
−29.33 ]

0.56 −27.52 ± 4.75 [ −36.50, 
−17.72 ]

0.50 −27.38 ± 6.89 [ −41.39, 
−12.99 ]

0.33

Executive 
functions

MWCST (completed 
categories) (↑)

0.00 ± 0.25 [ −0.47, 0.50 ] 0.00 0.33 ± 0.27 [ −0.19, 0.85 ] 0.15 0.34 ± 0.26 [ −0.16, 0.83 ] 0.15

MWCST (total errors) (↓) −1.79 ± 1.49 [ −4.65, 1.10 ] 0.14 −1.67 ± 1.50 [ −3.95, 0.80 ] 0.14 −3.59 ± 1.34 [ −5.94, −1.05 ] 0.30

Rings (time in seconds) 
(↓)

−29.92 ± 4.23 [ −38.23, 
−21.59 ]

0.64 −33.84 ± 6.77 [ −46.67, 
−20.13 ]

0.45 −22.57 ± 6.03 [ −33.55, 
−10.20 ]

0.35

Rings (movements) (↓) −2.72 ± 1.34 [−5.35, −0.16 ] 0.28 −1.52 ± 1.04 [ −3.44, 0.50 ] 0.15 −0.17 ± 0.78 [ −1.74, 1.47 ] 0.03
Tests in which an improvement is reflected by an increase in the score are marked with an up arrow (↑); otherwise, they are marked with a down arrow (↓). Bold 
mean values indicate statistically significant effects (FDR-adjusted p < 0.05)
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association between resting-state eyes-closed β1 RP and 
MI accuracy across all EEG channels. Lastly, Fig. 7c illus-
trates that β2 RP is concentrated at electrodes F3, F4, 
C3 and C4 across all subgroups, with TG-R and PG-R 
exhibiting the highest values. Pearson correlation analy-
sis found no statistically significant association between 
resting-state β2 RP and MI accuracy.

Network analysis
The results of the NS analysis of the brain network 
derived for alpha band activity are shown in Fig. 8. Posi-
tive modulation of NS (i.e., NSMI − NSrest) in prefrontal 
channels (Fp1 and Fp2) is observed across all subgroups. 
However, disctinct NS modulation patterns differentiated 
responders from non-responders, indicating subgroup-
specific reorganization of the functional α band network 
during MI. Heterogeneous increases in NS were observed 
in both TG-R and PG-R, while TG-NR and PG-NR 
exhibited a more consistent and widespread reduction 
in NS values across the cortex. Specifically, statistically 
significant decreases were found in frontal and parietal 
electrodes for these non-responders subgroups. With 
respect to the β1 band, different NS modulation maps are 

observed among the different subgroups (Fig.  9). Non-
responders exhibited minimal positive NS modulation 
within this frequency band, whereas responders showed 
pronounced increases. Specifically, TG-R participants 
demonstrated statistically significant NS increases across 
frontal, central, parietal, and occipital electrodes during 
both MI conditions. In PG-R, marked NS increases were 
localized primarily to prefrontal and parietal channels. 
Figure 10 shows the NS modulation of the β2 functional 
network during the MI. Distinct patterns of functional 
reorganization in this frequency band are observed 
across subgroups. Both TG-R and PG-R exhibited con-
sistent changes in NS, albeit with distinct topographic 
profiles. However, only TG-R yielded statistically signifi-
cant increases. TG-NR showed a marginal, non-signifi-
cant positive NS modulation, whereas PG-NR displayed 
a slight, non-significant decrease overall, accompanied 
by modest NS increases in prefrontal and several frontal 
channels.

Figure 11a shows the correlation between resting-state 
eyes-closed α band functional network NS distribution 
and participants’ MI accuracy. Responders exhibited α 
band NS distributions concentrated in central region, 

Fig. 4  Topographic distribution and statistical significance of α band RP modulation during MI tasks. Modulation was computed as the difference be-
tween RP during MI and RP at eyes-closed resting-state. The top two rows correspond to left-hand MI trials, and the bottom two to right-hand MI trials. 
Each column represents a different subgroup. Each pair of rows shows scalp topographies of α RP modulation (top) and corresponding p-values(bottom; 
FDR–BH corrected)
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whereas non-responders presented higher overall NS 
extending into both central and parietal channels. In 
addition, a global negative correlation was observed 
between resting-state eyes-closed NS and MI perfor-
mance, with statistically significant associations identified 
at frontal, parietal, and occipital electrodes. Regarding 
the β1 (Fig. 11b) and β2 (Fig. 11c) bands, both exhibited 
similar resting-state eyes-closed NS topographies across 
participant subgroups, predominantly centered over 
central region channels. Interestingly, resting-state eyes-
closed NS in the β2 band was higher in PG-NR partici-
pants compared to all other subgroups. In both bands, a 
negative correlation was observed between resting-state 
NS and MI performance. However, these correlations did 
not reach statistical significance in any of the frequency 
bands.

Discussion
In this study, we designed, conducted and evaluated an 
MI-based NF training protocol aimed at enhancing cog-
nitive functions in healthy older adults. A total of 92 par-
ticipants were enrolled, representing one of the largest 
cohorts reported in NF research to date. To evaluate the 

effectiveness of the training protocol, a comprehensive 
cognitive assessment was performed across two evalua-
tion sessions. Additionally, spectral and functional net-
work analyses of brain activity were considered to explore 
the neuroregulatory mechanisms engaged during the NF 
training.

Suitability of MI-based NF for cognitive training of older 
adults
The 51.7% of the TG participants were able to self-regu-
late the neural oscilation patterns related to MI task. In 
this regard, TG-R participants achieved an average ses-
sion accuracy near to 70% from second session onwards. 
Despite this, the results of the pre- vs. post-training anal-
ysis (Table 2) indicated that the improvements observed 
in the cognitive assessment tests were not exclusive to the 
TG. While participants in this group showed enhance-
ments across five cognitive domains, similar gains were 
also observed in the PG and CG groups. Indeed, the 
significant improvements observed in the PG and CG 
were accompanied by effect sizes that were generally 
larger than those found for the TG. Importantly, these 
conclusions are supported by a mixed-effects modeling 

Fig. 5  Topographic distribution and statistical significance of β1 band RP modulation during MI tasks. Modulation was computed as the difference 
between RP during MI and RP at eyes-closed resting-state. The top two rows correspond to left-hand MI trials, and the bottom two to right-hand MI 
trials. Each column represents a different subgroup. Each pair of rows shows scalp topographies of β1 RP modulation (top) and corresponding p-values 
(bottom; FDR–BH corrected)
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approach that incorporated demographic covariates, 
experimental factors, and subject-specific variability. This 
framework also allowed us to account for potential unob-
served influences, providing a rigorous estimation of the 
cognitive changes observed across groups. Therefore, 
it cannot be conclusively attributed that the cognitive 
enhancement observed in the TG was specifically driven 
by the NF training protocol. Furthermore, the absence of 
significant baseline differences among groups discards 
the possibility that TG could not have a greater improve-
ment due to a higher baseline values. The comparable 
improvements observed in the CG also reduce the likeli-
hood that placebo effects account for the changes seen in 
the TG and PG.

Taken together, these findings suggest that the observed 
cognitive gains may stem from a combination of factors 
rather than from the NF intervention alone. Notably, 
both the cognitive and physical components of the pro-
tocol may have contributed to these improvements. The 
NF task itself, regardless of successful self-regulation, 
requires substantial cognitive engagement. Participants 
were asked to explore and apply diverse mental strate-
gies, simulate sensorimotor experiences, and interpret 

performance-based feedback. This cognitively demand-
ing activity places sustained demands on executive func-
tions and attentional control, and its repeated practice 
over the 10 training sessions. Therefore, it may have 
contributed to general cognitive benefits, comparable 
to those resulting from classical cognitive stimulation. 
Additionally, all groups participated in weekly physical 
activity sessions, which are known to promote cogni-
tive health. The contribution of this component to the 
observed improvements cannot be dismissed. However, 
it is important to note that the participants in the three 
group underwent the same exercise intervention, and 
therefore, the effects attributable to physical exercise are 
expected to be comparable across groups. Accordingly, 
the cognitive improvements observed across groups are 
more likely attributable to the combined influence of 
the study’s multimodal interventions, rather than being 
exclusively driven by the proposed NF training protocol.

These results make it pertinent to discuss whether the 
MI paradigm is a suitable NF protocol for the goal of 
improving cognitive abilities in healthy older adults. To 
frame this issue, we draw upon Wolpaw et al. [2] con-
cept of the “heksor”, defined as a distributed network of 

Fig. 6  Topographic distribution and statistical significance of β2 band RP modulation during MI tasks. Modulation was computed as the difference 
between RP during MI and RP at eyes-closed resting-state. The top two rows correspond to left-hand MI trials, and the bottom two to right-hand MI 
trials. Each column represents a different subgroup. Each pair of rows shows scalp topographies of β2 RP modulation (top) and corresponding p-values 
(bottom; FDR–BH corrected)
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Fig. 7  Topographic distribution of resting-state eyes-closed RP α (A), β1 (B), and β2 (C) for different subgroups (left side) and Pearson correlation (with 
statistical significance) between resting-state RP of all participants and MI accuracy (right side). All p-values have been corrected with FDR-BH
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neurons and synapses that generates a particular adap-
tive behavior and continually reshapes itself to pre-
serve that behavior’s essential features. Multiple heksor 
coexist in the central nervous system and share com-
mon neural resources. Thus, they must adjust to one 
another. This creates what the authors call a “negotiated 
equilibrium". It means that each heksor adapts so it can 
function without disrupting the others. We therefore 
hypothesized that an MI-based NF protocol could give 
rise to a new heksor dedicated to voluntary modulation 
of sensorimotor cortex activity. For it to work, it would 
need to integrate into the existing equilibrium without 
interfering with other behaviors. Our spectral and net-
work analyses have shown that the self-regulation behav-
iour, accquired by TG-R participants, recruited regions 
beyond the focus of the task. Specifically, β1 band RP 
modulation revealed that, although the primary desyn-
chronization occured over sensorimotor cortex, a wide-
spread significant desynchronization across all regions 
was also occuring. Furthermore, NS analysis revealed 
distinct patterns of functional network reorganization 
between responders and non-responders across all three 
frequency bands considered. Statistically significant NS 

increases in β1 and β2 bands imply that optimal MI per-
formance depended on engaging distributed frontal and 
parietal networks. These findings are aligned with prior 
reports of MI-induced network reconfiguration [54–56] 
and highlight the critical role of fronto-parietal connec-
tivity in supporting complex cognitive processes, such as 
planning, selective attention and efficient sensory pro-
cessing. These processes are essential for successful MI 
control [54, 57, 58]. Therefore, our results suggest that 
the potential new heksor accquired by TG-R participants 
shares neural substrates with existing heksors support-
ing key cognitive functions. However, this emergence 
did not elicit measurable adaptations in those preexist-
ing heksors via negotiated equilibrium. By contrast, MI-
based interventions in stroke rehabilitation have yielded 
such cross-network effects. For instance, MI training 
enhanced attentional capacity [59, 60] and overall cogni-
tive function [60] of stroke survivors.

Furthermore, the original MI-based NF protocol 
designed for cognitive enhancement in healthy older 
adults also reported broad cognitive gains in its TG 
[23]. Consequently, it is pertinent to try to clarify the 
hypothetical causes that may have limited the possible 

Fig. 8  Topographic distribution and statistical significance of α band NS modulation during MI tasks. Modulation was computed as the difference be-
tween NS during MI and NS at eyes-closed resting-state. The top two rows correspond to left-hand MI trials, and the bottom two to right-hand MI trials. 
Each column represents a different subgroup. Each pair of rows shows scalp topographies of α NS modulation (top) and corresponding p-values (bottom; 
FDR-corrected)
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cognitive improvement of our participants. First, we 
can point out a possible suboptimal training protocol. 
Gómez-Pilar et al. [23] based their feedback on the power 
of three narrow bands concentrated in the β1 range, 
whereas we used ERD in the canonical bands involved 
in MI [3]. Our spectral analyses indicate that this wider 
bandwidth may have attenuated task-specific effects: α 
band modulation during MI was homogeneous across 
subgroups (Fig.  4), likely reflecting the eyes-closed rest-
ing baseline’s strong posterior α synchronization [61], 
and yielded no C3–C4 differences (see S.Fig. 3 from sup-
plementary material). In contrast, β1 band ERD (Fig.  5) 
exhibited the expected contralateral desynchronization 
in TG-R [50], and β2 band patterns (Fig.  7c) appeared 
only in TG-R, albeit non-significantly [3]. By includ-
ing α activity in our feedback metric, we likely masked 
the real C3–C4 differences, mainly present in β1 band, 
as also reported by Corsi et al. [50]. Thus, although 
TG-R participants achieved voluntary self-regulation, 
our protocol may be suboptimal for driving the desired 
cognitive-heksor adaptations. A further factor that may 
underlie the limited transfer of the newly acquired heksor 

in our healthy older adults cohort is the inherently stable 
equilibrium of existing cognitive heksors. In the context 
of stroke, lesions disrupt the negotiated equilibrium, 
triggering endogenous reparative and plasticity mecha-
nisms that enhance network plasticity [62, 63]. During 
this adaptive window, introducing a new conditioned 
behavior such as MI can exert a pronounced influence on 
both motor and cognitive heksors. By contrast, in cogni-
tively healthy older adults, preexisting heksors respon-
sible for various sensorimotor and higher-order cognitive 
behaviors coexist in a well-balanced state. This homeo-
static stability means that the central nervous system 
migh have little room for further plastic reorganization 
without a substantial perturbation of existing network 
dynamics. This limited capacity for additional adaptation 
could be interpreted as a ceiling effect, where the system 
operates near its optimal level and further improvements 
are difficult to achieve. Consequently, the acquisition of a 
novel NF-induced heksor may not suffice to disrupt the 
equilibrium of entrenched cognitive heksors and thereby 
induce measurable functional adaptations. Under such 
conditions, only highly optimized NF protocols (e.g., a 

Fig. 9  Topographic distribution and statistical significance of β1 band NS modulation during MI tasks. Modulation was computed as the difference 
between NS during MI and NS at eyes-closed resting-state. The top two rows correspond to left-hand MI trials, and the bottom two to right-hand MI 
trials. Each column represents a different subgroup. Each pair of rows shows scalp topographies of β1 NS modulation (top) and corresponding p-values 
(bottom; FDR-corrected)
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training protocol tailored to the specific characteristics of 
the participant) could potentially yield the desired cogni-
tive enhancements [15].

In conclusion, in view of the results we cannot estab-
lish with certainty that the MI-based NF protocol is a 
suitable option for cognitive training of healthy older 
adults. Although the protocol aimed to induce neuro-
plastic changes in specific neural networks associated 
with high-level cognitive functions, it did not lead to cog-
nitive improvements beyond those observed with a less 
targeted intervention, such as classical cognitive stimula-
tion. However, as discussed above, our study presented 
certain methodological features that may have limited 
the final outcomes. Therefore, we consider it pertinent 
for future studies to further investigate the effectiveness 
of this NF protocol by systematically varying potentially 
suboptimal parameters, such as the frequency range used 
to compute the MI-related feedback signal.

Brain activity patterns influencing responsiveness
The inability of some individuals to volitionally mod-
ulate their brain activity poses a major challenge in 
NF research, particularly in defining and identifying 

non-responders [27]. Previous approaches have included 
subjective inspection of training curves [18], compari-
sons of spectral power between early and late record-
ings [27, 64], and threshold-based measures of feature 
increase during NF [65]. By contrast, we adopted a data-
driven clustering strategy, grouping participants by their 
average MI accuracy across ten NF sessions. This unsu-
pervised approach only requires specifying the number 
of clusters (k) and offers an objective framework to dif-
ferentiate responders from non-responders. As a result, 
we obtained a compact cluster of non-responders, posi-
tioned in the negative range of the three PCA com-
ponents, while responder features were more widely 
distributed across the PCA space. This pattern reflects 
that non-responders exhibited a consistently low level of 
NF control throughout the training, whereas respond-
ers show greater variability across sessions, consistent 
with the dynamics typically associated with learning and 
adaptation. These findings indicate that our approach 
successfully achieved an unsupervised and interpre-
table separation between responder and non-responder 
participants.

Fig. 10  Topographic distribution and statistical significance of β2 band NS modulation during MI tasks. Modulation was computed as the difference 
between NS during MI and NS at eyes-closed resting-state. The top two rows correspond to left-hand MI trials, and the bottom two to right-hand MI 
trials. Each column represents a different subgroup. Each pair of rows shows scalp topographies of β2 NS modulation (top) and corresponding p-values 
(bottom; FDR-corrected)
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Fig. 11  Topographic distribution of resting-state eyes-closed NS α (A), β1 (B), and β2 (C) for different subgroups (left side) and Pearson correlation (with 
statistical significance) between resting-state NS of all participants and MI accuracy (right side). All p-values have been corrected with FDR-BH
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Functional imaging studies have provided neurophysi-
ological evidence that may help to explain poor NF per-
formance in certain individuals [66, 67]. These studies 
identified a frontal network responsible for monitor-
ing internal states and adjusting them in response to 
external feedback. Notably, this network is recruited 
regardless of feedback contingency, even under sham 
conditions. Therefore, non-responsiveness may reflect 
a diminished capacity to engage this core neuroregula-
tory system, rather than being solely attributable to the 
use of suboptimal cognitive strategies [26, 68, 69]. Several 
findings from our study further support this interpreta-
tion. In resting-state eyes-closed condition, β1 band RP 
(Fig. 7b) correlated positively and significantly with par-
ticipants’ ability to self-regulate during MI. Moreover, 
responders exhibited markedly higher baseline β1 RP 
over sensorimotor area than non-responders. This base-
line–performance relationship has been documented as 
a potential NF predictor [26, 27, 70] and has been pro-
posed as indicator of a higher neural adaptability [27]. 
Complementing these findings, α band NS analysis dur-
ing resting-state revealed a distinct functional network 
distribution between responders and non-responders 
(Fig. 11a). Notably, baseline α NS values were negatively 
correlated with NF performance in frontal and parietal 
regions. These distinct resting-state NS patterns may 
underlie the statistically significant α band network 
downregulation observed during MI tasks only in non-
responders (Fig.  8). Together, these findings may reflect 
a baseline network organization in non-responders that 
may limit the successful recruitment of neural resources 
required for effective self-regulation. This could explain 
why only TG-R exhibited significant patterns of NS 
increase in β1 and β2 bands (Figs. 9 and 10), which could 
reflect the network-level adaptations required for a suc-
cessful NF control. Previous studies have suggested a 
potential link between resting-state network proper-
ties and MI performance. Lee et al. [71] identified effec-
tive connectivity between the supplementary motor area 
and the dorsolateral prefrontal cortex as a potential bio-
marker for predicting individual MI performance. Simi-
larly, Zhang et al. [72] examined resting-state functional 
networks in the 4–14 Hz range and reported a positive 
correlation between higher NS and greater MI accuracy. 
However, both studies evaluated this relationship using 
only two NF sessions, providing a limited view of the 
learning trajectory. In this regard, our findings are based 
on a more extended training period, allowing us to assess 
how resting-state NS relates to MI accuracy after users 
have gained sufficient experience to effectively control 
the BCI system.

Our findings underscore the importance of conducting 
in-depth analyses of brain activity in users undergoing 
NF-based cognitive training. The approach implemented 

in this study, which combines multiple analytical meth-
ods, proves essential for gaining a more comprehen-
sive understanding of the neuroregulatory mechanisms 
engaged during NF and the resulting effects on users’ 
brain activity.

Reevaluating placebo groups in NF research
K-means clustering not only revealed a substantial sub-
set of non-responders within the TG, but also identified 
PG individuals who achieved high MI accuracy values. 
Despite receiving non-contingent feedback, these indi-
viduals generated MI-typical neural patterns. This phe-
nomenon has been documented in several studies. 
Reichert et al. [27] reported that 58% of participants who 
received non-contingent SMR feedback were able to 
increase SMR during NF sessions. More recently, Stefano 
Filho et al. [69] examined MI ERD and BCI control under 
three conditions: no feedback, sham feedback, and con-
tingent feedback. The authors found that, although con-
tingent feedback produced the largest gains, four (two 
statistically significant) out of ten sham-feedback partici-
pants increased their ERD production in β1 band at the 
contralateral hemisphere to the imagined hand. Notably, 
three of ten participants with no feedback also improved 
BCI classification. In addition, our results are in line 
with the previous mentioned neural network inteded for 
the self-regulation mechanism, which can be recluted 
regardless the feedback contingency [66].

In light of these findings, we raise a fundamental ques-
tion for the NF research community: Are placebo groups 
a valid control strategy in NF studies? In NF research, the 
term “placebo” typically refers to the use of non-contin-
gent feedback. However, the results of this and previous 
studies suggest that the absence of feedback contingency 
does not necessarily prevent participants from engag-
ing the neural networks involved in the self-regulation 
of brain oscillations [66, 67]. From this perspective, 
participants receiving non-contingent feedback should 
not be regarded as placebo controls in the traditional 
sense, as they actively engage in the same tasks and rely 
on the same neuroregulatory mechanisms. Rather than 
representing a true placebo condition, sham-feedback 
protocols may constitute highly challenging training envi-
ronments that significantly hinder learning. The observa-
tion that individuals in a placebo group can volitionally 
modulate their brain activity patterns implies that they 
might be capable of benefiting from NF training. There-
fore, we argue that the current definition of placebo in 
NF warrants reconsideration. Specifically, is the inclusion 
of non-contingent feedback conditions appropriate for 
controlling placebo effects, or does it risk misinterpreting 
study outcomes by comparing fundamentally different 
protocols? We believe these questions should be care-
fully addressed by the NF research community in order 
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to refine training designs and ultimately enhance NF 
effectiveness.

Contributions
In the following, we briefly review the main contributions 
of this work to the field of NF research. First, as previously 
discussed, doubts persist regarding the effectiveness of 
NF for cognitive training. This lack of consensus is largely 
attributable to methodological limitations in previous 
studies, including small sample sizes, inadequate control 
of efects unrelated to the NF, and the absence of random-
ized double-blind experimental designs. The omission of 
these essential experimental considerations undermines 
the reliability and generalizability of the reported out-
comes. In response to these limitations, the present study 
follows the recommendations of the CRED-NF guide-
lines [25], implementing a robust experimental protocol 
that enhances the internal validity and interpretability of 
the results. Table 3 provides a comparative summary of 
the experimental designs employed in NF-based cogni-
tive training studies involving cognitively healthy older 
adults, as compiled in a recent systematic review [16]. 
In light of this comparison, our study distinguishes itself 
among NF-based cognitive training state-of-the-art: we 
have included the largest participant sample to date and 
features the most rigorous experimental design, incor-
porating different condition groups under a double-blind 
protocol. We argue that these methodological features 
are essential to ensure the reliability, reproducibility, and 
scientific value of NF research. Moreover, although the 

previously promising MI-based NF protocol for cognitive 
training in older adults was proposed in [23], to the best 
of our knowledge, no prior validation study has assessed 
its efficacy. In this work, we provide novel empirical evi-
dence evaluating the effectiveness of the MI-based NF 
protocol. Although a subset of participants in the TG 
successfully achieved self-regulation of their brain activ-
ity patterns, no specific cognitive improvements were 
observed in this group. These findings raise important 
concerns about the effectiveness of the approach and 
point to the need for refining MI-based NF paradigms 
aimed at cognitive enhancement in aging populations. 
In this context, our spectral analysis results offer valu-
able insights that may help shape the design of future MI-
based NF training protocols.

It is also worth highlighting the comprehensive analy-
sis of participants’ brain activity conducted in this study. 
As previously noted, NF research has typically neglected 
the analysis of brain activity in non-responders, who 
are often excluded from further examination once their 
inability to self-regulate is identified [18, 19]. This study 
systematically examined the neurophysiological pat-
terns of both responders and non-responders to NF. This 
approach enabled us to identify distinct spectral modu-
lations and functional network reorganizations during 
MI tasks that differentiate the two groups. Additionally, 
we observed specific resting-state electrophysiological 
signatures in non-responders, which may reflect a lim-
ited capacity to engage the neural substrates necessary 
for successful self-regulation. These findings represent a 
relevant step toward uncovering the mechanisms under-
lying the non-responsiveness phenomenon. Lastly, the 
resting-state metrics identified, such as β1 RP and α band 
NS, may serve as potential biomarkers for identifying 
individuals with limited capacity to achieve effective NF-
induced neuroregulation [1]. However, further research is 
required to assess the robustness of these markers as pre-
dictors of NF responsiveness and to determine whether 
their predictive value depends on specific factors, such as 
the type of NF training protocol or characteristics of the 
population studied.

Limitations and future work
As previously noted, the absence of expected effects in 
our MI-based NF protocol may reflect aspects of the pro-
tocol that need optimization. In addition to adjusting the 
training to the β1 band, we have identified several further 
aspects of improvement of our design that future stud-
ies should address when validating MI-based cognitive 
training. First, our protocol followed an approach that 
encourage the users to fit their neural oscillations to the 
target brain pattern, instead of adapting the BCI system 
to the user brain activity. In this regard, we did not fol-
low the typicall signal-processing pipeline applied in 

Table 3  Comparison of the experimental designs of published 
NF-based cognitive training studies in cognitively healthy older 
adults
Author No. 

participants
PG 
included

CG 
included

Double-
blind 
design

Andrade et al. 
[73]

37 ✓ ✓

Becerra et al. 
[74]

40 ✓

Campos et al. 
[75]

17 ✓ ✓

Gómez-Pilar et 
al. [23]

63 ✓

Jirayu et al. [76] 54 ✓
Lee et al. [77] 39 ✓
Marlats et al. [22] 33
Reis et al. [78] 30 ✓ ✓
Staufenbiel et al. 
[79]a

20 ✓

Wang et al. [17] 16 ✓
Our study 92 ✓ ✓ ✓
a  The double-blind condition indicated in Staufenbiel et al. [79] refers to the 
fact that two different NF training protocols were used, and both participants 
and researchers were blinded to the specific protocol assignment
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MI-based BCI studies (i.e., applying common spatial pat-
terns followed by linear discriminant analysis or support 
vector machines to infer user intentions) [80]. We believe 
that the user-adaptation approach, as opposed to system-
adaptation, may foster stronger neuroplastic effects by 
placing greater demands on the user and relying entirely 
on their capacity for self-regulation. However, this strat-
egy did not account for inter-individual variability in 
brain activity. For example, the training frequency band 
was not personalized to each participant’s neurophysi-
ological characteristics. We therefore propose that tai-
loring the training protocol to individual’s brain signal 
features may enhance NF control and potentially produce 
more robust cognitive outcomes. In this regard, we also 
propose exploring the potential of algorithms for auto-
matically adjusting the threshold of the trained feature 
in NF according to each participant’s individual progress 
[16, 81]. Another factor that may have influenced the 
outcomes of the training protocol is the overall intensity 
of the NF intervention, specifically in terms of the total 
number of sessions and their frequency. In our study, 
participants completed one session per week over a ten-
week period. However, this may have been insufficient 
to elicit significant neuroplastic changes in the networks 
underlying the targeted cognitive functions. In compari-
son, previous studies have employed more intensive pro-
tocols. For instance, Andrade et al. [73] conducted 20 
NF sessions, Becerra et al. [74] implemented 30 sessions, 
and Marlats et al. [22] delivered 20 sessions, all with a 
frequency of two to three sessions per week. These dif-
ferences highlight the need for future research to exam-
ine the influence of session frequency and total training 
volume on the efficacy of NF interventions. Another 
relevant factor that may have influenced the outcomes 
is group-assignment expectancy. Even under a double-
blind design, participants or experimenters might form 
beliefs about the assigned condition, potentially affect-
ing engagement and performance during NF sessions. 
Because no post-intervention assessment of group beliefs 
was collected, this factor could not be incorporated into 
the statistical analyses. Finally, we acknowledge that our 
cohort was imbalanced with respect to participant sex, 
with 75 % of participants being females. Although this 
disparity was accounted for in group assignment, future 
studies should ensure equal representation of men and 
women to prevent potential sex-related biases.

Conclusion
This paper presents one of the largest cohort studies to 
date on NF-based cognitive training in healthy older 
adults. Specifically, our analyses addressed two research 
questions. First, although a large proportion of partici-
pants were able to voluntarily modulate their brain activ-
ity using a MI-based protocol, this did not translate into 

cognitive improvements specific to the TG. Accordingly, 
we cannot confirm the efficacy of this protocol for cog-
nitive training in older adults, and future studies should 
refine the design by addressing the limitations identified 
here. Second, our comprehensive EEG analysis during 
NF sessions revealed neurophysiological patterns that 
distinguish responders from non-responders. Notably, 
we identified specific resting-state activity features that 
were associated with participants’ ability to control the 
NF system. These findings suggest that a suboptimal 
organization of resting-state networks may hinder non-
responders from recruiting the resources necessary for 
effective neural self-regulation.
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