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Abstract

Learning companions (LCs) are becoming increasingly popular for maximising the effectiveness of an
individual's engagement with a brain-computer interface like neurofeedback training (NFT). The
dynamic and supportive learning context which LCs are said to foster particularly important for (sub-
)clinical individuals who may struggle with motivation and focus during NFT. However, before LCs
become commonplace in clinical settings, it is imperative to understand the attitudes that individuals
hold towards them. This study aims to assess how (sub-)clinical individuals perceive LCs over the
course of three NF sessions regarding acceptance and mood. Thirteen participants (3 male, 9 female, 1
agender; M = 24.77, SD = 10.47) completed three NF sessions including an acceptance questionnaire
before Session 1 and after Session 3, and the PANAS following each session. The paired samples #-
test result suggests that acceptance of the LC (composite score of behavioural intention, perceived
ease-of-use and perceived usefulness) significantly increased but the correlation analysis revealed that
the LC did not significantly induce positive mood which led to higher acceptance scores. These
findings represent an important step in the feasibility process, informing future researchers and
clinicians that (sub-)clinical samples are accepting of LCs. Avenues remain however to improve their

effectiveness for NFT and to further understand the association between mood and acceptance.



Introduction

Maximising the efficiency of emerging neurotechnologies is crucial for advancing our understanding
of neuropsychology and for helping those who are afflicted with various mental disorders.
Neurofeedback training (NFT) is an example of self-neuromodulation via brain-computer interface
(BCI) which has become increasingly popular as a way to improve symptoms of depression
(Fernandez-Alvarez et al., 2022), anxiety (Tolin et al., 2020) or ADHD (Vlachou et al., 2022) while
also helping to improve abilities such as memory (Jackson et al., 2023) or even athletic performance
(Brito et al., 2022). NFT requires individuals to participate in a number of sessions with a specialist,
whereby a curated protocol helps participants to self-modulate their brain activity as real-time
feedback is provided via electroencephalogram (EEG). Despite many promising results, there are still
many individuals who do not effectively engage with NFT (Kadosh & Staunton, 2019; Loriette et al.,
2021). This occurrence of non-responders has led researchers to strategise on what are the underlying

variables which prevent effective engagement with NFT, and what strategies may resolve this.

Learning companions (LCs) have become more popular over recent years in an effort to
improve the engagement and efficiency of user interaction with BCIs. LCs can come in various forms
and are often closely connected with other terms such as social robot or pedagogical agent.
Specifically however, one of the first definitions from Chou et al. (2003) described an LC as a non-
human computer-based intelligent tutoring system which fosters learning through social interaction
but does not hold an authoritarian influence towards the individual. LCs often take a partly or wholly
digital form with warm, anthropomorphic features such as big, blinking eyes or a wide smile (Song et
al., 2021). LCs interact with users in a number of ways. They act as co-learners, explaining key terms
if necessary or they promote specific learning strategies by encouraging users to reason aloud or ask
questions. LCs also provide corrections in a supportive way (as a peer rather than a superior) and their
social presence makes the task of learning feel more interactive. Thus, LCs enrich the learning
context, causing it to become more dynamic and interactive (Chou et al., 2003). The positive emotions
which this is said to induce is one of the key mechanisms behind the improvements that LCs seem to

cause (Pillette et al., 2020; Han et al., 2025). Task engagement (Zielke et al., 2024), flexibility and



creativity (Earle-Randall et al., 2024), motivation (Lester et al., 1999), and task efficiency (Kim et al.,
2006) are all variables which LCs are said to enhance. Such improvements have been noticed in a
number of different contexts. Classrooms and other educational settings tend to be the most common
locations for LCs, but other studies demonstrate their effectiveness in medical or military contexts
(Johnson & Lester, 2018; Stommel & Stommel, 2021). Most relevant to this study, Pillette et al.
(2020) demonstrated that for those who struggle with BCI usage, LCs represent a viable avenue to
enhance their ability to learn and memorise how to use the BCI while also improving the subjective
user experience. These results lay a promising foundation for the prospect of improving
neurofeedback results with LCs. However, given that LCs are a relatively recent technology,

understanding the attitudes of individuals towards them is key to maximising their efficiency.

A user’s attitudes and beliefs towards a tool such as an LC is likely to influence their success
in using it and to predict overall adoption of the technology. Research suggests that when individuals
are more accepting of an LC, they demonstrate higher enthusiasm and fewer mistakes during usage
(Kort et al., 2001). Previously, this concept had been discussed via the Technology Acceptance Model
(TAM) and the Unified Theory of Acceptance and Usage of Technology (UTAUT). Those theories
and models aimed to discover the variables which are most important when considering usage and
acceptance of social robots or LCs. Such variables include usefulness, adaptability, enjoyment,
sociability, companionship and perceived behavioural control (Venkatesh et al., 2003; Davis, 1989).
More recently however, Grevet et al. (2024) have expanded the concept of user acceptance to publish
a BCI acceptability questionnaire. This work identifies a number of important latent traits with much
focus being placed upon the target variable of behavioural intention (BI) with its moderators of
perceived ease of use (PEOU) and perceived usefulness (PU) also being of great importance for
acceptance. Bl is a measure of an individual's intention to use the tool/technology. If BI is high, then
the user is more likely to adopt the tool. PEOU refers to the thoughts a user may have regarding how
simple the tool will be to interact with. If the PEOU is high, then the user believes that interacting
with the tool will be relatively free of effort. PU instead refers to thoughts the user may have

pertaining to how useful the tool will be to them. If the PU is high, then the user believes that the tool



will help them to achieve their desired outcome. PEOU and PU represent the most important
predictors of BI. Although BI represents a main outcome variable within the work from Grevet et al.
(2024), incorporating other factors such as PEOU and PU within the outcome variable may result in a
measure of an individual’s acceptance which offer further insight into how easy the find the LC to
interact with and how relevant they find it in an NFT context. With this in mind, future references to
acceptability/acceptance in this work will denote a composite score of BI, PEOU, and PU (further
detail on the validity of the measure is described in the Data Analysis section of the Methods).
Notably, it is also important to distinguish between concepts of acceptability and acceptance.
Acceptability refers to the attitudes and intentions a user may have prior to interacting with or using
the tool/technology (Alexandre et al., 2018). Acceptance on the other hand refers to the evaluation of
the tool/technology affer interaction or usage (De Graaf & Allouch, 2013). These concepts are
important to consider for all individuals when a practice involves a tool such as an LC, but it is even
more so when working with clinical or subclinical populations. For example, symptoms of anxiety
and depression have had a notable detrimental effect on BCI usage in previous studies (Jeunet et al.,
2016). Understanding this relationship between the individual and the LC they interact with informs

researchers and clinicians as to how necessary and impactful they can be.

The affective component which LCs offer is one of the main appeals of the technology.
Specifically, this affective component can be seen in studies where participants exhibit both reduced
negative affect feelings [stress, anxiety etc] and higher positive affect feelings [motivation, enjoyment
etc] (Han et al., 2025; Edwards et al., 2020). Emotional Response Theory is one purported mechanism
behind this advantage with the verbal (expressing interest, offering feedback/support) and non-verbal
cues of the LC (smiling, dynamic vocal tones) being of benefit to the mood of the individuals (Liew et
al., 2017). Despite these advantages, it is not a guarantee that the mood of an individual will be
improved following usage of an LC. According to Cognitive Load Theory, the additional cognitive
processing of an LC could be of detriment to individuals who are usually already undertaking
something which requires focus (Liew et al., 2017). This is of particular concern with a procedure like

NFT which applies significant mental load on the individual and which requires significant mental



resources (Bauer & Gharabaghi, 2015). Furthermore, scepticism has been voiced on the topic of
introducing social robots or LCs to the general public. Concern has been raised regarding the coercion
of vulnerable or less independent populations into using such a technology when they would rather be
with a human (Share & Pender, 2018; Morris, 2021). If the presence of an LC is something which
hinders the mood of an individual, their necessity in both learning and other contexts is called into
question. The importance of understanding how mood may be affected by an LC becomes even more
important when considering prior research which posits mood as a predictor of BCI performance in
some users (Nijboer et al., 2010). Thus, it remains imperative to listen to those who interact with LCs
(particularly when they represent vulnerable populations such as sub-clinical/clinical individuals) to

avoid coercion and to ensure that the presence of such a technology is not detrimental to their mood.

Feasibility studies represent a way to learn more about how an intervention can be evaluated
and implemented to inform researchers and clinicians if it is worth the costs and resources, but also to
identify what are the strong and weak points which can be addressed. They help to improve internal
and external validity through the identification and removal of methodological issues or through
gaining a better understanding of the resources necessary for its implementation (Fredericks et al.,
2019). Such improvements have already been found in feasibility studies which explore BCI
technology ranging from setup procedures becoming more participant friendly (Mansour et al., 2025),
to resource allocation becoming better understood (Lim et al., 2023), to better insights into acceptance
being gained (Grevet et al., 2023). Thus, feasibility studies ask the transdiagnostic question of “can
this be done?” (National Institute for Health Research, 2012). Undertaking a feasibility study is
greatly beneficial for exploring the concepts of acceptability, acceptance and mood (Gadke et al.,
2021), factors which are imperative when looking to combine two modern technologies such as LCs

and NFT.

The present study aims to investigate the influence that interacting with an LC during frontal-
midline theta NFT has on individuals’ acceptance of the technology. To this end, participants’ scores
of the acceptability questionnaire (Grevet et al., 2024) which was completed before the first and after

the third NFT session will be compared.



Assessing the influence of interaction with an LC on participants’ mood is another goal of this
study. This will be achieved by analysing the results of the PANAS questionnaires which were
administered to participants following each of the three NFT sessions. Thus, the completion of this
study should provide a broader view of the way in which the usage of LCs during NFT impacts the
mood of (sub-)clinical individuals and how this affects acceptance. Specifically, the following

hypotheses are proposed:

Hypothesis 1, H1: using the LC during NFT will result in participants’ acceptance of it being

significantly higher than the acceptability.

Hypothesis 2, HO: using the LC during NFT will not result in participants’ acceptance of it being

significantly higher than the acceptability.

Hypothesis 3, H1: interaction with the LC induces positive feelings which result in high scores on the

PANAS scale and also in high acceptance scores.

Hypothesis 4, HO: interaction with the LC does not significantly induce positive feelings and thus

does not result in high scores on the PANAS scale and/or contribute to high acceptance scores.



Methods

Ethical Procedure, Recruitment and Participants

Ethical approval for this study was granted by the Institutional Review Board, documented under the

ethical reference number PSY-2324-S-0092.

Participants were recruited via the SONA credit system (mandatory for first-year psychology
students), via posters which were hung up around University of Groningen faculties, and via the
researchers’ personal networks. Participants completed the Behaviour Rating Inventory of Executive

Function - Adult Version (BRIEF-A) to assess self-reported everyday EF impairments.

Inclusionary criteria necessitated participants being 18 or above years of age and scoring in
the 75th percentile or higher in the Behaviour Rating Inventory Executive Function-Adult version
(BRIEF-A; Roth et al., 2005) or on any of its subscales. Furthermore, the presence of a brain tumour
or epilepsy excluded participation, as did colour-blindedness and/or the usage of a psychoactive drug
(cannabis, alcohol, nicotine and caffeine excluded) in the previous three weeks of the study. Based on

these criteria, 95 individuals were eligible and 13 took part in the study.

The age of participants ranged from 18-54 (M =24.77, SD = 10.47). The sample consisted of
3 males, 9 females and 1 who described themselves as agender. Pertaining to the presence of a
psychiatric or neurological disorder, 4 were officially diagnosed, 3 were not officially diagnosed but
suspected one or more may have been present, and 6 reported that none were present. Generalised
anxiety disorder (GAD) and attention-deficit hyperactive disorder (ADHD) were the most common

disorders with a more extensive table detailing the disorders below (Appendix A).

Figure 1. CONSORT Flowchart of Recruitment Process
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Design

A single group pre-post design without a control group was used throughout the study. The design
aligns with the TULIP project at RUG, which is a feasibility study. The goal was to assess the
acceptability of the LC during NFT with participants with executive function (EF) impairments rather

than to study the intervention’s effectiveness, thus a control group was not necessary.

Procedure

Information and informed consent

Participants who wished to partake in the study received an information sheet and an informed
consent sheet. The information sheet included a description of the purpose of the research, the
screening procedure, the right of withdrawal for participants, information regarding data treatment
and storage, some benefits and possible risks and also the email addresses of the researchers in case
participants had further questions. After the participants had read the information sheet, an informed
consent sheet was presented. Through signing the informed consent, the participant agreed with all of

the information given in the information sheet.
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Neurofeedback procedure

All of the data collection occurred in a sound-attenuated EEG lab located in the Heymans institute at
the University of Groningen. All participants followed the same protocol: three neurofeedback
sessions scheduled involving the participant and two members of the research team. It was aimed to
schedule the three sessions within a single week and at the same time of day, in order to maintain

regularity and avoid distractions between, for example, morning and afternoon sessions.

Sessions took approximately two hours for the participant with another 40 minutes
(approximately) of preparation and cleaning down tasks for the researchers present. Upon arriving for
the first neurofeedback session, the participant completed three questionnaires: the pre-assessment
questionnaire, the acceptability questionnaire, and the personality questionnaire. Then, the EEG cap
setting and calibration was undertaken, including a blink-threshold procedure so blinks could be
filtered out without losing valid data. After a practice block and a baseline pre-block, six NF blocks
commenced. Mental strategies aimed at upregulating FM theta activity were attempted by participants
during these blocks as they received immediate feedback on the computer screen in the form of
colour-coded squares (green = upregulation, red = downregulation, grey = artifact). Following each
block, two sentences of feedback were given by the LC and the logbook was filled out. The NF

session ended with a post-rest block and the completion of the PANAS questionnaire.

The second and third sessions followed the same procedure, but no questionnaires were
completed before training. After the third session, participants filled in the PANAS, the Companion
Usability questionnaire, the Acceptability questionnaire, and the BRIEF-A. Data was securely stored
on the university server. SONA participants were granted their course credits; beyond this no further

compensation was offered.

Materials

Juno - Learning Companion

Juno was the name of the robot-like learning companion involved in this research. Juno was

developed by the TULIP project group (Enriquez, 2024). Juno featured interactive eyes via a
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smartphone app placed at the front of the head of the styrofoam design (Appendix B). Feedback was
provided by Juno after each NF block by delivering one statement of encouragement (e.g support
effort, general effort) and one strategy-related suggestion (strategy keep or strategy change).
Examples of encouragement included: ““You have made a remarkable effort” (support effort) or “Have
patience, you will progress” (general effort). Examples of suggestive feedback included: “Maintain
the mental strategies that have been successful” (strategy keep) or “Consider exploring a different
mental strategy” (strategy change). The LC feedback was offered exclusively in English as this was

the only language which had been prepared by the time of data collection.

Participant Logbook

Participants were asked to complete a logbook following each block. The mental strategies they
engaged in were filled in and rated on a scale from 1 to 7 (1 = not effective, 7 = very effective).

Participants could record up to 8 strategies which they may have used.

Mental Strategies List

A list of mental strategies in Dutch and English was provided during NF blocks. The list offered
suggestions for which strategies to engage in rather than enforcing participants to use those particular

strategies. The list (Appendix C) was designed by researchers in the TULIP research project.

Questionnaires

Pre-assessment questionnaire: This gathered demographic information (age, gender, occupation etc),

self-report data on psychological/neurological/psychiatric conditions, and it included the BRIEF-A.

Acceptability questionnaire: This questionnaire derives from the BCI/Neurofeedback Acceptability
Tool (Grevet et al., 2023). This tool was developed based on previous models such as the Technology
Acceptance Model 3, the Unified Theory of Acceptance and Use of Technology (UTAUT), and the
components of user experience (CUE) model. The adapted version used in this study consists of 50
questions which examine 18 variables (1-3 questions per variable). Previous research deemed BI the

most relevant variable for overall use behaviour with PEOU and PU being key predictors of BI. Four
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categories contributed to each of the three above variables. These categories include system
characteristics, facilitating conditions, social influence and individual differences. Each of these
categories were made up of multiple questions which assessed further specific subcategories (Grevet
et al., 2023). All questions in the tool use an analogous scale where participants can provide any
answer ranging from 0 (“totally disagree”) to 100 (“totally agree”) in response to a statement such as
“If I had the opportunity, I would like to use the neurofeedback companion again during my
neurofeedback training for the improvement of cognitive abilities”. This tool demonstrates promising
psychometric properties with Cronbach’s alpha ranging from .83 to .97 for perceived ease-of-use,
perceived usefulness, and behavioural intention, suggesting good internal consistency. Furthermore, a
good fit between the model and the dataset providing support for its validity and utility is apparent

with a value of .913 for comparative fit index and .897 for Tucker-Lewis Index.

Personality questionnaire (16PF-5): This measured 16 primary traits and 5 higher order (global)
factors. Internal consistency is typically a =~ .75; test—retest reliability r = .70—.80 (primary scales) and
r =~ .78-.87 (global factors). The 16-factor structure is supported, with good convergence with the

NEO-PI-R (administered before session one; Cattell & Mead, 2008)

BRIEF-A: Assesses everyday EF difficulties; internal consistency is excellent (o =~ .94—.96) and
validity has been demonstrated across clinical and non-clinical samples (used in the pre-assessment

and re-administered after session three; Roth et al., 2013).

PANAS: Assesses the emotional status of participants following each of the three neurofeedback
sessions. Two 10-item scales measure positive and negative affect respectively. An example of a
question which measures positive affect is “Indicate the extent you have felt this way over this session.
- Enthusiastic”, to which the participant provides an answer on a 5-point Likert scale ranging from
“very slightly or not at all” to “Extremely”. An example of a question which measures negative affect
is “Indicate the way you have felt this way over this session. - Ashamed”. PANAS has a strong internal
consistency reliability (PA o ~.86—.90; NA a =~ .84—.87) with good test-retest values (up tor~=.71)
and a clear two-factor structure with low intercorrelation supporting discriminant validity (Watson et

al., 1988; Heubeck and Wilkinson, 2019).
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Companion Usability: Adapted from Pilette et al., (2019) comprising four dimensions:
Learnability/Memorability, Efficiency/Effectiveness, Safety, and Satisfaction. Items were rated on a

1-5 Likert scale (administered after session three).

Data Analysis

FEEG data

Data extraction was done per block per person, processed in MATLAB and normalized to 1 to 30

hertz (i.e. mean theta amplitude / mean amplitude in the full frequency band).

Data preparation

A composite acceptability/acceptance score was derived by averaging the means of BI, PEOU and
PU. This decision was supported by other studies which examine acceptance via multiple variables
rather than just BI (Rosli et al., 2022), and by the motivation to have an acceptance variable which
fully incorporates how participants felt regarding the LCs specific NFT effectiveness, and how easy
they found interaction with the LC in this context. Internal consistency for each subscale (BI, PEOU,
and PU) and for the composite acceptability/acceptance variable was assessed using Cronbach’s
alpha. Inter-subscale correlations were also examined to assess whether the subscales measured

related aspects of a common construct. A full breakdown of these statistics is provided in Appendix D.

A number of variables were also highlighted as warranting respective exploratory analyses
based off the predictive value that prior literature suggests they may hold for acceptance (Grevet et al.,
2024). These included BI, PU and PEOU respectively. Furthermore, the categories of system
characteristics (SC), social influence (SI), facilitating conditions (FC) and individual differences (ID)
were also assessed to gain the best possible understanding of the factors which contribute to an

individual’s acceptance of an LC.

Data preparation involved testing for outliers and assumptions of normality for the paired
samples t-test. Due to the small sample size, the mean absolute deviation method was used to test for

outliers (Leys et al., 2013). No values were excluded due to this method. Shapiro-Wilk tests and q-q
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plots were used to check for assumptions of normality for every paired samples #-test which was
undertaken. All of the data complied with the assumptions and so paired samples 7-tests were chosen

to assess the differences. Holm-Bonferroni corrections were applied to the tests where necessary.

The total positive affect (PA) and total negative affect (NA) scores from the PANAS were
used for the correlation analysis. The mean of each of these scores throughout each of the three
sessions was found so that a measure of the participants’ average mood after interacting with the LC
could be used. Acceptance was tested against the mean PA and the mean NA scores to assess the

strength of the correlation.

Before conducting the correlation analysis, assumptions of linearity, normality, and
homoscedasticity were checked along with checking for the presence of outliers. Again, no outliers

were found here with the mean absolute deviation method being used to check.

Non-parametric alternatives were conducted alongside the planned parametric tests for both
research questions. This was done even when all of the assumptions of the parametric tests were met.
The purpose of this was purely to enhance the statistical rigor of the results which may have been
initially questioned due to the small sample size. The results of the non-parametric alternatives are

supplementary and do not directly contribute to the interpretation of the hypotheses.

Bootstrapping resampling analyses (10,000 samples) were also conducted to obtain an
empirical confidence interval for the mean differences in order to further strengthen the robustness of

results which may have been initially questioned due to the small sample size.
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Results

A paired samples z-test was conducted to assess if interaction with the LC over three sessions led
acceptance scores to be significantly higher than acceptability scores. Results indicated that the mean
score for acceptance (M = 71.43, SD = 15.1) was significantly higher than that for acceptability (M =
65.27, SD = 8.85). The difference, 6.15, 95%[0.31, inf], was significant #(712) = 1.88, and p = 0.043

and represented a moderate effect, d = 0.5.

Figure 2. Comparison of Acceptability (Before Session 1) and Acceptance (After Session 3) Mean

Scores.
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A supplementary nonparametric Wilcoxon signed rank test was also performed. The result of this test!

supported that of the above #-test. A supplementary bootstrap analysis (10,000 samples) was also

! Acceptance scores (Mdn = 80 = IQR = 20.78) were significantly higher than acceptability scores (Mdn = 65.22, IQR = 5.22), W= 70, n =13, p = .047, r = 0.54.
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conducted to assess the robustness of the finding. The bootstrapped 95% one-sided lower confidence

limit (0.88) was above zero, suggesting a precise estimate of effect size.

Exploratory, one-tailed paired samples z-tests were conducted to assess if interaction with the LC led

the variables of BI, PEOU, and PU to increase over the three sessions.

On average, interaction with the LC did not lead BI scores to be higher post-interaction (M =
70.39, SD = 21.3) compared to pre-interaction (M = 69.28, SD = 12.92). The difference, 1.1, 95% [-
7.74, inf], was not significant #(12) = 0.22, and p = 0.68* and represented a small effect, d = 0.06. A
supplementary nonparametric wilcoxon signed-rank test was also performed? which supported the
findings of the #-test. A supplementary bootstrap analysis (10,000 samples) was also conducted,
finding that the 95% one-sided lower confidence limit (—6.64) was below zero, indicating that the

effect may not be statistically reliable.

On average, interaction with the learning companion did not lead PU scores to be higher post-
interaction (M = 68.05, SD = 19.86) compared to pre-interaction (M = 65.95, SD = 10.61). The
difference, 2.1, 95%][-6.77, inf], was not significant #(12) = 0.42, and p = 0.68* and represented a
small effect, d = 0.13. A supplementary nonparametric wilcoxon signed-rank test was also performed?
which supported the findings of the above paired samples z-test. A supplementary bootstrap analysis
(10,000 samples) was also conducted, finding that the bootstrapped 95% one-sided lower confidence

limit (—5.82) was below zero, indicating that the effect may not be statistically reliable.

On average, interaction with the learning companion led PEOU scores to be higher post-
interaction (M = 75.85, SD = 12.06) compared to pre-interaction (M = 60.64, SD = 11.74). The
difference, 15.21, 95% [8.67, inf], was significant #(12) = 4.15, and p = 0.002* and represented a large
effect, d = 1.28. A supplementary nonparametric wilcoxon signed-rank test was also performed* which
supported the findings of the above paired samples #-test. A supplementary bootstrap analysis (10,000
samples) was also conducted, finding that the bootstrapped 95% one-sided lower confidence limit

(9.54) was above zero, indicating that the effect is statistically reliable.

2Post BI scores (Mdn = 72.33, IQR = 36.67) were not significantly higher than pre Bl scores (Mdn = 67, IQR = 20), W =47, p = 0.473, ru. = 0.03
3Post PU scores (Mdn = 66.67, IQR = 12.33) were not significantly higher than pre PU scores (Mdn = 66.67, IQR = 25), W= 52, p=0.17, 1= 0.33
4Post PEOU scores (Mdn = 80, IQR = 13.67) were significantly higher than pre PEOU scores (Mdn = 62, IQR =13 ), W =87, p < 0.001, rs= 0.91

* = value corrected via Holm-Bonferroni method
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Figure 3. Respective Comparison of Mean Scores of BI, PU, and PEOU Before Session 1 and After

Session 3. Red Line Indicates Overall Mean Group Score. Note: Y-axes do not begin at 0.
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Four exploratory paired-samples t-tests were conducted to assess the categories of system
characteristics, facilitating conditions, social influence and individual differences. None of these tests
indicated a significant change in the variables after interaction with the LC following Holm-

Bonferroni correction (see Appendix E for full breakdown).

A Pearson’s correlation analysis was conducted to test H2. The results showed a non-significant,
moderate positive relationship between positive affect of participants’ and their acceptance of the

learning companion following their third session, #(11) = 0.44, p = 0.065, 95% CI[-0.05, 1.0].

Figure 4. Correlation Analysis Between Positive Affect and Acceptance. Grey Shading Represents

95% Confidence Intervals.
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This relationship was also assessed via a non-parametric Spearman’s rank-order correlation, the

results of which* supported the parametric correlation findings. A supplementary bootstrap analysis

45(11) = 0.457, p = 0.058
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(10,000 samples) was also conducted, finding that the bootstrapped 95% one-sided lower confidence

limit (-0.008) was below zero, indicating that the effect may not be statistically reliable.

An exploratory analysis was conducted to assess the relationship between negative affect of
participants’ and their acceptance of the learning companion following their third session. This
analysis was not directional. The findings indicated a small, non-significant positive relationship,

r(11) = 0.26, p = 0.384, 95% CI[-0.34, 0.71].

Figure 5. Correlation Analysis Between Negative Affect and Acceptance. Grey Shading Represents

95% Confidence Intervals.
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This relationship was also assessed via a non-parametric Spearman’s rank-order correlation, the

results of which® supported the parametric correlation findings. A supplementary bootstrap analysis

3,5(11)=0.16, p = 0.299
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(10,000 samples) was also conducted, finding that the bootstrapped 95% confidence interval [-0.49,

0.727] included zero, indicating that the effect may not be statistically reliable.
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Discussion

Present findings

This study endeavoured to further the current understanding of how engaging with an LC makes (sub-
)clinical individuals feel in an NFT setting. The results suggest that the interaction between
participants and the LC over the three NF sessions caused them to become significantly more
accepting of it. The results did not however indicate that there were strong positive emotions induced

which increased acceptance rates. The implications of these findings are discussed below.

Acceptance

When comparing acceptability to acceptance scores, the results showed that participants became
significantly more accepting of Juno over the course of the three sessions. This finding from the
paired samples #-test was also supported by the supplementary nonparametric equivalent and the
bootstrapping analysis, highlighting the robustness of the results despite the small sample size. This
finding is consistent with the work of Pillette et al. (2020), strengthening the argument for LCs to be
involved in BCI procedures. To truly understand however why this significant increase with a
moderate effect occurred, it is important to examine the three variables which contributed towards

acceptability/acceptance within this study.

Behavioural Intention

BI of participants towards the LC (i.e their intention to use Juno in future similar situations) did not
increase significantly following the three sessions. However, there was an overall mean increase in
scores, and the pre-interaction scores were already relatively high compared to many other variables.
Participants, when confronted with questions like “Assuming I had access to a neurofeedback
companion again during my neurofeedback training, I would use it”, responded generally positively.
Although the overall mean increase and relatively high pre-interaction scores suggest that Bl is a
variable which does not elicit immediate concern for future researchers/clinicians, the nonsignificant
increase underlines opportunity for improvement. Social influence (SI), another category within the

BCI-Acceptance questionnaire is a known predictor of BI (Grevet et al., 2023). SI results were also
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not significant in this study (Appendix E). Previous literature suggests that showing excerpts or short
quotes from previous participants that are positive should lead to higher SI scores (Chao, 2019; Cao et
al., 2024). Doing this in future applications of LCs could indirectly improve Bl and lead participants

to show a stronger likelihood to be willing to adopt a technology (such as an LC) over time.

Perceived Ease of Use

Interaction with the LC led PEOU scores to increase significantly across the three sessions. Thus,
participants answered questions like “/ think practicing neurofeedback with the neurofeedback
companion is easy” much more positively after they had interacted with Juno. The strong effect
observed here highlights the success of the design of the LC in this study. Widening eyes, raising
eyebrows, physical form and voice are all aspects of an LC which contribute to participants finding
the interaction to be comfortable and free of effort (Kapoor et al., 2001; Belpaeme et al., 2018;
Schreibelmayer & Mara, 2022). The design of the LC in this study was carefully informed by prior
research (Pillette et al., 2020) to include such features, an effort which results indicated has paid off.
Some previous research has expressed concern about how an LC could provide a learner with
unnecessary cognitive load during an already cognitively expensive task such as NFT (Liew et al.,
2017; Bauer & Gharabaghi, 2015). This was considered particularly alarming for (sub-)clinical
samples (Barth et al., 2021). However, our findings detract credibility from this idea. Instead, the
results suggest that sufficient detail given to the design of an LC makes participants likely to find it

easy to interact with and to cognitively process, and thus suitable even for complicated tasks like NFT.

Perceived Usefulness

As PU results indicate, participants did not respond to prompts such as “In my opinion, adding a
neurofeedback companion is useful in the context of neurofeedback for the improvement of cognitive
abilities ” significantly more positively after interaction with Juno. There again was an overall mean
increase in PU results after session three compared to session one, but this increase was very minor.
Such a result is important in a feasibility context. It highlights an area which should not necessarily

provoke discussion about how unsuitable an LC is during NFT, but that does require improvement to
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maximise the efficiency of the technology. Previous findings have cited system characteristics (SC) as
a category which influences PU (Grevet et al., 2024). Within our analysis, this category also did not
show significant increases over the three NFT sessions (see Appendix E). Targeting this category and
its respective variables could represent a viable way to increase PU. For example, although the
researchers in this study did briefly explain the purpose of Juno to the participants who also
completed pre-session questionnaires which introduced the concept of an L.C, it is possible that the
specific purpose the LC was not fully understood. NFT represents a modern technology that many
individuals are vastly unfamiliar with (Eisenbarth et al., 2025). Coupling this with another modern
(and likely unfamiliar) technology such as an LC might necessitate more in-depth instructions from
researchers regarding the mechanisms at play. Previous studies have highlighted the instructional style
of researchers as imperative in BCI work (Lotte et al., 2013). An extra layer of detail provided to the
participants in this study surrounding the specific mechanisms which make Juno important (e.g how
the real time data informed Juno’s feedback and how this helps to increase EF over the sessions) may

have helped to assure the participants’ as to the relevance of the LC and thus to increase their PU.

Positive Affect x Bl

A correlation analysis conducted between the acceptance scores and the positive affect score from the
PANAS, revealed a moderate, positive, non-significant relationship. Although the effect size is a
somewhat promising finding, the non-significant result implies that there was not a strong enough
presence of positive emotions (self-confidence, enjoyment, motivation) within participants to make
them more inclined to have positive attitudes towards the LC. Two possibilities may have contributed
to such a result: (1) positive emotions were not effectively induced by the LC, or (2) the positive

emotions induced had little impact on participants’ acceptance scores.

The first possibility is somewhat supported by the exploratory analyses relating to the first
research question. Specifically, the facilitating conditions category was subject to only a very minor
mean increase across sessions and this increase was not significant (Appendix E). Facilitating
conditions is a variable within the BCI-Acceptability questionnaire which encompasses factors such

9

as “playfulness”, “ease of learning”, and “social/emotional support”. Had the LC inspired the positive
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affect among participants that was expected given prior research (Han et al., 2025), this category
would likely have seen a significant increase across sessions and a higher mean score than was
actually achieved. One potential shortcoming of Juno in this regard, is that the feedback provided was
limited. Following each NF block, Juno provided two sentences to update the participant on their
progress and how it may be improved. If one particular block progressed similarly to a previous one,
the same piece of feedback could be repeated to the participant. Research indicates that more
extensive feedback that varied more between sessions may help to inspire feelings of motivation or

social support (Ortiz-Ordifiez et al., 2015; Pilette et al., 2020).

It remains plausible that the second aforementioned possibility remains true and that positive
emotions were significantly induced yet they just had a weaker than expected impact on acceptance.
This idea is supported by the generally high PA scores found in this study compared to others that
used PANAS (Thompson, 2007). The weaker than expected impact on acceptance may be particularly
relevant for our sample of (sub-)clinical participants. Although previous literature is clear on the
importance of such affective factors regarding acceptance (De Graaf & Allouch, 2013), the (sub-
)clinical sample within this study may have placed less emphasis on such factors compared to a
sample without the same symptoms. For example, someone undertaking NFT to reduce the functional
impact of ADHD related symptoms may be more goal-oriented than someone without such symptoms
(Hasslinger et al., 2020). Therefore, this (sub-)clinical sample may have been less impacted by

affective components of the LC by being more focused on its functional impact.

Despite the correlation between positive affect and acceptance not being as strong as initially
hypothesised, the results of this research question are more promising when one considers that this is
a feasibility rather than an intervention study. The moderate positive correlation doesn’t rule out the
possibility that future similar studies should target positive affect as a means to increase the
acceptability of an LC for NFT, especially given that the sample size was relatively small, and p-
values were only slightly above the significance thresholds. Additionally, the high mean positive
affect score compared to previous mean scores from studies which examined PANAS (Thompson,

2007) indicates that this result does not raise significant concern regarding how an LC may impact the
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mood of a (sub-)clinical participant during NFT. This implication is also furthered by the exploratory

result of this research question.

Negative Affect x Bl

An additional correlation analysis was conducted with the mean negative affect scores of participants
after each session and their acceptance scores. This analysis exhibited a small, non-significant positive
correlation, thus indicating that the negative affect that participants felt following the sessions had
very little bearing on their acceptance of the LC. This finding, coupled with the observation that the
NA scores were not significantly higher than what would have been expected based on prior literature
(Thompson, 2007), is promising for future research. It further weakens the argument from Cognitive
Load Theory, that the additional processing of an LC will burden the mind and hinder the mood of a

participant who is already exerting significant cognitive effort during the session (Liew et al., 2017).

Hence, the findings from this research question inform future researchers or clinicians more
so on the lack alarming trends regarding how LCs impact the mood of (sub-)clinical individuals

during NFT, rather than the strength of the association between mood and acceptance.

Limitations

The findings of this study should be interpreted alongside its limitations. Regarding the first research
question, the hypothesis hinges on the changes in the acceptability/acceptability variable. Although
the decision to utilise a composite acceptability/acceptance variable derived from BI, PEOU, and PU
attempted to provide a broad overview of acceptance variables, tests examining the inter-item
correlations between these three factors in this study highlighted inconsistencies. Specifically,
calculations of internal consistency for PEOU were considerably lower than standard thresholds
(Tavakol & Dennick, 2011) and also than both BI and PU (see Appendix D). Although PEOU was not
removed from the scales contributing to acceptability/acceptance, interpretations of the outcome

variable should consider this finding.

Furthermore, methodological limitations arise when reflecting upon the sample size and

number of sessions involved within this study. Thirteen participants were involved in three NFTs.
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Although this is a feasibility study rather than a full-scale implementation of a procedure/protocol, the
limited sample size hinders the generalisability of the findings. Additionally, the limited number of
actual NFTs (just three) and thus exposure to the LC means that we may be viewing more of a brief
snapshot of attitudes towards the technology, rather than a broad, fully developed measure of

acceptance.

Specifically regarding the second research question, the method of assessing participants’
mood is something which can be considered a limitation. Mood within this study was operationalised
as mean values of participants’ respective positive and negative affect scores from the PANAS over
the three sessions. However, due to this only being measured at the end of each session (rather than
both at the start and the end) it is likely that the measurement of mood was influenced by many factors
which were not assessed by the research team. For example, measuring the influence of the LC upon
participants’ mood was the goal, however several other unrelated factors such as fatigue, stress level

and/or appetite likely also contributed to the PANAS scores.

Avenues for Future Research

This study does not offer an ultimate conclusion on the prospect of using LCs in NFT contexts but
rather it represents an important step in a feasibility framework. Future steps in this area should
consider advancing the complexity of LC responses, enlarging the methodological scope of the

design, and delving further into the subjective experience of the (sub-)clinical sample.

Much work is currently being undertaken to utilise artificial intelligence (AI) programmes
with LC designs to enhance the range of responses they may be able to provide (Han et al., 2025).
Specifically, one study has found that applications such as deep reinforcement learning (RL) can help
robotic agents to interpret real-time BCI data to provide adaptive and complex feedback (Vukelic et
al., 2023). It is likely that an LC which could offer more personalised and complex feedback would
make individuals more likely to reach their NFT goals by improving task learning (Kochmar et al.,
2020). Enhancing PU would be another likely benefit (Conati et al., 2021), something which the

findings of this study highlight as an important avenue to increasing the acceptance of LCs.
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Future attempts to investigate user acceptance or mood towards an LC in an NFT context
should aim to extend the design of the current study in terms of both sample size and number of NFT
sessions. The feasibility nature of this study meant that a very large sample size was not strictly
required. However, increasing the number of participants in such a study would likely enable
researchers to more thoroughly investigate how certain factors like age, (sub-)clinical status, or
education might affect user attitudes towards an LC during NFT. Furthermore, although three NF
sessions was considered adequate to investigate variables like acceptance and mood in this study,
increasing the number of NF sessions would offer future researchers more stringent insights into
variables like BI which are known to become more accurate with longer time frames (Venkatesh &

Davis, 2000).

Finally, exploring the subjective experience of users in such settings is paramount to ensuring
that a full-scale intervention of NFT utilising LCs will be conducted in a way which prioritises user
experience. The best possible understanding of individual attitudes towards new and unfamiliar
technologies can likely only be captured through both objective and subjective assessment. For
example, prior literature has found focus group approaches to offer a very thorough insight into the
personal and relational factors which influence BCI acceptance (Blain-Moraes et al., 2012).
Implementing a subjective assessment method such as a focus group would help to ensure that the
best possible insight into user attitudes towards an LC during NFT is being gained. This is of
particular importance given concern that has been raised regarding the coercion of potentially
vulnerable groups (such as [sub-]clinical samples) into using newer technologies against their will

(Morris, 2021).

Conclusion

This study offered insight into key factors to consider when assessing the feasibility of using LCs
during NFT: specifically, how interaction with them affects participants’ acceptance and mood. The
findings from our (sub-)clinical sample were relatively optimistic regarding acceptance but more
mixed regarding mood. As is important within a feasibility context, no effects of interaction with the

LC from our participants were alarming or worrying for future researchers/clinicians. Instead, the
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sample was accepting of LCs in this context with some future scope for improvement of variables
such as BI and PU. The interaction with the LC did not induce the mood-acceptance link as strongly
as was predicted, suggesting that mood is not as important of a factor for acceptance as previous
research may suggest. However, longer studies with a more rigid operationalisation of mood may be
needed given the near-significant nature of the relationship which was found. Advancing the feedback
abilities of LCs, extending the design and sample of the study, and incorporating subjective measures
for participants all represent ways to further ensure that NFT settings are ready for LCs to become
commonplace. Addressing these areas offers the opportunity to further build on the current work and

to eventually maximise the effectiveness of NFT.
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Appendices

Appendix Al: Breakdown of (sub-)Clinical Status

Breakdown of (Sub-)Clinical Status

One or more disorder present

46.2% No disorder present

Suspected but without official diagnosis



Appendix A2: Breakdown of (sub-)Clinical Status

Participant
ID

A2309C

P2511W

T0709D

M2904H

025028

11308S

K2408g

S2501IN

E2706K

K0304A

t2010s

V1411H

S0108K

Pre-assessment questionnaire questions

Do you have one or If so, what Which cognitive challenge affects your daily
more psychiatric or are they? life the most?
neurological disorders?
No Sustained attention
Yes ADHD, Flexibility, prioritisation and attention
ASD
Yes ADHD, Task initiation, time management, difficulty
GAD planning and prioritising, maintaining attention
1 suspect, not officially ADHD, Emotion regulation, working memory, response
diagnosed GAD inhibition, easily overstimulated, fluctuating
energy
No Attention, lack of interest
No Task initiation
No Planning and prioritising
Yes ASD, OCD Emotion regulation, task initiation, flexibility
I suspect, not officially Attention, difficulty planning/prioritising,
diagnosed working memory
No Time management
Yes MS Planning, time management, organisation
No Time management, difficulties

1 suspect, not officially
diagnosed

planning/prioritising

Planning/prioritising, emotion regulation, time
management
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Appendix B

Appendix B1: Image of the LC (Juno) sitting left of the NF screen




Appendix C

Appendix C1: Mental Strategies List

Neurofeedback

The goal of neurofeedback training is to alter your brain activity using a range of mental
strategies. The actual mechanisms behind why the brain activity is altered is unknown and the
strategies employed to trigger this change vary from participant to participant. Within this study, you
can monitor the efficacy and degree of the desired changes by employing a variety of different mental
strategies, some of which are listed below. The effect of each mental strategy will be represented with
a sguare on the screen during the training. The sguare will turn green if a strategy is working and
keeping this square green for a long time is a good indication that a strategy is effective. So, attempt
some of the strategies listed below or try any strategy that vou can come up with; the most important
thing is that you find one that works well for you.

Possible Neurofeedback Strategies

Mental tasks, such as:
s Perform arithmetic/calculation tasks
& Recall memory content (e.g. what did I eat this week or what people did I meet fast
month?)
Planning {e.g. what will I do next week?)
Mentally rotate objects (e.g. imagine rotating a cup 360 degrees)
Mentally navigate (through familiar buildings or streets)
Allowing spatial attention to wander (e.g. moving to different areas without losing
sight of the space (from one side to the other))

Relaxation, e.g. through concentration on breathing

Imagining emotions (positive/negative)

Recall memories/imagining situations
= Family members (parents, siblings, grandparents)
= Friends and acquaintances
« Partners

Auditory imaginations, e.g. imagining sounds or music
Cheering on the green square

Imagining movement or activities
Arm or foot movements
Playing sports

Singing

Movie watching

Thoughts about nature/imagination of nature
Imagine it raining

Imagine a sunset

Imagine certain landscapes

Imagine a journey

Thoughts/imagining everyday things
s Cooking or eating
s Going shopping
s Cleaning

Most important: try vour own strategies
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Appendix D1: Pre and Post intercorrelations of BI, PEOU and PU

Variable BI PEOU PU
Pre
BI - A17 .644
PEOU 117 - 3
PU .644 3 -
Post
BI - 44 .79
PEOU 44 - 34
PU 79 34 -
Appendix D2: Pre and Post Internal Consistency (Cronbach’s a)
Variable No. of Items o pre o post
BI 3 0.821 0.926
PEOU 3 0.473 0.216
PU 3 0.899 0.891
Acceptability/Acceptance 9 0.782 0.874




Appendix E

Appendix E1: Breakdown of results from paired samples ¢-tests for SC, FC, SI and ID

Variable 7(df) p p* Cohen’s d
SC 0.6(12) 0.28 1 0.14
FC 0.61(12) 0.554 1 0.1
SI -0.18(12) 0.864 1 0.04
ID -4.05(12) 0.999 1 1.16

Note. *=value corrected via Holm-Bonferroni correction

Appendix E2: Descriptive breakdown of means and standard deviations for SC, FC, SI, and ID.

Variable M SD

n Pre (session 1) Post (session 3) Pre (session 1) Post (session 3)

SC 13 49.35 51.24 13.06 13.46
FC 13 53.55 54.66 10.49 10.82
SI 13 64.10 63.51 16.55 10.8

ID 13 51.82 41.23 9.79 8.38
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Appendix F:

Al system: ChatGPT, 2025

Modifications: No modifications were used but Al was only used for coding/statistical analysis

purposes.

Use case: used for generating outputs of code in Python to help with statistical analysis.

Final prompts used: “how do I group the outputs of multiple subsets into one new data set?”, “how
do I add a legend which describes each of the sets of data in my plot”, and “when plotting a line plot
in APA 7 where the y-axis starts above 0 (it starts at 30), do I need to add ticks on every score on that

axis?”



