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Abstract 

Introduction: Neurofeedback (NF) training is an intervention developed to help people 

regulate their brain activity. However, not everyone responds to this training. Thus, 

researchers are looking to decrease the number of non-responders by adding a robot-like NF 

companion to enhance the traditional feedback provided. Therefore, this feasibility study 

assesses practitioners' acceptance of a new robot-like NF companion. By assessing 

practitioners' acceptance specifically, we aim to enhance the future implementation of the 

robot-like NF companion since practitioners are the ones to use it in practice. Methods: A 

convenience sample of n = 618 participants, including practitioners with and without prior 

knowledge of NF and the general public, was utilized in this analysis. All participants filled 

out an online questionnaire assessing different aspects of acceptability concerning the robot-

like NF companion. The Behavioral Intention (BI) component was of interest in this paper. 

The analyses included an independent samples t-test, a Mann-Whitney U test, and a three-way 

between-subjects ANOVA. Results: Generally, high levels of BI scores were found across 

groups. Practitioners scored lower in BI than the general public in a matched sample 

condition. There was no significant difference between age, gender, and experience levels. 

Discussion: The results indicate a favorable attitude towards the robot-like NF companion; 

therefore, further testing of it in actual NF sessions should be conducted. Practitioners should 

be involved in the next steps of testing and in focus groups to enhance future implementation 

and allow space for the expression of concerns in order to bring the robot-like NF companion 

into clinical practice. 

Keywords: Neurofeedback, Acceptability, Feasibility Study, Learning Companion, Research-

to-Practice Gap, Implementation Science, Practitioners  
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Assessing Practitioners' Acceptability of a Robot-Like Neurofeedback Companion: 

Implications for Clinical Implementation 

Neurofeedback (NF) training is a promising technique for helping people self-regulate 

their brain activity based on operant conditioning (Viviani & Vallesi, 2021). It can be applied 

in various contexts, including people with cognitive difficulties (Enriquez-Geppert et al., 

2014), various psychiatric disorders (Pindi et al., 2022; Van Doren et al., 2018), and otherwise 

healthy people (Matsuzaki et al., 2023). NF training can be conducted in various settings like 

specialized clinics and practices, but should always be conducted by a licensed professional 

with NF experience (Hammond, 2007). During the non-invasive training, the brain waves are 

measured using, for example, electroencephalography (EEG). Based on the measured brain 

waves, feedback is fed back to the participant in the form of real-time video or audio 

feedback, allowing the participant to regulate their brain activity (Marzbani et al., 2016; 

Viviani & Vallesi, 2021). This regulation in brain activity can lead to a reduction of cognitive 

symptoms (Smit et al., 2023). Often-used visual feedback during NF training includes a 

moving bar against a black background with changing colors on a screen in front of the 

participant (Mathiak et al., 2015). Nevertheless, there are some people who do not respond to 

NF training. 

These people are called non-responders and comprise 15-30% of those who undergo 

NF training (Pillette et al., 2020). The non-responders are not able to successfully control their 

brainwaves with NF and therefore do not benefit from it (Pillette et al., 2020). It is possible 

that these people simply do not respond to the traditional visual feedback that is provided. 

Shute (2008) pointed out that feedback should be, amongst other things, non-evaluative and 

supportive. Thus, adjusting and expanding on the traditional feedback could be a way to 

reduce the number of non-responders. 
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One idea that could improve the feedback is the use of a robot-like NF companion. 

This type of robot-like NF companion is based on learning companions, which can be defined 

as “a (computer-simulated) character, which has human-like characteristics and plays a non-

authoritative role in a social learning environment” (Chou et al., 2003, p.258). It aids students 

during various learning activities. An example of one such learning companion is “Minnie”, 

who was developed by Michaelis and Mutlu (2017). Minnie was designed to be an in-home 

learning companion robot for children, helping to foster engagement with reading. Minnie 

provided individualized verbal and non-verbal feedback that was based on the child's 

preferences as well as serving as a social partner during reading (Michaelis & Mutlu, 2017). 

Building on this, Pillette et al. (2020) developed a robot-like learning companion called 

“PEANUT” to implement during Mental-Imagery based Brain-computer Interface training 

(MI-BCI). MI-BCI is similar to NF since users use their brain activity to send commands to 

digital technologies (Pillette et al., 2020). PEANUT was developed to improve the type of 

feedback during the MC-BCI sessions and provide interventions based on the participants' 

performance and progression. PEANUT added to the standard visual feedback provided 

during MI-BCI by providing verbal and non-verbal feedback based on the participant's data 

from both current and previous sessions. This approach yielded beneficial results in healthy 

participants regarding performance and user experience (Pillette et al., 2020). Additionally, 

one study found that implementing social reward (e.g., an avatar smiling when brain activity 

increases) during NF training led to stronger activation of the brain area of interest during 

training and showed a trend for better performance after the session when no social reward as 

feedback was provided (Mathiak et al., 2015). Social rewards stimulate the same brain regions 

associated with rewards as other kinds of rewards (Izuma et al., 2008) and have been proven 

to directly strengthen localized brain activity (Mathiak et al., 2010). Based on these findings, 

developing a robot-like NF companion with social rewards and individualized feedback based 
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on progress and performance could be beneficial for NF training. However, one big hurdle for 

the implementation is the so-called “research-to-practice gap”. 

This gap illustrates the differences between what is researched, published in journals, 

and accepted by most researchers, and what is helpful when it comes to practice (Keegan et 

al., 2017). Sometimes this gap is accidental, due to miscommunication, other times it is 

deliberate, due to incorrect application or research being irrelevant to practice (Norman, 

2010). As some researchers put it, “researchers ‘get on with’ research, and the practitioners 

‘get on with’ practice, solving different problems using different methods and approaches; 

separately” (Keegan et al., 2017, pp. 75-76). It was estimated by Balas and Boren (2000) that 

it takes 17 years for 14% of research to be implemented in clinical practice. This problem is 

especially visible in clinical neuropsychology. For example, a recent study found that only 

20% of memory clinics in Australia provided cognitive interventions to patients, even though 

74% of respondents identified these types of interventions as important (Naismith et al., 

2022). Born out of the need to solve this problematic gap, a new branch of science was 

created. It is called Implementation Science and investigates the most promising ways to 

integrate evidence-based findings into clinical practice (Olswang & Prelock, 2015). Currently, 

more than 600 determinants that could be important in the implementation of various 

evidence-based findings have been identified (Williams & Beidas, 2018). Regarding the 

implementation of a robot-like NF companion, several factors could influence a practitioner's 

willingness to implement them. 

The gender of the practitioner could play a role in this decision. Venkatesh et al. 

(2000) found that gender influences the initial decision-making process that determines the 

adoption of new technology, with men having a more salient attitude towards using 

technology. Moreover, in a study examining higher education students’ attitudes towards 

using technology, it was found that male students were more confident in using technology 
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than female students (Yau & Cheng, 2012). These findings indicate that male practitioners 

could be more willing to implement and work with the robot-like NF companion. 

Apart from gender, age could be a significant next factor. Older adults have been 

found to frequently adopt technology less than younger generations (Anderson & Perrin, 

2017). Some factors that play a role in the decreased willingness to adopt technology are a 

lack of awareness and experience, decreased confidence, low perceived value, and negatively 

self-assessed abilities to use technology (Berkowsky et al., 2018). This indicates that younger 

practitioners may be more willing to implement the new robot-like NF companion in their 

practice. 

Overall, according to the Unified Theory of Acceptance and Use of Technology 2, age 

and gender play important moderating roles in the acceptance of new technologies (Venkatesh 

et al., 2012) and therefore underline the importance of considering those variables in the 

implementation of the robot-like NF companion. Moreover, while not being explicitly part of 

the model, age and gender differences have been found for the Technology Acceptance Model 

(Assaker, 2019), which was developed to understand the acceptance of IT technologies 

(Holden & Karsh, 2010). 

Specifically, regarding therapists’ attitudes towards new technologies, Liu et al. (2014) 

found that the current use of new technologies could be predicted accurately from the 

behavioral intention to use a new technology. Moreover, the higher the belief that the new 

technology will help to improve job performance or patient outcomes, the higher the intention 

to use it (Liu et al., 2014). Additionally, research indicates that therapists who are more open 

to using new treatments also have stronger intentions to use new technologies (Ahuna et al., 

2023). Similarly, practitioners with more clinical experience are more inclined to use 

evidence-based therapies in practice (Beidas et al., 2017). All in all, technology openness, the 

perceived benefit of the new technology, clinical experience, and the behavioral intention to 
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use a new technology seem to be important factors when evaluating the possible 

implementation of a robot-like NF companion. 

To help practitioners make decisions about the implementation of new technologies, 

feasibility studies can be employed. Bowen et al. (2009) developed a framework for 

feasibility studies. According to them, a feasibility study is “used to determine whether an 

intervention is appropriate for further testing” (Bowen et al., 2009, p.2). These types of 

studies can help develop new techniques or therapies and aid in their possible future 

implementation by guiding the whole process and enabling the researchers to implement 

changes in their methods or protocols along the way (Bowen et al., 2009). There are eight 

areas a feasibility study can focus on. The first one, and the one of importance for this paper, 

is acceptability. 

Acceptability, in a feasibility study, examines how individuals who are intended to use 

the intervention and individuals who implement and administer the intervention react to the 

proposed intervention (Bowen et al., 2009). Acceptability has several components and deals 

with the view of an individual before any interaction with the intervention has occurred 

(Grevet et al., 2023). Grevet et al. (2023) developed an acceptability model for BCIs based on 

several models, including the Technology Acceptance Model 3 and the Unified Theory of 

Acceptance and Use of Technology 2. This model included behavioral intention (BI), 

perceived usefulness, and perceived ease of use as components of acceptability, which are 

also components of the other two models. The BI component of acceptability is of special 

importance to practitioners, as they are the ones who ultimately can decide to use an 

intervention, like a robot-like NF companion during NF training, in practice. Moreover, BI 

has been found to reliably predict the actual future use (Holden & Karsh, 2010) and is 

therefore a crucial component that should be adequately assessed when investigating the 

possible implementation of new technologies.  
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To assess practitioners’ willingness to implement the robot-like NF companion, this 

paper investigates whether there is a difference in the BI to use a robot-like NF companion for 

neurofeedback training between practitioners who are already working with neurofeedback 

and those who are not, compared to the general public. Practitioners who already work with 

NF are defined as people with a professional background in the medical or health-related 

fields who include/included NF in their therapies. Practitioners with no prior experience with 

NF include neurologists, psychiatrists, and nurses. The “general public” was an age- and 

gender-matched group to the practitioners with no background in healthcare. These 

hypotheses were formulated based on the research question above: 

H1: Practitioners in general will have a higher intention to use a robot-like NF 

companion than the general public. 

H01: There will be no difference in the intention to use a robot-like NF companion 

between practitioners and the general public. 

H2: Practitioners already working with neurofeedback will have a higher intention to 

use a robot-like NF companion than practitioners who do not. 

H02: There will be no difference in the intention to use a robot-like NF companion 

between practitioners working with neurofeedback and practitioners who do not. 

H3: Younger practitioners will have a higher intention to use a robot-like NF 

companion than older practitioners. This relationship will be stronger among those with NF 

experience compared to those without, which will be even more pronounced by gender. 

H03: There will be no difference in the intention to use a robot-like NF companion 

between ages, NF experience, and gender. 
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Methods 

Recruitment and inclusion criteria  

The recruitment of the participants has been done through the network of bachelor 

students and the TULIP research team, the use of flyers and social media, through writing 

emails to professionals who work in a psychological context, and the SONA system. The 

minimum age for participating was eighteen years old, and understanding one of the 

following languages was crucial: Dutch, English, Spanish, German, or French, as the 

questionnaire was available in these languages. Participation was voluntary and unpaid. The 

collection of the data started in February 2024 and is still running. The study questionnaire 

(PSY-2324-S-0092 TULIP-acceptability study) was approved by the Ethical Committee of 

the Behavioral and Social Science Faculty of the University of Groningen, Netherlands, and 

conducted in accordance with the Declaration of Helsinki. 

Participants 

This study used a convenience sample. There were 854 adult participants collected 

from different countries. The mean age was 29.03 years (SD = 15.04). The gender distribution 

is: 65.81% of the participants were women (n = 562), 20.26% were men (n = 173), 2.93% fell 

in the category “other” (n = 25), and there were 11.01% of people who did not fill in anything 

regarding gender (n = 94). Participants were provided with information about their 

involvement before taking part in the study, as well as a description of how their data would 

be used following the ethical principles that protect the rights and well-being of participants. 

They gave informed consent to participate. 

Procedure and Materials 

The questionnaire was created and distributed using Qualtrics. The participants 

completed the questionnaire on their own devices. The estimated duration required to 
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complete the questionnaire is approximately thirty minutes. They had to sign the informed 

consent form in order to start the questionnaire. The questionnaire contained questions about 

demographics, cognitive problems, NF understanding and attitudes, the robot-like NF 

companion’s trustworthiness and acceptability, and personality traits. 

Demographics Questionnaire 

 In the first part of the survey, questions related to sociodemographic background (age, 

gender, work status, completed education, residency, nationality, medical or health-related 

profession, history of psychiatric or neurological conditions) were administered. 

Questions Regarding Experienced Cognitive Problems 

Cognitive problems were measured using 14 items in which participants rated their 

response on a 3-point scale: Yes, strongly, Yes, slightly, or No. Multiple facets of cognitive 

problems were assessed, with each item introduced by a specific cognitive domain label, 

followed by a descriptive statement. The last item provided participants with the opportunity 

to report cognitive concerns not previously covered. An additional question was addressed 

regarding engagement in cognitive abilities training, in which participants rated their response 

on a scale from 1 to 100, with 1 indicating Not at all and 100 indicating Yes a lot. 

Neurofeedback Educational Information  

Participants received some information on neurofeedback. This also included some 

images that further explained this process. Participants also received some basic information 

on the goals of the neurofeedback companion. They were also shown a short video of the 

setup, including the learning companion. After reviewing all the information, participants had 

to complete a short quiz to ensure understanding and continue with the study. After the quiz, 

participants had to answer a few questions on whether they felt like they understood what 

neurofeedback and the learning companion are. 
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Experiences, Attitudes, and Expectations Regarding Neurofeedback and Related 

Techniques 

Participants were asked about whether they had heard about neurofeedback before 

participating in this study, and if they had any previous experience with it. Finally, they were 

asked questions on a 0-100 scale on their attitudes and expectations regarding NF, with 0 

being completely disagree, and 100 being completely agree. 

Questionnaire Assessing the Design Preferences of the Neurofeedback Learning 

Companion 

Participants were asked to indicate whether they had ever been in contact with a 

learning companion before, and if so, what kind of companion it was. 

They were asked to rank four different companions based on the trustworthiness of 

their shape based on pictures included in the questionnaire. Moreover, participants were asked 

to indicate how trustworthy they found four possible names of the companion. 

Trustworthiness was indicated on a scale from 0 (not trustworthy) to 100 (maximally 

trustworthy). With trustworthiness, we mean that participants would accept the learning 

companion’s feedback and apply it during the neurofeedback sessions. 

The type of color and the number of colors a trustworthy companion should have were 

evaluated as well. Participants were able to choose between four different options each. 

Additionally, participants were asked to assess four voice samples and indicate which voice a 

trustworthy companion should have. The perceived fit of the voice was indicated on a scale 

from 0 (not fitting at all) to 100 (maximally fitting). 

The behavior of the companion was evaluated as well. Participants were asked when 

they would like to receive feedback from the companion during the neurofeedback sessions 

(e.g., only when they succeed, only when they fail, or both) and whether they thought that a 
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companion could distract them from neurofeedback. This last point was assessed using a scale 

from 0 (completely disagree) to 100 (completely agree). 

Acceptability of Neurofeedback Companion Questionnaire 

Acceptability was measured using eleven selected and adapted questions from the 

Acceptability Model for BCIs designed by Grevet et al. (2023). Within this variable, three key 

components were assessed using three questions for each: perceived ease of use, perceived 

usefulness, and BI. 

In addition to the key components of acceptability, the questionnaire also included one 

item each for both technology-related pleasure and confidence in using new technologies, 

suggesting the importance of psychological factors in acceptability (Grevet et al., 2023). All 

eleven selected questions were in the form of a visual analogue scale ranging from 0 (totally 

disagree) to 100 (totally agree). Based on this, a score of 60 was set by us as the threshold to 

assess a positive BI. This means that a participant had a favorable attitude towards the 

companion and would possibly be willing to use it in the future. 

Grevet et al. 's (2023) Acceptability Model has great internal consistency as 

demonstrated by the Cronbach’s α scores ranging from .83 to .97 for the subdomains of 

acceptability. Regarding attitudes on technology, while the domain of pleasure shows a high 

level of internal consistency (α = .83), confidence in using new technologies is rated more 

poorly (α = .57). 

Big Five Inventory 

Personality was assessed using the Big Five Inventory (John et al., 1991), which 

consists of 44 items rated on a 5-point Likert scale ranging from Disagree strongly to Agree 

strongly. The questionnaire measures five personality domains, namely openness to 

experience, conscientiousness, agreeableness, extraversion, and neuroticism. The instrument 
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demonstrates a good internal consistency, with Cronbach’s α values ranging from .79 

(Agreeableness) to .88 (Extraversion), and an average α of .83 across all domains (John & 

Srivastava, 1999). The personality scores were created by adding up the scores of the 

questions for each trait. 

Statistical Analysis 

The first hypothesis expected that practitioners would have a higher BI to use a robot-

like NF companion than the general public. An independent samples t-test was conducted. 

The second hypothesis proposed that practitioners with prior NF experience would 

have a higher BI to use the robot-like NF companion than practitioners without prior NF 

experience. An independent samples t-test was conducted. 

The third hypothesis assumed that younger practitioners would have a higher BI than 

older practitioners, with the relationship being stronger for those with prior NF experience 

compared to those without, and with the relationship being more pronounced by gender. Thus, 

a three-way between-subjects Analysis of Variance (ANOVA) was conducted. 

All assumptions for both the t-tests and the ANOVA were tested prior to the analyses. 

Normality was assessed using the Shapiro-Wilk test and examining Q-Q plots. Homogeneity 

of Variances was assessed using Levene’s test. For all inferential tests, a significance level of 

α = .05 was used. Effect sizes were reported for every analysis to bolster significance testing. 

All statistical analyses were conducted using IBM SPSS Statistics v.28. 

Data preparation 

The original data set included 854 cases. From those cases, the ones who did not fill in 

any age (n = 2), the ones who fit into the gender category “other” (n = 16), and the ones who 

did not fill out the acceptability part of the questionnaire (n = 218) were removed from the 

data set for this analysis. After the removal, the data set contained 618 cases. 
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A new variable called BI_average was calculated from the mean score of the three 

questions of this construct in the questionnaire (BI_1, BI2_1, BI3_1). This variable was used 

as the dependent variable in all analyses. 

Hypothesis 1. To be able to conduct the independent samples t-test, a new variable 

called healthcare_bg was created. The variable Q6.1 (which indicates whether a participant 

has a background in healthcare) was recoded into the new one with 1 = practitioner (n = 101) 

and 2 = general public (n = 517). 

To accurately compare the two groups, it was decided to match the practitioner group 

by age and gender to the general public group. To do so, the Case Control Matching function 

of SPSS was used. The variable that was matched on was the BI_average variable, and the 

variable healthcare_bg was used as the grouping indicator. The match tolerances for both age 

and gender were set as 0. This matching resulted in 62 exact matches by age and gender, with 

39 cases remaining unmatched. It was decided to exclude the 39 unmatched cases and not use 

fuzzy matches to achieve the most accurately matched groups for the analysis. 

Hypothesis 2. To be able to conduct the independent samples t-test, a new numeric 

variable called NF_experience (1 = experience, 2 = no experience) was created from the 

string variable Q13.4, which indicated whether practitioners already had prior NF experience 

(included NF in their therapies). This question (Q13.4) was only shown to participants with a 

background in healthcare and who had already heard of NF prior to this questionnaire. The 

final sample for testing this hypothesis included 52 practitioners with no prior NF experience 

and 22 practitioners with NF experience (combined n = 74). 

Hypothesis 3. The three-way between-subjects ANOVA examined the main effects of 

age (younger/older), NF experience (yes/no), and gender (male/female). Moreover, three two-

way interactions were examined: age x NF experience, age x gender, and NF experience x 

gender. Lastly, the three-way interaction of age x NF experience x gender was analyzed. 
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To do so, a new numeric variable called gender (1 = female, 2 = male) was created. 

For this analysis, the female group included 60 cases, while the male group included 14 cases. 

Additionally, a numeric variable called age_group (1 = younger, 2 = older) was created based 

on the median age of the practitioners (Mdn = 42yrs). The younger group (<= 42yrs) 

encompassed 30, and the older group (> 42yrs) 44 cases. The variable NF_experience, with 

the same number of cases as in the second hypothesis, was also utilized in this analysis. 

Results 

Sample Characteristics 

The characteristics of the final sample (n = 618) are listed below in Table 1. The mean 

age of the final sample was (M = 27.6, SD = 14.5), with 76.7% of the sample being women and 

16.3% being practitioners. The mean average of BI for the final sample was (M = 67.1, SD = 

21.0). Moreover, an overview of the BI average per variable is provided in Table 2. 
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Table 1 

Sample Characteristics After Dataset Reduction  

 Final Sample (N = 618) 

Age, M (SD) 27.6(14.5) 

Gender, n (%) 

Women 

Men 

 

474(76.7) 

144(23.3) 

Healthcare Background, n (%) 

Practitioner 

General Public 

 

101(16.3) 

517(83.7) 

Neurofeedback Experience of Practitionersa, n (%) 

Experience 

No Experience 

 

22(3.6) 

52(8.4) 

Age Group Practitionersb, n (%) 

Younger 

Older 

 

49(7.9) 

52(8.4) 

Note.The variables Gender, Healthcare Background, Neurofeedback Experience, and Age 

Group Practitioners are reported in sample size (n) and percentage (%). 

aBased on the answer (yes/no) to question Q.13.4 “Do/did you include neurofeedback in your 

therapies” of the questionnaire. This question was only visible to practitioners who had 

already heard of Neurofeedback prior to this questionnaire. 

 bBased on median age (Mdn = 42yrs) of the practitioner group (Younger <= 42yrs, Older > 

42yrs). 

  



18 
 

Table 2 

Behavioral Intention Average Per Variable 

 Behavioral Intention Averagea 

Final Sample, M (SD) 67.1(21.0) 

Gender, M (SD) 

Women 

Men 

 

67.3(21.3) 

66.5(20.1) 

Healthcare Background, M (SD) 

Practitioner 

General Public 

 

69.0(21.1) 

66.8(21.0) 

Neurofeedback Experience of Practitioners, M (SD) 

Experience 

No Experience 

 

63.6(25.6) 

71.3(19.7) 

Age Group Practitioners, M (SD) 

Younger 

Older 

 

67.9(17.7) 

70.1(23.9) 

Note.The sample size remains the same for each group, as shown in Table 1.  

aCalculated based on the mean score of questions BI1: Assuming I had access to a 

neurofeedback companion during my neurofeedback training, I would use it, BI2: I would like 

to use a neurofeedback companion during my neurofeedback training for the improvement of 

cognitive abilities, and BI3: If a close relative had this possibility, I would advise them to use 

a neurofeedback companion during their neurofeedback training. 
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Main Analyses 

Hypothesis 1 – Difference between practitioners and the general public 

An independent samples t-test with matched groups was conducted to examine this 

first hypothesis. Levene’s test showed that the assumption of equal variances was not 

violated, F(1,122) = 0.01, p = .921, and therefore equal variances were assumed (see Table 4). 

The Shapiro-Wilk test revealed that the BI scores were not normally distributed for both 

groups. In the general public group, this assumption was violated: W =0.954, p = .022. 

Normality was not violated by the practitioner group: W = 0.971, p = .158 (see Table 5). After 

examining the Q-Q plots (see Figure 5), which showed approximately normal distribution, 

and based on the equal and relatively large sample size, it was decided to still conduct the 

independent sample t-test, despite the normality assumption violation, since independent 

samples t-tests are relatively robust to this violation (Rasch et al., 2007). 

The results showed that the general public reported a higher BI (M ≈ 75, SD = 18.2) 

than the practitioners (M ≈ 69, SD = 18.3). This difference was statistically significant, t(122) 

= 1.8, p = .037 (one-sided). The mean difference between the two groups was approximately -

5.91 points on the mean BI score. This indicates that practitioners, on average, scored 5.91 

points lower on BI than the general public. Even though the 95% two-sided confidence 

interval of the difference [-12.41, 0,59] included zero, the one-sided test, which was justified 

by the directional hypothesis, revealed a statistically significant effect with a small effect size 

(Cohen’s d = 0.323). The results1 are shown below in Figure 1. 

  

 
1 The full results for the independent samples t-test are reported in Table 6 in Appendix B. 
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Figure 1 

Bar Plot of BI Average by Healthcare Background 

 

Note.Error bars represent +/- 2 SEs. BI refers to Behavioral Intention 

These findings do not support the hypothesis that practitioners in general will have a 

higher intention to use a robot-like NF companion than the general public; rather, they suggest 

the opposite. 

Hypothesis 2 – Difference between practitioners with or without NF experience 

Initially, it was planned to conduct an independent samples t-test to examine the 

differences in BI. However, Levene’s Test for Equality of Variances revealed that this 

assumption was violated, F(1,72) = 4.531, p = .037 (see Table 4). Moreover, the Shapiro-

Wilk test indicated a significant deviation from normality for the no NF experience group, W 

= .934, p = .007. The NF experience group showed no violation of this assumption, W = .949, 

p = .307 (Table 5). Although the Q-Q plots (see Figure 6) were approximately normally 



21 
 

distributed, due to the unequal sample sizes, it was decided to conduct a Mann-Whitney U test 

instead of the independent samples t-test. 

The Mann-Whitney U test revealed no statistically significant difference, U = 477.0, Z 

= -1.12, p = .261, in the behavioral intention to use a robot-like NF companion between 

practitioners with (Mdn = 66.6) and without (Mdn = 70) NF experience, with a small effect 

size (r = .13). The findings are reported below in Table 3 and Figure 2. 

Table 3 

Mann-Whitney U Test Results 

 Therapists with 

Experience 

Therapists with no 

Experience 

    

 Mean 

rank 

Sum of 

ranks 

Mean 

rank 

Sum of 

ranks 

U Z p r 

BI 

Average 

33.2 730 39.3 2045.0 477.0 -1.124 .261 .13 

Note.BI refers to Behavioral Intention. U is the test statistic. Z is the z-score of U. 
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Figure 2 

Bar Plot of BI Average by NF Experience

 

Note.Error bars represent +/- 2 SEs. BI refers to Behavioral Intention. NF refers to 

neurofeedback. 

These findings do not support the hypothesis that practitioners with prior NF 

experience will have a higher intention to use a robot-like NF companion than practitioners 

without prior experience. 

Hypothesis 3 – Difference between ages, NF experience, and gender 

A three-way between-subjects ANOVA was conducted to examine this hypothesis. 

The assumption checks revealed the same violations for the NF_experience variable as in the 

second hypothesis. For the other two variables, Levene’s Test for Equality of Variances 

revealed no violations (p > .05) (see Table 4). The Shapiro-Wilk test revealed violations of 

the normality assumption for both the older, W = .924, p = .006, and female, W = .958, p = 
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.036, groups (see Table 5, Figures 7 and 8). Although these assumptions were violated, it was 

decided to conduct the 3-way ANOVA2. 

The 3-way ANOVA revealed no statistically significant main effects with very low or 

low effect sizes for Gender, F(1,66) = .71, p = .402, partial η2 = .011, NF Experience, F(1,66) 

= 1.85, p = .178, partial η2 = .027, and Age, F(1,66) = .58, p = .45, partial η2 = .009. 

Additionally, none of the tested interaction effects were statistically significant and had very 

low effect sizes3: 

Gender x NF Experience: F(1,66) = .35, p = .556, partial η2 = .005 

Gender x Age: F(1,66) = .31, p = .581, partial η2 = .005 

Age x NF Experience: F(1,66) = .013, p = .909, partial η2 = .000 

Gender x Age x NF Experience: F(1,66) = .60, p = .443, partial η2 = .009 

Since none of the main or interaction effects were significant, for exploratory reasons, 

it was decided to examine the estimated marginal means plots. Separate plots were created 

based on gender. 

The first plot (see Figure 3), based on the male gender group, showed that male 

practitioners with previous NF experience demonstrated a big increase in BI from younger to 

older. In contrast, male practitioners without prior NF experience only showed a minimal 

increase in BI from younger to older. 

  

 
2 Although a Generalized Linear Model would be better suited for this analysis, this statistical 

technique is not part of the curriculum. Therefore, results must be interpreted with caution. 

3 The full results are reported in Table 7 of Appendix B. 
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Figure 3 

Estimated Marginal Means Plot of BI Average at Gender = Male 

 

Note.The age groups are based on the median age (Mdn = 42yrs) of the practitioner group 

(Younger <= 42yrs, Older > 42yrs). 

For the second plot (see Figure 4), based on the female gender group, the pattern is 

reversed. Female practitioners with previous NF experience demonstrated a drop in BI from 

younger to older. Moreover, female practitioners without prior NF experience showed an 

increase in intention from younger to older. 
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Figure 4 

Estimated Marginal Means Plot of BI Average at Gender = Female 

 

Note.The age groups are based on the median age (Mdn = 42yrs) of the practitioner group 

(Younger <= 42yrs, Older > 42yrs). 

Overall, the results do not show support for the hypothesis that younger practitioners 

will have a higher intention to use a robot-like NF companion than older practitioners and that 

this relationship will be stronger among those with neurofeedback experience compared to 

those without, which will be even more pronounced by gender. 

Discussion 

Implementing new technologies into current clinical practice is a lengthy and time-

consuming process (Balas & Boren, 2000). To assess whether a new technology is worth 

implementing, it is crucial to assess its acceptability by practitioners (Liu et al., 2014). Thus, 

this study aimed to investigate whether there is a difference in the BI to use a robot-like NF 

companion for NF training between practitioners already working with NF and those who are 
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not, compared to the general public. In the following section, the results of the analyses above 

will be discussed and contextualized, while also trying to answer the question of how to 

implement the robot-like NF companion into clinical practice. 

Hypothesis 1 – Differences Between Practitioners and the General Public 

The results related to the first hypothesis indicated that practitioners had a significantly 

lower BI to use a robot-like NF companion than the general public. This contradicted the 

hypothesis. A reason for this could be that the general public may lack domain-specific 

knowledge regarding NF and therefore cannot accurately assess the robot-like NF companion 

and show less apprehension to use it, which results in a higher BI score than practitioners. 

Domain-specific knowledge refers to the fact that practitioners might know more about NF 

itself, the mechanisms at play, and how the type of feedback provided to the participant can 

help their performance and progression compared to the general public. According to Chi 

(2006), the general public would be classed as “Naïve”, with no knowledge of the domain, 

and practitioners as “Experts” with extensive knowledge derived from experience. 

Additionally, it is important to contextualize the aforementioned result. It should be noted that 

the scores from both groups do not differ dramatically on average, and both score relatively 

high on BI, ranging from 68.9 to 74.6 points out of a possible 100. This suggests a generally 

positive attitude of both groups towards using the robot-like NF companion. Interestingly, 

when looking at the unmatched full sample, practitioners show a higher average BI score than 

the general public, 69 and 66.8, respectively (see Table 2), which is more in line with the 

original hypothesis. This difference may partially be explained by the drastically different 

sample sizes between the matched and unmatched groups – 62 cases per group in the matched 

condition versus 101 practitioners and 517 general public cases in the unmatched condition. 

Larger and more heterogeneous samples, like the unmatched condition, may show a 

greater variability in individual attitudes than the matched groups, which could lower the BI 
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(Frankot et al., 2023). This is especially visible for the general public group. Additionally, 

statistical matching procedures are designed to balance the distribution of possible covariates 

in the matched groups, in this case, age and gender, to reduce variability (Stuart, 2010). 

However, the matching procedure used in this paper removed cases that did not have an exact 

age and gender match. This could have led to the matched groups no longer representing the 

broader population from which the sample was drawn, reducing external validity and 

representativeness of the matched sample (Stuart, 2010). Moreover, the fact that both groups 

scored high on BI suggests that there may not be an actual, meaningful difference between the 

groups in the real world, even though it was statistically significant (McShane et al., 2019). 

Moreover, Cohen’s d indicated only a small effect, further supporting this argumentation. 

Lastly, the reversal of BI scores between the two conditions resembles Simpson’s Paradox 

(Wagner, 1982). It illustrates that group trends can be reversed when data are combined 

across different groups, without considering subgroup differences. Although this is not a 

textbook case of Simpson’s Paradox, the results show that it is good to be aware of how 

sample composition can have an impact on group-level outcomes. 

Hypothesis 2 – Differences Between Practitioners with and without Prior NF Experience 

The analysis pertaining to the second hypothesis revealed that both groups did not 

differ significantly in their BI, which contradicts the hypothesis. This may indicate that prior 

NF experience alone may not have a significant effect on the intention to use or implement 

the NF companion. However, the unequal sample sizes (22 with experience and 52 without) 

might have reduced the ability to detect a statistically significant effect. It is also possible that 

the other aspects of acceptability (perceived usefulness and perceived ease of use) are better 

predictors for the adoption of a robot-like NF companion by practitioners, which is in line 

with prior research on the adoption of new technologies by therapists (Grevet et al., 2023; Liu 

et al., 2014). Additionally, as Grevet et al. (2023) pointed out, previous experience acts as a 
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moderator for the relationship between BI and technology adoption; the more experience a 

user has with the new technology via previous experience, the less influence BI has on the 

actual use of the new technology. Therefore, it is possible that the previous NF experience 

that some of the practitioners had did not influence their BI to use the robot-like NF 

companion. This may explain why we could not show a significant difference between the 

two groups. 

Hypothesis 3 – Differences Between Ages, Genders, and Experience Levels 

The results related to the third hypothesis revealed no statistically significant main or 

interaction effects of age, gender, or NF experience. This suggests that these demographic 

factors and prior NF experience may not significantly affect practitioners' BI to use the new 

robot-like NF companion in this analysis. To ultimately determine their effects, the 

calculation of Bayesian statistics would be needed. Bayes Factor assesses the data in favor of 

the null hypothesis, which is not possible in traditional frequentist statistics, and can provide a 

better interpretation of non-significant results (Dienes, 2014) It is also possible that the small 

and unequal sample sizes per group also reduced the ability to detect a significant effect, as 

well as raised the possibility of Type II errors. These results differ from previous research on 

new technology adoption that underlines age and gender differences as important factors 

(Anderson & Perrin, 2017; Berkowsky et al., 2018; Venkatesh et al., 2000; Yau & Cheng, 

2012). Additionally, the findings conflict with both versions of the Unified Theory of 

Acceptance and Use of Technology, which identified age, gender, and prior experience as 

important moderators for BI (Venkatesh et al., 2003; Venkatesh et al., 2012). Therefore, age 

and gender may not play an important role in this particular intervention. Moreover, it is 

possible that other factors, such as organizational environment, perceived usefulness, and 

personal characteristics, are more important to practitioners when implementing a new 

technology and therefore override BI, which would be in line with the Technology 
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Acceptance Model and the Unified Theory of Acceptance and Use of Technology 2 

(Venkatesh et al., 2012; Yarbrough & Smith, 2007). An organizational environment can also 

impact acceptability as it can offer facilitating conditions during the implementation of new 

technologies, as training and support are usually freely available within organizations 

(Venkatesh et al., 2012). Thus, it is possible that our robot-like NF companion does not fit 

into the definition of a new technology of those models, as it may be too specific for them. 

Examining the interaction plots, one could see that in the male gender group, BI 

increased a lot from the younger to older practitioners with prior NF experience. In contrast, 

for those with no experience, the increase was only slight. The pattern was reversed for the 

female group. Female practitioners without experience demonstrated an increase in BI from 

younger to older, while the BI dropped slightly from younger to older for female practitioners 

with prior experience. These interaction plots could suggest possible gender-based differences 

in how age and prior NF experience interact to influence BI to implement the robot-like NF 

companion. These findings align with previous research (Anderson & Perrin, 2017; 

Berkowsky et al., 2018; Venkatesh et al., 2000; Yau & Cheng, 2012). For example, 

Venkatesh et al. (2000) found that gender plays an important role in the initial decision-

making process of new technology adoption and subsequent usage behavior, while Anderson 

and Perrin (2017) found that technology adoption is climbing amongst older, well-educated 

adults. Additionally, Yau & Cheng (2012) discovered that male students were more confident 

in using technology, which you can also see in the difference in BI between younger male and 

female practitioners without experience. These findings, once again, highlight the importance 

of not only relying on significance testing when interpreting data (McShane et al., 2019). 

Bringing the Robot-Like NF Companion to Clinical Usage 

The central concern that was outlined at the beginning of this paper was the so-called 

“research-to-practice gap” that is present in clinical neuropsychology. In the context of 
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implementing a new robot-like NF companion, this gap represents a substantial hurdle. 

However, the results of the analyses above can be used to bring the robot-like NF companion 

into practice. Across all analyses, the BI average was above the score of 60 out of 100, which 

indicates a generally favorable attitude towards the robot-like NF companion and a 

willingness to use it. To fully implement it, the next steps should include further testing of the 

robot-like NF companion in practice with target populations that can benefit from it, as well 

as practitioners, to allow them to get familiar with the technology and enhance their 

knowledge and experience. This is important since Proctor et al. (2011), in their quest to 

clarify the language used in implementation research, defined acceptability as a changing 

concept regarding experience and knowledge. Mitchell et al. (2022) have proven this with 

their study on the acceptability of a training program for practitioners working with precision 

medicine. They used small, guided focus groups with relevant practitioners to allow them to 

enhance their knowledge of the intervention, outline barriers to implementing the 

intervention, and discuss possible future training programs aimed at implementation 

(strengths, risks, challenges) (Mitchell et al., 2022). Focus groups are a commonly used 

method to discuss a specific topic in depth with relevant people and draw from these people's 

personal experiences, beliefs, and concerns (Nyumba et al., 2018). After the focus groups, 

Mitchell et al. (2022) found that the initially low acceptance of the training program had 

increased. Implementing such focus groups for relevant practitioners (practitioners with prior 

NF experience) regarding the robot-like NF companion could help to increase its acceptance 

among the different age groups and genders, as outlined by the possible interaction trends of 

the third hypothesis. It is imperative to translate our research findings into clear and concise 

summaries that can actually be used by practitioners to aid the implementation of the robot-

like NF companion. These summaries could then be used in the focus groups to enhance 

knowledge, understanding, and therefore acceptability of the robot-like NF companion. It is 

important to translate our findings into usable formats, as implementation knowledge is not 
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taught to practitioners (Ovretveit et al., 2017), and knowledge of implementation science still 

largely belongs to researchers and not practitioners (Westerlund et al., 2019). 

Strengths and Limitations 

To the best of my knowledge, this is the first study to examine the relationship between BI 

scores to use a robot-like NF companion by practitioners and the general public. Due to this, 

the interpretations should be taken with a grain of salt. Additionally, several strengths should 

be considered. Firstly, the overall sample size is large and international. This allowed us to 

conduct subgroup analyses and gain a robust and diverse insight into the opinions of groups 

who may come into contact with the robot-like NF companion in the future, regarding its 

implementation. It also allowed us to conduct interaction analyses, which would not have 

been possible with smaller sample sizes. Additionally, because the questionnaire was 

available in multiple languages and online, it allowed us to reach a diverse group of people 

from many different countries across Europe and even outside of it to gain a nuanced 

understanding of their opinions. Moreover, the questionnaire covers the main aspects that are 

relevant for the acceptability of a new technology and further demographic and personality 

factors that may influence the acceptability. This allows us to draw multifaceted conclusions 

based on their answers with regard to the future steps of the implementation process. 

Additionally, several limitations should be considered. First, the study lacked 

practitioners, especially ones with prior NF experience, who filled out the questionnaire. 

Moreover, women and younger people were overrepresented in our sample, while men and 

older people were underrepresented. This led to very unequal and small sample sizes for each 

of the subgroups and may impact the generalizability of the results to the broader population. 

To overcome this, future studies should use larger, more representative samples concerning 

the aforementioned groups. Researchers should more directly try to recruit these target 
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demographics. This would also help to investigate subgroup effects and interaction patterns 

more reliably. 

Second, we used a convenience sampling method. This can further affect the 

generalizability of our findings by introducing selection bias. To address this, stratified 

sampling could be employed. This means dividing the population into relevant subgroups 

(e.g., healthcare background, genders, etc.) and randomly sampling within these groups. 

Lastly, the questionnaire that was used was relatively long, time-intensive, and 

complex, with the acceptability portion of it being the second-to-last section. Due to this, it is 

possible that participants were affected by respondent fatigue, especially in the later parts of 

the questionnaire, which may have affected the quality of their responses. It is possible that 

participants were not carefully reading the questions or considering their responses at this 

point. Because of the complexity, some participants may have struggled to understand certain 

key concepts, like what NF is and what the robot-like NF companion is trying to improve, 

even with the comprehension check section in place. If people misunderstood the role and 

nature of the robot-like NF companion, it is possible that they falsely interpreted the 

acceptability portion of the study. This could also have an impact on the validity of the data. 

To mitigate this, the overall questionnaire design could be improved by shortening, 

simplifying, and rearranging the questions. One possible starting point could be the shortening 

of the personality section, as it is one of the longest, with 44 questions. The shortening and 

simplification could help with respondent fatigue, while putting the acceptability-related 

questions earlier could ensure proper understanding of these concepts. 

Future Research Recommendations 

Based on the results, some future research recommendations can be discerned. Firstly, 

employing qualitative data, like interviews and focus groups, could help to understand certain 

attitudes and concerns of practitioners regarding the robot-like NF companion better than 
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solely relying on the questionnaire, since people can give more nuanced answers this way. 

This is especially important since the questionnaire did not give participants the option to 

express concerns (outside of scales) at all. Possible concerns could include ethics and privacy 

of the patient data, possible interference with therapeutic alliance, or additional training and 

workload for practitioners. Some possible questions to ask are listed below: 

1. What concerns, if any, do you have about the implementation of the robot-like NF 

companion into your clinical practice? 

2. How well would the robot-like NF fit into your current clinical practice?  

3. What would make you more willing to implement such a tool into clinical 

practice? 

4. Do you think you would benefit from future training programs or supporting 

material designed to help you integrate the robot-like NF companion into 

practice? 

Secondly, future studies should take into account organizational context when 

assessing the acceptability of practitioners, since this aspect, while being part of different 

acceptability models, is not assessed in the questionnaire. To do so, the Implementation 

Climate Scale, which was developed by Ehrhart et al. (2014), could be added. This brief scale 

(18 items) assesses how strategic the organizational climate is for implementing evidence-

based practices based on employees' perceptions. It covers six dimensions, which include 

educational support and recognition for the evidence-based practice that may be implemented. 

The scale can help to understand the organizational context's role in possibly implementing 

the robot-like NF companion. This part of the questionnaire should only be visible to relevant 

subgroups, i.e., practitioners who work with NF. 

Lastly, all the analyses should be redone in future studies with larger and more equal 

sample sizes to see whether the lack of findings can be attributed to this shortcoming. 
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Conclusion 

Overall, our robot-like NF companion was generally viewed favorably, and it should 

now be tested during actual NF trials. Additionally, practitioner involvement in future 

feasibility studies should be considered. With their involvement and input, a straightforward 

integration into clinical routines (e.g., how to set it up and when it can be helpful) and 

development of training sessions and support resources (e.g., guidelines on how to work with 

it and introduce it to participants) may be established. This step could also help to bring the 

robot-like NF companion into clinical practice. 
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Appendix A – Assumptions 

Table 4 

Levene’s Test of Homogeneity of Variance for all analyses 

 Levene Statistic df1 df2 p 

Healthcare Background .010 1 122 .921 

Neurofeedback Experience 4.531 1 72 .037 

Age Group .744 1 72 .391 

Gender .548 1 72 .461 

Note. Based on mean 

Table 5 

Shapiro-Wilk Test of Normality for all analyses 

  Statistic df p 

Healthcare Background Practitioner 

General Public 

.971 

.954 

62 

62 

.158 

.022 

Neurofeedback Experience Experience 

No Experience 

.949 

.934 

22 

52 

.307 

.007 

Age Group Younger 

Older 

.942 

.924 

30 

44 

.103 

.006 

Gender Female 

Male 

.958 

.954 

60 

14 

.036 

.618 
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Figure 5 

Q-Q Plots for Behavioral Intention Average by Healthcare Background 
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Figure 6 

Q-Q Plots for Behavioral Intention Average by Neurofeedback Experience 
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Figure 7 

Q-Q Plots for Behavioral Intention Average by Age Groups 
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Figure 8 

Q-Q Plots for Behavioral Intention Average by Gender 
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Appendix B - Results 

Table 6 

Independent Samples T-Test Results 

 Practitioner General 

Public 

    95% Confidence Interval of the 

Difference 

 

 M SD M SD t(122) p (one-

sided) 

Mean 

Difference 

Std. Error 

Difference 

Lower Upper Cohen’s 

d 

BI 

Average 

68.7 18.3 74.6 18.2 -1.8 .037 -5.91 3.28 -12.41 .59 0.323 

Note.BI refers to Behavioral Intention. 
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Table 7 

Three-Way Between-Subjects ANOVA 

Predictor Type III Sum 

of Squares 

df Mean 

Square 

F p Partial 

η2 

Observed 

Powera 

(Intercept) 135161.33 7 135161.33 281.59 <.001 .810 1.0 

Gender 341.17 1 341.17 .71 .402 .011 .132 

NF Experience 888.78 1 888.78 1.85 .178 .027 .268 

Age 276.91 1 276.91 .58 .450 .009 .116 

Gender x NF 

Experience 

168.11 1 168.11 .35 .556 .005 .090 

Gender x Age 147.32 1 147.32 .31 .581 .005 .085 

Age x NF 

Experience 

6.36 1 6.36 .01 .909 .000 .051 

Gender x Age x 

NF Experience 

286.40 1 286.40 .60 .443 .009 .119 

Error 31679.89 66 479.998     

Note.R Squared = .079 (Adjusted R Squared = -.018). NF refers to neurofeedback. 

aComputed using alpha = .05 

 


