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Prologue 
With the development of modern medicine, whose beginning can perhaps best be 

defined by the introduction of the smallpox vaccine in 1798 by Edward Jenner (Riedel, 

2005) or by the first antibiotic being synthesized by Paul Ehrlich in 1907 (Bosch and 

Rosich, 2008), science and technology have since been developing with extraordinary 

speed, enabling eradication of some prior deadly diseases (like smallpox in 1980 

(Pennington, 2003)), and significantly decreasing mortality rates for others. This in 

turn prolonged life expectancies (together with better nutrition and other 

advancements), but it also introduced new challenges for medicine: a much higher 

rate and comorbidity of non-deadly disorders and a corresponding rising burden of 

them on society. Based on the Global Burden of Disease report from 2015, these 

conditions for example include lower back and neck pain, sense organ diseases, iron-

deficiency anemia, and skin diseases, but also mental disorders, such as depression, 

anxiety, schizophrenia, dementia, and substance abuse (Vos et al., 2016). 

Major depressive disorder is a prominent example of a modern medical burden on 

society, being the third leading cause of disability globally. The prevalence of the 

disorder has been steadily increasing over the past years, becoming more costly and 

burdensome (Cipriani et al., 2018; Vos et al., 2016), also due to its relative treatment 

resistance. The effect of the most common treatment option, antidepressants 

(Cuijpers et al., 2016; Gartlehner et al., 2017), seems to vary depending on the 

symptom severity (Rief et al., 2009). In general, only about a third of patients 

experiences some improvement during the first round of treatment. The rest require 

different or additional medication (often multiple times) before achieving remission 

(Gaynes et al., 2009; Warden et al., 2007). In addition, antidepressants are associated 

with several adverse effects (Kennedy et al., 2016; Qaseem et al., 2016), therefore 

leading to a larger dropout (compared to placebo groups) (Cipriani et al., 2018). Other 

currently available options for depression treatment include alternative and 

complementary approaches, such as exercising, meditation, acupuncture, and 

omega-3 fatty acids, and different types of therapy. However, only cognitive 

behavioral therapy, the second standard treatment, has so far been shown to reach 
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results comparable to those of second-generation antidepressants (Cuijpers et al., 

2016; Gartlehner et al., 2017; Haller et al., 2019).  

Side effects, dropouts, and treatment resistance are relevant examples of why 

exploring new additional or/and alternative treatments should be proposed and 

researched (Pigott et al., 2010), not only for depression, but for a variety of different 

mental disorders. One of these potential treatment options, neurofeedback, has 

already been proposed. The present dissertation explores the existing evidence of 

fMRI-based neurofeedback efficiency and efficacy for the symptom treatment of 

various disorders; furthermore, it explores the underlying mechanisms to better 

understand why and how fMRI neurofeedback works. 

Introduction 
History of neurofeedback and its path towards fMRI  

Electrophysiological methods  

Neurofeedback was first explored in the 50s and 60s using electroencephalography 

(EEG), a functional neuroimaging technique first introduced in 1924 (Kaiser, 2005; 

Millett, 2001), to show that participants can be trained to recognize and later also 

control or induce the alpha waves (brain waves in the range of 8-12Hz) (Kamiya, 

2011). With the initial development of analysis tools and algorithms and due to its 

amazing temporal resolution, EEG quickly became a staple neuroimaging technique 

used in different settings, including neurofeedback training. Unfortunately, it soon 

became clear that poor spatial resolution and depth penetration of EEG would limit 

further development and different applications of EEG-based neurofeedback 

(Weiskopf, 2012), which implied the need for other methods that could be used as an 

alternative.  

EEG belongs to the group of electrophysiological neuroimaging methods, all 

characterized by their exceptional temporal resolution. Magnetoencephalography 

(MEG), another electrophysiological technique occasionally used for neurofeedback 

(Florin et al., 2014; Rana et al., 2020), offers similar characteristics to EEG in terms of 



General introduction 

 11 

temporal resolution. Although it offers better spatial resolution, it suffers from its 

costs, large size and corresponding non-portability (Lystad and Pollard, 2009). 

Electrocorticography (ECOG) and intracortical recordings (ICOR) on the other hand 

offer excellent temporal and spatial resolution, but are both highly invasive 

techniques, since they measure brain activity through electrodes implanted in the 

brain (Hill et al., 2012; Szostak et al., 2017). EEG is therefore still the most widely used 

electrophysiological method for neurofeedback applications.  

Hemodynamic methods 

Given the relatively poor spatial resolution of the non-invasive electrophysiological 

methods, especially EEG, hemodynamic methods prove to be a good alternative when 

spatial specificity or resolution are essential. Hemodynamic methods (excluding 

highly invasive ones) include positron emission tomography (PET), (functional) 

magnetic resonance imaging ((f)MRI), and functional near-infrared spectroscopy 

(fNIRS).  

PET was first introduced around the same time as the first EEG neurofeedback 

experiments were conducted; the first clinical positron imaging data was acquired in 

the 50s and the first scanners were produced in the 60s (Jones and Townsend, 2017). 

Although it is the oldest hemodynamic method developed and is still widely used in 

clinical setting, it involves injected radioactive tracers and has a poor temporal 

resolution (Hooker and Carson, 2019; Varvatsoulias, 2013), making it an unsuitable 

candidate for neurofeedback.  

The newest hemodynamic method, fNIRS, is however very suitable for neurofeedback 

applications (for a systematic overview see (Kohl et al., 2020)) due to its non-

invasiveness, portability, and low costs (Boas et al., 2004; Naseer and Hong, 2015). 

First introduced in 1992 (Ferrari and Quaresima, 2012), it utilizes near-infrared light 

spectrum to measure brain activity and offers a comparable temporal resolution to 

fMRI and lower motion sensitivity, but unfortunately suffers from worse spatial 

resolution and poor depth penetration (for an extensive comparison see (Cui et al., 

2011; Scarapicchia et al., 2017)).  
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Functional magnetic resonance imaging (fMRI) 

The final hemodynamic method is magnetic resonance imaging (MRI). The basic 

principles of nuclear magnetic resonance that would later lead to MRI development 

had already been discovered independently by Felix Bloch and Edward M. Purcell in 

1946 (Bloch et al., 1946; Purcell et al., 1946; Shampo and Kyle, 1995). However, it was 

not until the development of the echo-planar imaging (EPI) sequence for fMRI 

(Mansfield, 1977; Mansfield and Maudsley, 1977), which provided acquisition in 

seconds, that (f)MRI became a quickly popularized and developing method. With the 

rapid development of the MR field, also due to MRI’s superior spatial resolution 

compared to other neuroimaging methods, it was not long until functional MRI in 

humans was first introduced in 1991 (Belliveau et al., 1991) and a few years later, in 

1995, the acquisition and analysis was sufficiently fast to allow for real time analysis 

(Cox et al., 1995).  

Real-time fMRI analysis opened the doors for different online applications, including 

neurofeedback. In 2002, Yoo and Jolesz showed that near-real time feedback 

presentation was possible, when they provided feedback from motor cortex about a 

minute after the task was performed (Yoo and Jolesz, 2002). A year later, Posse and 

colleagues similarly provided feedback from amygdala. Unfortunately, the 

participant-induced emotion regulation task could not be disentangled from the 

emotional visual stimuli presented simultaneously and it was therefore not possible 

to showcase the connection between feedback and self-regulation (Posse et al., 2003). 

In the same year, the first real-time fMRI neurofeedback study with continuous 

feedback was performed, providing instant (<2s delay) feedback with each acquired 

volume, and clearly showing the relationship between self-regulation of anterior 

cingulate cortex and neurofeedback (Weiskopf et al., 2003). Continuous feedback 

enabled the participants to be aware of their performance while simultaneously 

performing the task and therefore enabling further improvement of the task 

performance and consequently the signal strength.  

In the following years, the fMRI neurofeedback field experienced a rapid increase in 

studies and corresponding publications, as seen in figure 1.1, first exploring the 
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applications in healthy participants, which were soon accompanied by a similar 

increase in clinical applications. The figure is based on the data from chapter 2.  

 

Figure 1.1. Number of fMRI neurofeedback publications per year. The graph represents the number 
of publications exploring the applications in healthy participants (in yellow), in clinical populations 

(in blue), and both combined (in green). *Note: data acquisition was completed before the end of 
2019, so the publication count for that year is incomplete. 

Regardless of the extensive body of research and quickly developing methods, 

including sequences that would allow to acquire full brain scans with millimeter-scale 

spatial precision in the range of a couple of seconds, fMRI-based neurofeedback 

presented a unique problem for neurofeedback study design: the timing of the 

hemodynamic response. 

fMRI signal properties  

Electrophysiology-based neurofeedback research utilizes study designs that enable 

training of a certain frequency band’s power (such as the already mentioned alpha 

waves), which requires the data acquisition in the range of milliseconds (Rogala et al., 

2016). In contrast, hemodynamic-based neurofeedback methods cannot provide 
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such temporal advantage, even with the advancement of the technique over the last 

decades. This is mainly due to the temporal properties of the hemodynamic response.  

 

Figure 1.2. The hemodynamic response function (HRF) after a brief stimulus. After the stimulus 

presentation, an initial dip is shown, followed by a rapid increase in the signal. After peaking, the 
signal decreases and again undershoots before returning to baseline. 

Hemodynamic methods measure the brain activity indirectly, through blood-oxygen-

level-dependent (BOLD) response, which was first introduced in 1990 (Ogawa et al., 

1990a, 1990b) and has since been shown to strongly correlate with actual neuronal 

activity, specifically with local field potentials (Logothetis et al., 2001). In simplified 

terms, this means that when the brain response to a stimulus is measured, it is not the 

corresponding neuronal activity of an associated area that is measured; instead, an 

increased cerebral blood flow to the activated region(s) causes ratio changes of the 

oxygenated and deoxygenated hemoglobin concentrations in the blood and this ratio 

change is what is used to detect activation-related changes. The two hemoglobin 

variants have different magnetic properties: deoxygenated hemoglobin is 

paramagnetic, whereas oxygenated hemoglobin is diamagnetic. Paramagnetic 

substances have a larger impact on the magnetic field, making it more 

inhomogeneous and consequently also decreasing the measured signal (Buxton et al., 
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2004). Neural activity therefore leads to an improved and increased magnetic 

resonance signal through an increased concentration of oxygenated compared to 

deoxygenated hemoglobin. 

In terms of an experiment, this means that once the participant starts performing a 

task, the neurons begin firing and therefore using up the oxygen present in the blood 

of nearby capillary beds. This neuronal dependence on the blood-based supply of 

energy is known as neurovascular coupling. The brain in return overcompensates for 

the activity by providing the activated region with an overflow of oxygen in the form 

of oxygenated hemoglobin. Since the neurons do not use all of the oxygen, a clear 

concentration change between oxygenated and deoxygenated hemoglobin can be 

measured, resulting in an increased signal. A hemodynamic response function (HRF), 

used for modelling of the expected signal, nicely illustrates this response (figure 1.2). 

Specifically, the response usually includes an initial dip in signal right after the 

stimulus onset, indicating the initial decrease of the oxygenated hemoglobin (Buxton 

et al., 1998) (note however that this initial dip is weak and not consistently reported 

(Hillman, 2014)). About two seconds after the stimulus onset, which closely follows 

the time needed for the blood to travel from arteries to capillary beds surrounding the 

active neurons, an increase in the signal (and therefore oxygenated hemoglobin 

inflow) can be measured (Logothetis, 2003). This is followed by a substantial and rapid 

increase of the signal which reaches its peak around five to ten seconds after the 

stimulus onset. Finally, the signal starts weakening at a similar rate to the initial 

increase and again undershoots, this time for a longer time, before returning back to 

baseline (Buxton et al., 1998; Friston et al., 1998). With prolonged stimulus 

presentation, the increased measured activity is proportionally prolonged (Boynton et 

al., 1996).  

The temporal characteristics of the hemodynamic response function (HRF) are 

therefore preventing hemodynamic-based neurofeedback studies from using the 

rapid designs of electrophysiological methods (Weiskopf, 2012). Instead, 

hemodynamic methods provide a unique advantage of spatially very specific 

activation measurements, enabling neurofeedback training of a very particular area 

that might be associated with the final training goal.  
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Neurofeedback setup and procedure 

As a preparation before fMRI-based neurofeedback training, each participant is first 

positioned in the fMRI scanner and the target region or network is determined 

depending on the end goal. This is either done based on pre-existing anatomical 

knowledge or during a functional localizer, which helps to select the region based on 

actual task-related activation. Then, the training can begin. The general procedure 

(e.g., (Weiskopf et al., 2007, 2003)) of neurofeedback training (figure 1.3) is similar for 

all neuroimaging techniques (Enriquez-Geppert et al., 2017). 

First, data is acquired. The participant is instructed to modulate their brain activity by 

performing a task that engages the target region of interest during a specific, indicated 

time period.  

Each data point is preprocessed as soon as it is acquired and transferred to the analysis 

computer. Preprocessing prepares the data for statistical analysis that depends on the 

preselected feature (the activation mean or pattern of a certain area, or connectivity 

between areas) and allows the feedback calculation. Usually, individual (for 

continuous feedback presentation) or all the time points (for intermittent feedback 

presentation) of each regulation trial are compared to the preceding rest period, 

following the “incremental” or “sliding window” approach (Gembris et al., 2000). 

Unlike the incremental method, which adds every new time point to all previous time 

points, the sliding window ensures that the analysis is not slowed down by 

accumulating data over a prolonged period of time; instead, it uses (up to) a specified 

number of time points in the analysis, discarding the oldest time point with every new 

acquired time point. Furthermore, it gives a more accurate representation of the most 

recent activity, but in turn suffers from reduced power compared to the incremental 

approach (Weiskopf et al., 2007).  

Once the necessary number of points are analyzed, the resulting value is normalized. 

Normalization usually includes a comparison of the achieved target-activation 

change to a predefined value or threshold, for example an expected activation 

strength in the form of percent signal change (PSC). This ensures that the 

neurofeedback has a meaningful representation for the participant and is informative 
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of their achievement and potential improvement or decline compared to their 

previous trials, runs or even sessions.  

 

Figure 1.3. Feedback loop. Data acquisition is followed by data preprocessing and analysis. Analysis 
includes statistical steps that provide the necessary information for neurofeedback. Feedback is then 

presented to the participant, which enables them to adjust their strategies to improve their 
performance. The data is then again acquired. 

Finally, the participant uses the provided information in order to either keep the 

activation at the desired activation level or improve their performance by adapting 

their strategies during the succeeding acquired time points. Repeated over trials, the 

adjustment of the strategies should lead to learning, making the participants become 

increasingly better at regulating. 
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fMRI neurofeedback as a tool 

fMRI neurofeedback can be used for cognitive enhancement, as a tool for symptom 

reduction in the clinical setting, but also as a paradigm to better understand cognition 

and brain functioning. These utilizations do not need to be strictly separated. Rather, 

designs for various applications, such as for example working memory, can be used 

both in healthy populations and in patients. Healthy individuals would perhaps like to 

improve their information retention and manipulation or their attention for 

professional reasons (Zhang et al., 2013). Different clinical populations, such as 

patients with clinical depression (Young et al., 2017) or dementia (Hohenfeld et al., 

2017; Klink et al., 2021) would potentially like to normalize or improve their 

deteriorated memory performance (Köhler et al., 2015). Training can also reveal 

corresponding brain changes. It can confirm an involvement of the target region in 

the task or in the targeted behavioral change; it can even reveal an involvement of a 

larger network through connectivity changes (Shen et al., 2015; Zhang et al., 2015) as 

well as structural changes (Sampaio-Baptista et al., 2021). 

Various applications of fMRI neurofeedback have already been investigated. These 

range from emotion regulation to ameliorate depression (Linden et al., 2012; Mehler 

et al., 2018; Young et al., 2017) and PTSD (Nicholson et al., 2018, 2017), visual 

perceptual learning (Scharnowski et al., 2012; Shibata et al., 2011), addiction and 

cravings (Karch et al., 2019, 2015; Li et al., 2013), attention, including applications in 

tinnitus (Sherwood et al., 2018) and ADHD (Alegria et al., 2017), sensorimotor 

applications, such as in Parkinson’s disease (Subramanian et al., 2016, 2011) and 

chronic pain (DeCharms et al., 2005; Guan et al., 2015), prosody (Rota et al., 2009), 

(pain) empathy (Yao et al., 2016), and many more. 

When trying to learn more about the general or disorder-specific brain functioning, 

the research directions are countless; it is possible to research different traits of 

remitters (Karch et al., 2019) or traits that might indicate the (non)responsiveness to 

neurofeedback training (Kadosh and Staunton, 2019). One can also focus on 

improving neurofeedback paradigms by comparing the training success based on the 

feedback presentation type (e.g., continuous versus intermittent feedback) (Emmert 
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et al., 2017; Hellrung et al., 2018; Johnson et al., 2012) or even improve the 

effectiveness of other therapies, such as cognitive-behavioral therapy (CBT); 

neurofeedback has for example been used to showcase the effect of different CBT 

strategies on the patient’s brain activity (MacDuffie et al., 2018).  

Furthermore, neurofeedback designs have been used to better understand brain 

functioning. For example, a recent meta-analysis discovered a network involved 

during general neurofeedback-guided self-regulation (Emmert et al., 2016); this 

network includes anterior cingulate cortex, dorsolateral prefrontal cortex with parts 

of premotor cortex, anterior insula, basal ganglia and thalamus, ventrolateral 

prefrontal cortex, parts of the superior and inferior parietal lobule with temporo-

parietal area, and the visual association areas. Additionally, when investigating 

regions involved specifically during trials with neurofeedback (compared to self-

regulation without feedback), regions involved in reward processing were activated, 

with striatum also being related to regulation accuracy (Skottnik et al., 2019).  

Finally, a special application of neurofeedback includes gradual regulation of brain 

activity. Most patient population studies aim to maximize task-related brain activity 

changes towards minimizing the observed deficit (by either up- or down-regulation 

the activity) and therefore bringing the region’s functioning closer to that of a healthy 

population. This should in turn also reduce or completely eliminate the associated 

clinical symptoms. Gradual or level-specific regulation on the other hand aims to train 

participants to finetune their strategies to reach a specific level of activity (Krause et 

al., 2017; Sorger et al., 2018; Sousa et al., 2016). The goal level is predetermined and 

represents a fraction of their maximally achieved activation during the localizer run. 

This approach is therefore not necessarily the best tool for patient populations, as it is 

not likely to result in clinically significant improvement, but it has been proven to be 

a useful approach for different investigations of neurofeedback mechanisms and the 

extent of the control participants (can) achieve over their own brain activity.  

Metacognition 

The increase of neurofeedback related research and corresponding results are 

encouraging, but there are still many open questions regarding the exact mechanisms 
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of it. One of the main questions is whether neurofeedback is actually necessary for 

successful regulation learning. For this to be true, experimental groups receiving 

neurofeedback should be able to consistently alter their brain activity in the desired 

direction throughout the training; control groups, which do not receive (true) 

neurofeedback, should on the other hand not learn to regulate or improve (beyond 

learning without feedback). Although many studies indeed show this pattern and 

therefore confirm that neurofeedback is essential for successful regulation learning, 

there still are studies that show that their control groups nevertheless learned to 

control their brain activity as well and even decreased their clinical symptoms (Alegria 

et al., 2017). Hence, one of the questions at hand is how participants actually use 

neurofeedback information during regulation and how aware are they of their own 

performance.  

This question goes beyond just task performance; monitoring and adjusting the 

performance plays a crucial role as well. Neurofeedback training can therefore be 

investigated not only in the scope of cognition, which is needed to understand and 

perform a task, but also in the scope of metacognition. Metacognition is defined as 

cognition about cognition, meaning that it incorporates one’s awareness, 

understanding, goals, and finally, manipulation of their knowledge, memory, or 

thinking, in order to boost learning (Flavell, 1979). It can be used before, during, and 

after cognitive tasks in order to plan, monitor, and evaluate the performance of the 

task, respectively (Akturk and Sahin, 2011), and is associated with improved 

performance (Schraw, 1998) and effectiveness (Akturk and Sahin, 2011). These steps 

are essential for successful neurofeedback training; if participants are well aware of 

their inner states, such as task performance and brain activation, they are able to better 

adapt their task strategies in order to further improve. The main goal of neurofeedback 

training is to achieve exactly that: improve participants’ self-awareness of their brain 

states and task performance in order to boost performance. 

Although one can easily measure brain states and neurofeedback performance, it is 

harder to measure metacognitive processes, since they are complex and do not have 

external measurable qualities (Craig et al., 2020). Researchers can therefore opt for 

two options: the thinking aloud approach or self-reports (Akturk and Sahin, 2011; 
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Jacobse and Harskamp, 2012). The thinking aloud approach requires the participants 

to narrate their thinking process out loud while performing the task. It is more reliable, 

but it is also extremely time consuming, so researchers often rely on self-reports, 

which include questionnaires and interviews. These are cost-effective and can 

simplify the analysis when they include closed questions, but they are not 

standardized and often include only individual components of metacognition (Craig 

et al., 2020). They therefore fail to capture the entire process and complexity of 

metacognition.  

Self-reports nevertheless seem to be the best approach for investigating fMRI 

neurofeedback training. Scanners are indeed unsuitable for the thinking aloud 

method due to the specific (and loud) environment, in which participants must refrain 

from speaking or otherwise moving. Self-reports can on the other hand be completed 

after the scanning session, or even during the scanning if the participants can select 

answers on the screen.  

Top-down and bottom-up responses during fMRI 
neurofeedback training 

Looking at the metacognitive processes is not the only way to better understand the 

underlying processes of neurofeedback; an alternative approach is to take a closer look 

at the brain itself. Most neurofeedback studies investigate the training effects in 

various cortical and subcortical regions, such as amygdala (Hellrung et al., 2018; 

Marxen et al., 2016; Nicholson et al., 2017; Paret et al., 2016), supplementary motor 

area (Al-Wasity et al., 2021; Papoutsi et al., 2017; Subramanian et al., 2011), anterior 

cingulate cortex (Canterberry et al., 2013; Cordes et al., 2015; DeCharms et al., 2005; 

Weiskopf et al., 2003; Zweerings et al., 2018), and anterior insula (Buyukturkoglu et 

al., 2015; Kanel et al., 2019; Lawrence et al., 2014; Ruiz et al., 2013; Sitaram et al., 

2014). Furthermore, connectivity between different regions can also be altered (Liew 

et al., 2016; Pereira et al., 2019; Zhao et al., 2019), but little is known about top-down 

and bottom-up responses of different regions and what kind of a role do they play 

during neurofeedback training.  
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Figure 1.4. Cortical layers. The figure on the left shows the modelling of different cortical depths in 
fMRI data. On the right side, the cytoarchitecture of supplementary motor area (SMA), a common 

area used in neurofeedback training, is represented. The image shows the thickness differences of 
individual layers, which depend on the region’s top-down and bottom-up connections and is different 
for each region. Note that layer IV in SMA is (visually) missing, making SMA an exception in the 

standard six-layer model. The figure is adapted from brainvoyager.com (left) and Ruan et al. (Ruan et 
al., 2018) (right).   

With an already excellent spatial resolution in the range of millimeters, especially for 

an in-vivo non-invasive neuroimaging method, fMRI’s resolution has recently been 

pushed even further using ultra-high field scanners (7T and beyond). These advances 

now allow to investigate cortical depth-dependent activation. The idea closely 

matches the observations first reported by Korbinian Brodmann in the beginning of 

the 20th century which clearly show that cortex consists of six layers defined by 

different cell types (Zilles, 2018). The first fMRI study investigating laminar responses 

was reported in 2007, reaching submillimeter resolution of the visual cortex with a 3T 

scanner (Ress et al., 2007). Most submillimeter investigations nowadays include 

isotropic voxels of around 0.7 or 0.8mm to accurately capture the folding of the cortex 

(Kashyap et al., 2018), although Kashyap and colleagues demonstrated that it is 

possible to acquire data with spatial resolution of exceptional 0.1mm in one 

dimension, when the voxels are not isotropic (0.1 x 1.4 x 2.0mm). Current state-of-

the-art isotropic resolution however comes with its drawbacks. Average cortex 

thickness lies between 1 and 4.5mm (Fischl and Dale, 2000), depending on the (part 

of the) region of interest, which means that one cannot capture each of the six 

individual cortex laminae individually. With limited resolution relative to the 
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thickness of layers, one also suffers from partial volume effects which means that it is 

not possible to completely avoid including some of the surrounding white matter and 

cerebrospinal fluid.  

When modeling depth-dependent data, the common procedure therefore includes 

removing non-grey matter tissues and dividing different depths into estimated layers. 

Correct reconstruction and modeling of different depths (for an overview see (Kemper 

et al., 2018)) is in particular important because specific cell types that define each of 

the six layers also form different connections with the rest of the brain (figure 1.4). 

Communication between different areas can be classified as bottom-up or top-down. 

It has been proposed to be layer-specific based on invasive studies in animals (for an 

overview see (Lawrence et al., 2019a)), meaning that the layers within the same region 

likely contribute differently to communication with different areas. This can be 

understood both in terms of connections based on cell types, but also in terms of 

information flow. Being able to differentiate between these different connections can 

therefore teach us more about the functional mechanisms of the brain.  

The most widely investigated layer-dependent responses have so far been shown in 

the visual cortex. Visual perception of an object is considered to be a bottom-up 

process, during which different fundamental features of the object (“bottom”), such as 

its contours and colors, are gathered from the retina and form a recognizable 

representation (“up”). On the contrary, imagery of the same object first includes a 

general idea (“top”) that then forms the fundamental features (“down”) based on the 

recalled representation and is therefore considered to be a top-down process. What is 

interesting is that both perception and imagery tend to activate the same areas (Cichy 

et al., 2012; Dijkstra et al., 2017; Senden et al., 2019), meaning that visual cortex will 

be active both during perception and imagery, even though no external input is 

provided during imagery. Given that different connections are engaged during each 

task, they should therefore activate distinct cortical layers and indeed they do. 

Bottom-up connections are generally associated with middle layers of the visual 

cortex, in particular layer IV, whereas top-down effects tend to involve connections in 

the deeper and superficial layers and exclude middle layers (Bergmann et al., 2019; 

Lawrence et al., 2019b; Muckli et al., 2015). 
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Similar results, yet with less extensive research conducted so far, have been shown in 

other regions, such as the significant top-down effects in the superficial layers of 

primary auditory cortex (De Martino et al., 2015) and in superficial and/or deep layers 

of primary motor cortex (Huber et al., 2017). When comparing executed and 

imagined movements in primary motor cortex (M1), both considered top-down 

movements, a similar pattern was found: imagery resulted in superficial activity, 

whereas performed movement activated deep layers, but also superficial layers to a 

lesser extent (Persichetti et al., 2020).  

Given that neurofeedback research is typically not done with a submillimeter data 

resolution, very little is known about the mechanisms and connections involved 

during neurofeedback training, but some hypotheses can be made based on the 

results presented above. Neurofeedback training most commonly utilizes mental 

imagery (Skottnik and Linden, 2019); mental imagery covers a wide variety of 

different mental tasks performed internally, without any external execution, and is 

therefore considered to be a top-down process, meaning that the middle cortical 

layers are not expected to be involved.  

Neurofeedback however also includes the feedback and the corresponding 

monitoring and adaptation components that are used for brain-activation training. 

Questions that could be answered by looking at the laminar responses therefore not 

only relate to the task performance but also to the impact of the neurofeedback. If and 

how is feedback incorporated in the layer-specific signal can for example be 

investigated by using a control group without provided neurofeedback. On the other 

hand, monitoring and regulation can be studied by comparing single-trial activity: 

how is receiving feedback reflected in the strength of individual layer activation, how 

does this activation differentiate based on the performance quality, but also if 

training-related improvements can be associated with laminar-specific changes. 

Given that different neurofeedback applications target various non-primary regions, 

investigating laminar responses would also inevitably lead to additional structural 

and connectivity knowledge of each target region. 
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Thesis outline 
fMRI neurofeedback is often portraited as a very promising technique to achieve 

clinical symptom improvement (Fovet et al., 2015; Kim and Birbaumer, 2014; 

Stoeckel et al., 2014). On the other hand, skepticism about (the extent of) these claims 

has been expressed (Thibault et al., 2018, 2015), given that the evidence of the 

meaningful behavioral and clinical impact and the knowledge of the underlying 

mechanisms are limited. A systematic review and two empirical studies are presented 

in this dissertation, aiming at showing the existing clinical evidence of neurofeedback 

effects and expanding the understanding of different aspects of neurofeedback 

mechanisms. 

In order to see if the existing available reports show the promised regulation and 

clinical improvements resulting from fMRI neurofeedback training, a thorough 

investigation and a power estimation calculation of already performed clinical 

research is conducted in chapter 2. Different aspects of study design and analysis are 

investigated for various clinical applications, following the most recent guidelines for 

neurofeedback study reporting (CRED-NF (Ros et al., 2020)).  

Chapter 3 examines how participants process and use neurofeedback information for 

regulation improvement of supplementary motor area. Participants’ metacognitive 

reports of performance prediction and prediction confidence are investigated on a 

trial-to-trial basis. Furthermore, the changes in their regulation performance, 

performance prediction, and prediction confidence are analyzed over three training 

sessions to examine whether participants are aware of their performance accuracy, if 

their regulation and reports change or improve with training, and how their reports 

correspond to their performance accuracy. Chapter 3 therefore contributes an 

important part of the necessary research leading to a better understanding of 

neurofeedback learning mechanisms.  

Chapter 4 investigates the laminar specificity of the neurofeedback task signal within 

supplementary motor area. The chapter provides the first insights into top-down 

processing in SMA during two distinct tasks (i.e., mental calculation and motor 
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imagery) using fMRI. Furthermore, it sheds light on cortical layer-dependent 

processes and connections during neurofeedback training. This chapter also pushes 

the boundaries of current fMRI neurofeedback applications, offering the necessary 

information needed for a future laminar-based SMA neurofeedback procedure.  

Finally, chapter 5 compiles and discusses all the findings in a wider context of 

neurofeedback applications and mechanism understanding.  
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Abstract 
Real-time fMRI-based neurofeedback is a relatively young field with a potential to 

impact the currently available treatments of various disorders. In order to evaluate the 

evidence of clinical benefits and investigate how consistently studies report their 

methods and results, an exhaustive search of fMRI neurofeedback studies in clinical 

populations was performed. Reporting was evaluated using a limited number of 

Consensus on the reporting and experimental design of clinical and cognitive-

behavioral neurofeedback studies (CRED-NF checklist) items, which was, together 

with a statistical power and sensitivity calculation, used to also evaluate the existing 

evidence of the neurofeedback benefits on clinical measures. The 62 found studies 

investigated regulation abilities and/or clinical benefits in a wide range of disorders, 

but with small sample sizes and were therefore unable to detect small effects. Most 

points from the CRED-NF checklist were adequately reported by the majority of the 

studies, but some improvements are suggested for the reporting of group comparisons 

and relations between regulation success and clinical benefits. To establish fMRI 

neurofeedback as a clinical tool, more emphasis should be placed in the future on 

using larger sample sizes determined through a priori power calculations and 

standardization of procedures and reporting. 

  



Chapter 2 

 42 

Introduction 
Neurofeedback uses measured changes in brain activation to help participants 

regulate the activity (in selected regions or networks) or power of selected EEG 

frequency bands by providing them with the activation information in real time. 

Neurofeedback can be conducted with a variety of neuroimaging techniques, such as 

fMRI (Thibault et al., 2018), EEG (Micoulaud-Franchi et al., 2015), and fNIRS (Kohl et 

al., 2019a), each selected based on the combination of the research question and the 

technique’s specific advantages; this includes, but is not limited to spatial coverage, 

spatial and temporal resolution, portability, costs, and general ease of use (Liu et al., 

2016; Thibault et al., 2015). The present review is focusing on fMRI, which offers 

superior spatial resolution and whole-brain coverage but has the disadvantage of 

availability, cost, and non-portability, i.e. it cannot be performed at home or at a 

patient’s bedside. 

fMRI neurofeedback is a relatively novel method, dating back to 2003, when the first 

exemplary data was published (Weiskopf et al., 2003). It has become possible with the 

development of real-time analysis options and has quickly gained interest because of 

its high spatial resolution and whole-brain coverage (Sulzer et al., 2013; Thibault et al., 

2018; Watanabe et al., 2017; Weiskopf et al., 2004). First, the region of interest (or 

connectivity between regions (Liew et al., 2016; Pereira et al., 2019; Ramot et al., 

2017)) is determined based on the behavioral changes that are expected to result from 

neurofeedback training. This can be done with a functional localizer using a task that 

closely resembles the targeted behavior or using anatomical information based on 

previous research. The neurofeedback part then guides the participants to improve 

their region-of-interest activation (or network connectivity) control by informing 

them about their performance in real time. The activation-based feedback usually 

represents a signal change between periods of self-regulation and the preceding rest 

period, whereas connectivity-based neurofeedback shows the changes in the 

correlation between regions or their coupling, for example on the basis of correlation 

coefficients or parameter estimates from dynamic causal modeling (DCM) (Watanabe 

et al., 2017).  
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Furthermore, although the studies presented in the present review focus on univariate 

analysis of region-of-interest activation or connectivity regulation described above, it 

is possible to also use decoded neurofeedback (DecNef), which uses a multivariate 

approach (i.e., spatial patterns of activity (LaConte, 2011; LaConte et al., 2007)). The 

provided feedback therefore does not present the achieved activation or connectivity 

change, but the likelihood that the participant has achieved the predetermined target 

brain activity pattern. The achieved activation pattern in each trial is compared to the 

target, predetermined pattern; then the participant is notified how similar their 

pattern is to the target one, but without any explicit knowledge of the task. The main 

goal of the training is therefore to learn how to elicit this predetermined state (Shibata 

et al., 2019; Watanabe et al., 2017).  

Applications of neurofeedback 

Neurofeedback is used in healthy participants and clinical populations for cognitive 

performance enhancement training or as a clinical intervention, respectively. The 

targeted behavioral changes vary from improved working memory (Sherwood et al., 

2016; Zhang et al., 2015), increased motor performance (Hui et al., 2014; 

Scharnowski et al., 2015) and decreased pain perception (Rance et al., 2014), to 

decreased clinical symptoms, for example in depression (Linden et al., 2012; Mehler 

et al., 2018; Young et al., 2017b) or PTSD (Gerin et al., 2016; Zotev et al., 2018).  

Over the last 10 years, research into clinical applications of fMRI-neurofeedback in 

psychiatry and neurorehabilitation has expanded considerably, among other reasons, 

because of the increasing disease burden in these fields of medicine and the 

difficulties in treating many of the often-chronic conditions they cover. 

Neurofeedback, if proven sufficiently efficacious and effective (i.e., in ideal, controlled 

clinical environment, and practically, in “real world”, respectively (Godwin et al., 

2003)) considering its cost/benefit ratio, could become an alternative or add-on 

treatment in the future.  

Dropouts, treatment resistance, and side effects are relevant examples of why 

exploring new methods that might relieve symptoms in clinical populations is 

important. For example, in post-traumatic stress disorder (PTSD), the dropout for two 
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standard treatments, namely cognitive behavioral therapy (CBT) and eye movement 

desensitization and reprocessing (EMDR), ranges between 19 and 27% (Hembree et 

al., 2003) or even up to 38% (Schurr et al., 2007). 

Treatment resistance and side effects are factors limiting many pharmacological 

treatments in psychiatry. For example, antidepressants show effects when first 

prescribed in only about 30% of the patients, with the majority of patients needing a 

change or added medication or cognitive behavioral therapy multiple times to achieve 

remission (Gaynes et al., 2009; Warden et al., 2007). In addition, antidepressants are 

associated with several adverse effects (Kennedy et al., 2016; Qaseem et al., 2016), 

making alternative treatment options desirable.   

Quality measures of neurofeedback research 

The effectiveness and clinical potential of neurofeedback can be efficiently evaluated 

when sufficient and unified methods are used, and results reported. Currently 

available guidelines for rt-fMRI-NF studies, such as CRED-NF (Ros et al., 2020) and 

TIDieR (Randell et al., 2018), recommend pre-registering studies, standardized and 

robust measures, designs and statistical analysis, and clear reporting.  

A good study design, solid methodology and transparent reporting of results are 

crucial for evaluating whether fMRI neurofeedback can become a supportive or even 

stand-alone treatment for various disorders. A large number of reviews has already 

investigated effects of fMRI neurofeedback, but they mainly focused on a specific 

disorder (Chiba et al., 2019; Frank et al., 2013; Gonçalves et al., 2017; Linden and 

Turner, 2016) or neurofeedback effects in general (Brühl, 2015; deCharms, 2007; 

Scharnowski and Weiskopf, 2015; Weiskopf, 2012). Recently, a critical systematic 

review of all rt-fMRI-NF studies has been published (Thibault et al., 2018), but an 

exhaustive systematic review of clinical effects of neurofeedback is still missing. 

Therefore, the present systematic review focuses solely on fMRI neurofeedback 

performed on clinical populations and investigates the consistency of reporting with 

regards to the current guidelines and clinical benefits. In particular, published studies 

are evaluated based on whether the CRED-NF guidelines are applied, design 

similarities are investigated, and the consistency of results is reported. We do 
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recognize that the CRED-NF checklist has only been published recently, so the vast 

majority, if not all publications included in the present review, could not have used it 

for their reporting; the checklist is therefore merely used to evaluate the reporting 

practices of extant fMRI neurofeedback studies. Furthermore, in order to evaluate the 

level of evidence for the effects of neurofeedback and the progress of research, an 

estimation of the overall statistical power and sensitivity for small, medium, and large 

effect sizes are calculated.  

Methods 
Publication search 

We included several online sources of data to ensure completeness: PubMed 

(www.ncbi.nlm.nih.gov/pubmed), Web of Science (www.webofknowledge.com), 

Arxiv (https://arxiv.org), BioRxiv (https://www.biorxiv.org), MedRxiv 

(https://www.medrxiv.org), PsyArXiv (https://psyarxiv.com), Open Science 

Framework (https://osf.io). Two different international databases of registered 

clinical trials were also included in the search of literature and clinical trials: ISCTN 

(https://www.isrctn.com)  and ClinicalTrials.gov (https://clinicaltrials.gov). 

Finally, references from identified original clinical research papers and review articles 

were checked and remaining relevant scientific publications were added. 

The search was conducted in English and followed the PRISMA guidelines (Moher et 

al., 2009), see figure 2.1. The keywords used were “neurofeedback AND fMRI”, 

meaning we were looking for publications that mentioned both neurofeedback and 

fMRI.  

General exclusion criteria for the literature search were publications in a language 

other than English and publications published before the year 2000, considering that 

the first exemplary data was published in 2003 (Weiskopf et al., 2003). References 

without an available full text (abstracts and conference/meeting abstracts) were 

excluded. Studies that did not report fMRI neurofeedback results (e.g., other 
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modalities, such as EEG, studies not conducted in real-time, or methods papers) were 

excluded. 

 

Figure 2.1. Search protocol. The search for publications was conducted following PRISMA guidelines 

(Moher et al., 2009). 

Publications were excluded following the analysis of the abstract if the abstract 

showed no relevance for the current review. If the abstract showed potential relevance, 

the full text of the publication was carefully read, and its relevance was either 

confirmed or the publication was excluded. 

Out of 1158 hits, 317 duplicates (i.e., found in more than one search engine) were 

removed and the exclusion criteria were applied. 200 publications were left, including 

both healthy and clinical populations.  
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Finally, publications with only healthy participants were excluded. 66 publications 

were left, including only fMRI neurofeedback studies in a clinical population.  

General approach 

To provide a general overview of the publication trends, the studies were first sorted 

based on the publication year.  

Due to the high variability of investigated disorders, publications with clinical 

populations were then sorted into different groups based on ICD-10 (The ICD-10 

classification of mental and behavioral disorders: diagnostic criteria for research, 1993) 

and DSM-5 (Diagnostic and statistical manual of mental disorders: DSM-5, 5th ed., 2013) 

criteria. Based on this, Alzheimer’s, Huntington’s, and Parkinson’s disease were 

grouped into a neurodegenerative disorders group. Hemineglect, hemiparalysis and 

stroke were included in the brain damage group. Contamination anxiety (as a trait of 

obsessive-compulsive disorder (OCD)) and arachnophobia were grouped into an 

anxiety disorder group. The addiction group included different substances, namely 

alcohol, nicotine, and cocaine. Finally, some publications investigated various 

disorders in the same analysis. These were grouped into miscellaneous disorders. The 

rest of the disorders were kept in their own groups: attention deficit hyperactivity 

disorder (ADHD), autistic disorder, borderline personality disorder, chronic pain, 

depression, expressive aphasia, obesity, psychopathy, post-traumatic stress disorder 

(PTSD), schizophrenia, and tinnitus.  

CRED-NF checklist 

To investigate the level of standardization of study design and reporting in the 

published studies, we followed the best practice recommendations set by the 

Consensus on the reporting and experimental design of clinical and cognitive-

behavioral neurofeedback studies (CRED-NF checklist) (Ros et al., 2020). The checklist 

is aimed to be included with each neurofeedback study across different 

neurofeedback modalities and is also recommended for studies submitted to the 

present special issue.  
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Table 2.1 

Selected CRED-NF questions. 

The checklist items relevant for this review represent 10 out of 23 stated in the original CRED-NF 

checklist. Non-essential (encouraged) items and essential items related to technical details, such as 
data processing and feedback specifications, are omitted. 

Domain Item # Checklist item 

 Pre-experiment  

 1a Pre-register experimental protocol and planned analyses 

 1b Justify sample size 

 Control groups  

 2a Employ control group(s) or control condition(s) 

 2b 
When leveraging experimental designs where a double-blind is possible, use a double-

blind 

 Control measures  

 3b Report whether participants were provided with a strategy 

 Outcome measures  

 Brain 5a Report neurofeedback regulation success based on the feedback signal 

 5b 
Plot within-session and between-session regulation blocks of feedback variable(s), as 

well as pre-to-post resting baselines or contrasts 

 5c 
Statistically compare the experimental condition/group to the control 

condition(s)/group(s) (not only each group to the baseline measures) 

 Behavior 6a 
Include measures of clinical or behavioral significance, defined a priori, and describe 

whether they were reached 

 6b Run correlational analyses between regulation success and behavioral outcomes 

                                 

We focused only on the essential checklist items and left out all the encouraged items, 

except for the preregistration (1a). We also left out the technical specifications (the 

Feedback specifications (4a-e) and point 3d regarding online preprocessing and 

artifact corrections), as they do not directly showcase the benefits of neurofeedback in 

clinical populations and are therefore not a part of this review’s main question. The 
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final checklist therefore included 10 items that are listed in table 2.1 and include pre-

registration and sample size calculations, control groups and measures, such as 

blinding and strategies, and regulation and behavioral results reporting. Each study 

was summarized in table 2.2 following the checklist items. Finally, the overall 

reporting of each checklist item was evaluated for all studies combined. The 

investigation of certain items was further extended once the preliminary results were 

collected; additional analysis steps and results are therefore described under each 

item in the results section, if applicable. 

Overview of the studies 

Table 2.2 provides an overview of the general design and results for each of the 62 

studies (66 publications) investigating fMRI neurofeedback in clinical populations 

and can also be found in the supplementary materials. The table includes the 

experimental (clinical) group size, type of the localizer, targeted region of interest or 

connectivity network, direction of regulation, transfer runs and transfer success, and 

follow-up sessions with results. Due to a high variability of designs and reported 

results, most of the entries were classified into one of the wider categories. These are 

discussed under each category in the results section. 

Statistical power and sensitivity 

Statistical power is the probability that an effect will be detected where it actually is 

present; it depends on the size of the effect and of the group (i.e., number of 

participants). Larger effects tend to have a higher probability (i.e., power) to be 

observed, and larger groups increase the probability of finding a true effect. The 

statistical power and sensitivity of a study design is therefore a useful indicator of the 

likelihood of false positives and negatives of reported results in clinical studies. It is 

recommended to use the calculation a priori in order to determine and justify the 

sample size needed to reliably detect a certain effect (see table 2.1, item 1b of CRED-

NF checklist). Since we could only evaluate the studies after they had been published, 

an a priori calculation was not suitable. We also decided not to perform a post hoc 

power analysis, as it usually only represents a p-value transformation and is therefore 

not informative (Perugini et al., 2018). Furthermore, each study defines success 
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differently, which makes the already difficult process of defining the smallest effect 

size of interest (SESOI) (Lakens et al., 2018) impossible, so we decided to estimate the 

statistical power based on the sample sizes used, using alpha of 0.05 and the standard 

range of effect sizes based on Cohen’s d (i.e., d = 0.2, 0.5, and 0.8 for small, medium, 

and large effects, respectively) (Cohen, 1992). Note that, depending on the test used, a 

different value must be applied; when using ANOVA for example, Cohen’s f value 

needs to be used instead of Cohen’s d. Cohen’s f equals to a half of Cohen’s d, meaning 

the values used were 0.1, 0.25, and 0.4 (Cohen, 1988). 

Statistical sensitivity is the smallest effect size that can be detected with a given 

probability (i.e., power) and group size and is, compared to power estimates, in the case 

of the present review the more informative value as it gives an actual effect size that 

can be detected. Sensitivity was calculated using two probabilities: 0.8 and 0.95, and 

alpha of 0.05.  

Both power and sensitivity were calculated for each study individually using G*Power 

software (Faul et al., 2007), following the approach from (Kohl et al., 2019a). For a 

calculation example please refer to Supplementary materials. For studies reporting 

results from a repeated-measures ANOVA no violation of sphericity and a correlation 

of 0.8 between repeated measures was assumed (Calamia et al., 2013). For simplicity, 

matching ANOVAs and t-tests were used instead of non-parametric tests; (linear) 

mixed models and ANOVAs with more than one factor were all treated as a two-

factorial mixed ANOVA. One of the two factors included the group (if applicable). The 

other factor depended on the reported results; it usually included a factor used in the 

original model that was related to repeated measures (e.g., sessions or runs) or a 

condition (e.g., regulate vs. rest). Finally, no correction for multiple comparisons was 

considered and tests were performed one-sided only when so reported in the 

corresponding publication.  

Statistical power and sensitivity were calculated for regulation and behavioral results 

separately. Behavioral results included only clinical outcome measures as these would 

be needed for a clinical trial.  
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Finally, a mean and a median value were determined for each power and sensitivity 

estimation based on the values calculated for individual studies to get a general 

overview of all currently available studies. 

Clinical trials 

Finally, the initial 841 publication hits were scanned for registered clinical trials. 

Clinical trials aim to evaluate a health-related safety and/or effectiveness of an 

intervention (i.e., treatment) in human subjects. In order to search for information 

about ongoing trials beyond those already identified in the initial literature search we 

checked papers reporting registered trials for additional references. We then analyzed 

all preliminary identified papers separately to create a general overview of clinical 

trials, following the same procedure as described in figure 2.1. After removing 

duplicates found in both publications and in registries, 68 studies were found; 17 were 

then excluded for using a non-fMRI neurofeedback modality, and additional 10 were 

excluded for recruiting only healthy participants (i.e., not a clinical population). Forty-

one registered clinical trials were left, including only studies of fMRI neurofeedback in 

clinical populations. These were then sorted based on the registration year and were, 

if available, matched with published results based on the trial registry number. Finally, 

trials were sorted based on the clinical population, following the same grouping as 

described for publications in section General approach.  
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Legend per category for table 2.2: 

Publication: ^ = not peer-reviewed at the time of the search; @ = sample size calculation, $ = pilot, feasibility, or 

proof-of-principle; ! = registered trial 

Clinical population: ADHD = attention deficit hyperactivity disorder; Aphasia = Expressive (Broca’s) aphasia; BPD = 

borderline personality disorder; PP = psychopathy; Misc = miscellaneous; ND-A = neurodegenerative disease 

(Alzheimer’s disease); ND-H = neurodegenerative disease (Huntington’s disease); ND-P = neurodegenerative 

disease (Parkinson’s disease); PTSD = post-traumatic stress disorder; 1 Placebo study; 2 The patients were remitted 

Clinical Group Size: 3The size of the experimental group (one arm only). 4 The article presents only the data from the 

experimental group (n=22) of a previous neurofeedback study, which they split into relapsed (12) and non-

relapsed group (10); 5 A = anxiety, TS = Tourette’s syndrome; 6 They performed analysis also on 121 participants, 

but here we report only the group of the participants that did not fall asleep;  7  One group received activity- and one 

group connectivity-based neurofeedback 

Strategy: Sug = suggestions 

Control/comparison group: 8 Comparison group refers to healthy participants, who do not control for the effects of 

neurofeedback (for further explanation see the results section (item 2a));  * = single-blinded, ** = double-blinded; 

regulation success: tick (ü) for yes, cross (û) for no, minus (-) for not stated; 9 Behavioral testing was also blinded; 

Clin = the same clinical population; NFB = neurofeedback; Multi = more than one control group; Diff ROI = different 

region of interest; diff str = different strategy; diff con = different connectivity; RM = mental rehearsal; SHAM-C = 

computer generated SHAM 

Regulation Success: â = down-regulation; á = up-regulation;  âádiff = bidirectional regulation of a different region; 

âásame = bidirectional regulation of the same region; 10 reported in an unpublished paper; 11The participants could 

regulate, but the regulation was not the main interest of the study; 12 Yes in the activity group and no in the 

connectivity group; 13 one participant could successfully regulate, but with more sessions; 14 The group receiving 

continuous feedback could regulate, the control group receiving intermittent feedback could not 

Experimental vs Control: cont>exp = control group significantly better regulated than the experimental group 

Plots: Sess = average session regulation; Pre-post = regulation before and after training; Yes = runs and session were 

represented; - = no plots 

Symptom measures: Clin = clinical measure; Beh = behavioral measure; - = not reported; á = improvement; û = no 

improvement;  ~ = mixed results (some participants improved or there was an improvement over each session, but 

not across sessions); 15 Measured with TMS  
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Results 
Studies and publications 

Overall, clinical fMRI neurofeedback research has been continuously growing over the 

last 10 years; although the first fMRI neurofeedback study on a clinical population 

dates to 2005, the publication of more clinical results started 5 years later and has 

been steadily increasing since (figure 2.2). It is important to note that the number of 

publications does not necessary match the number of studies (discussed below); the 

search was also performed before the end of 2019, so the number of publications for 

2019 is not complete. Finally, the count also includes four studies that have not (yet) 

been peer-reviewed; one in 2018 and three in 2019 (see table 2.2).  

To investigate the clinical diversity, clinical populations were grouped into 16 

different disorder categories, as described in General approach (see figure 2.3). The 

grouping was done due to a high variability of different applications. The highest 

number of publications was investigating neurofeedback effects in major depressive 

disorder (Npublications = 14, Nstudies = 11), followed by addiction (N = 8) and 

neurodegenerative disorders (N = 7).   

Clinical trials  

Similar to published studies, there has been a steady increase of registered trials in 

clinical populations as well, starting in 2009 (see figure 2.2). 10 of 41 trials already 

have published results (see table 2.2) and two trials have corresponding trial design 

publications (Cox et al., 2016; Gerchen et al., 2018). All published results of trials have 

a corresponding entry in one of the two international trial databases included in the 

search protocol. One of the published trials has also been registered in a national 

database. One trial design has only been registered in a national database (Gerchen et 

al., 2018).  

Matching the registered trials with publications showed that the currently published 

studies were all registered between 2012 and 2016. Half of all registered trials from 

this period have available published results and the average timespan between the 
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registration and publication was a bit under 4 years. In the same registration period, 

three additional trials have indicated that the recruitment of patients is completed 

and three were terminated with no results. Two trials registered after this period (both 

in 2017) have indicated the completed recruitment and none have been reported as 

terminated, meaning that the majority of the trials are currently marked as (still) in 

progress. Caution is however advised as trial completion statuses might not be 

accurately reported (Fleminger and Goldacre, 2018). 

 

Figure 2.2. Number of published clinical papers and registered clinical trials investigating clinical 
populations. A steady increase of publications and registered trials is observed in the last 10 years. 
*Note that the count for 2019 is not complete; the final search includes studies that became 

available online before the 30th of October 2019. 
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Figure 2.3. Number of neurofeedback publications and registered trials per disorder group. (A) 
Neurofeedback studies and publications. Certain studies (dark blue) were discussed in several 

publications and the difference is presented in lighter shade. Depression is the most investigated 
disorder in the field of fMRI neurofeedback, followed by addiction and neurodegenerative disorders. 
(B) Registered clinical trials with and without published results. Clinical trials with published results 

are presented in light blue. The remaining registered trials (with no published results) are presented 
in a lighter shade. Note that one of the studies in the miscellaneous category published results from 
two registered clinical trials represented under Tourette’s syndrome and anxiety.  

Note. TS = Tourette’s syndrome; BPD = borderline personality disorder; ADHD = attention deficit 

hyperactivity disorder; PTSD = post-traumatic stress disorder. Neurodegenerative diseases (ND) 
include Alzheimer’s, Huntington’s, and Parkinson’s disease. Brain damage includes hemineglect, 
hemiparalysis and stroke. Anxiety includes contamination anxiety trait of obsessive-compulsive 

disorder, and arachnophobia. Addiction includes alcohol, nicotine, and cocaine dependence. 
Miscellaneous category includes publications that investigated more than one disorder. 

CRED-NF checklist 

The following subsections report the conformity of all published clinical fMRI 

neurofeedback studies with the CRED-NF checklist. Note that the following section 

reports results of studies (N = 62) and not publications (see table 2.2).  

Pre-register experimental protocol and planned analyses (item 1a) 

Although not an essential item on the checklist, pre-registration of studies does help 

with transparency, standardization, and reproducibility, and should become 

fundamental in the upcoming years. It might also help fight publication bias, which 
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could significantly alter the results presented below and give us a more accurate 

representation of effectiveness and clinical benefits of fMRI neurofeedback training.  

Pre-registration is usually done in international online databases such as 

clinicaltrials.gov or International trial registry (ISRCTN) but can also be done in a 

national data base or even as a design proposal publication. Pre-registration in 

databases was reported by 10 studies (16%) and one group registered the study 

retrospectively. As expected, these are some of the more recent publications, with the 

oldest one dating back to 2016 (Subramanian et al., 2016). All pre-registered studies 

provided details of the protocol and also which outcome measures would be acquired 

and analyzed, but none of them provided a detailed statistical analysis plan. 

Justify sample size (item 1b) 

Small sample sizes are one of the primary reasons for underpowered studies 

(Algermissen and Mehler, 2018) and yet only three studies (Jaeckle et al., 2019; 

Mehler et al., 2018; Skouras and Scharnowski, 2019) justified their sample size with 

power calculation (see table 2.2). Although two studies (Papoutsi et al., 2018a; 

Subramanian et al., 2016) estimated the number of participants for future studies 

based on their early-phase results, this procedure can be problematic because it can 

lead to exaggerated estimates of effect sizes and thus underpowered efficacy studies. 

Determining the sample size using the smallest effect size related to the study’s 

interest, such as the minimally clinically important difference is generally more 

conservative (Ros et al., 2020). Furthermore, the 32 studies reported as pilot, 

feasibility, or proof-of-principle studies, did, by definition, not provide power 

calculations for clinical effects.   
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Figure 2.4. Average number of patients in the experimental and control group per year. A steady 
increase in the average number of recruited participants is observed. The number has doubled over 

the past 10 years. Note that two studies were excluded from this calculation due to much larger 
sample sizes (McDonald et al., 2017; Skouras and Scharnowski, 2019). 

In order to see whether sample sizes indeed are increasing with more published 

studies, we documented sample sizes for experimental and control groups separately 

and then grouped each based on the year of publication. In publications with multiple 

control groups, an average control group size was calculated first. The two studies 

using a large dataset from a repository (McDonald et al., 2017; Skouras and 

Scharnowski, 2019) were excluded from the count as outliers. Finally, if no control 

group was included in the study, the study was omitted from the control group count 

in order to provide a realistic average control group size. This procedure indeed 

revealed a steady increase of an average group size per year (figure 2.4). Group sizes 

still show great variability per year, as additional pilot studies are performed on new 

clinical populations. Even though it is important to strive for bigger sample sizes, the 

cost of the scanning, group variability, and bias in effect size estimations, among 

others, question whether using sufficiently large sample sizes to increase power is 

indeed feasible (Boukrina et al., 2019). As for example shown by Subramanian and 
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colleagues (Subramanian et al., 2016), 101 participant would be needed per group in 

their study based on their power calculation. Although this is needed to achieve 

sufficient power, it is difficult to achieve in practice. Regardless, even if the sample size 

cannot be achieved, this should be stated together with the power analysis, as 

recommended by CRED-NF. 

Employ control group(s) or control condition(s) (item 2a) 

Control groups or conditions are essential for demonstrating the neurofeedback-

specific effects (for an extensive review of control groups please refer to (Sorger et al., 

2019)). Most clinical studies used some form of control or comparison group (69%; 

see table 2.2 and figure 2.5). Out of these 43 studies, 27 (63%) used another clinical 

group with the same clinical diagnosis; clinical control groups either received the 

feedback from a different region (or connectivity of a different network configuration) 

(12/27) or received yoked (3/4) or artificially created (1/4) SHAM neurofeedback. No 

neurofeedback was provided to the clinical control group in 5 studies; this either 

meant that the participants did not receive feedback or were mentally rehearsing the 

task inside or outside of the scanner. Participants of two studies were unaware of the 

neurofeedback being presented to them on the screen. Two studies asked the control 

group to use a different strategy than the experimental group, one used the same 

group also as its control group (within subject design) and one presented a different 

type of feedback to the control group. 

A special type of a control group are healthy participants; they are not always 

considered to be an actual control group (e.g., in (Thibault et al., 2018)) since they 

perform the same task and receive actual feedback and therefore merely serve as a 

comparison group, but are nevertheless included in the present review for 

completeness. Although they pose a question of defining what exactly is a healthy 

participant (Marchesini et al., 2017; Pavletic, 2020) and may not in itself control for 

any clinical neurofeedback effects, they still do provide essential information 

regarding the “ideal/healthy” response or performance of the task or, in other words, 

confirm the effectiveness of the protocol. This is indeed important during the initial, 

feasibility stages of studies in order to verify that the task can be performed (e.g., the 
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region can be controlled), but it becomes unnecessary in the later stages of trials. 

Healthy participants formed the comparison group in 21% of studies. 

Finally, results of multiples control groups were reported in 16% of studies using 

control groups. These used two or more combinations of the control groups described 

above, most often using a combination of both a healthy and clinical group.  

 

 

Figure 2.5. Control groups. A healthy control group performing the same task as the experimental 
group was used in 15% of the studies. Feedback from a different region, unrelated to the symptoms, 
was provided to a clinical control group in 19% of the studies. SHAM neurofeedback that was either 

yoked or artificially created was used in 7% of the studies. 11% of the studies did not provide feedback 
to the control groups. Multiple control groups were used in 11% of the studies. Finally, 31% of the 
studies did not use a control group.   

When leveraging experimental designs where a double-blind is 
possible, use a double-blind (item 2b) 

Blindness was classified as either single, double, or not blinded. Single blinding refers 

to either the participants or researchers (and/or clinicians) in contact with patients 

being unaware of the patients’ group allocation (active or control). Double blinding 

implies that both participants and researchers were unaware of the patient’s group 
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allocation. A study was classified as not blinded when it clearly stated that no blinding 

was performed, or the publication did not mention blinding at all.  

21 studies (34%) reported some sort of blinding. 13 studies (62% of all blinded) 

reported using single blinding and the rest used double blind designs. None of these 

studies reported whether the blinding was maintained.   

Report whether participants were provided with a strategy (item 3b) 

In 37% of studies, participants were not provided with any strategies at all; some of 

these studies provided background information on the role of the targeted region or 

informed the participants of the direction of regulation but gave no examples of 

potential tasks. 34% of studies provided suggestions of strategies that might work or 

have worked for other participants, but let the participants choose their own. Finally, 

29% of studies provided specific instructions and, in some cases, even organized a 

separate pre-scanning session to determine personalized strategies. 

Report neurofeedback regulation success based on the feedback 
signal (item 5a) 

Here, successful regulation is defined as a significantly different signal in the desired 

direction compared to rest or baseline trials within the experimental group alone (i.e., 

unrelated to the comparison between the experimental and control group) and does 

not imply a linear change over runs or sessions. Most studies report successful 

regulation in patients (89%; see table 2.2). Three out of these 55 studies report that 

only some patients successfully regulated; the rest reported significant group results. 

One study reported no regulation success in any patient. The rest of the studies did not 

report regulation results in the clinical population.  

In the scope of regulation success, we also looked at the localizer type, region selection 

and directionality of regulation. 

Localizer type refers to whether the region of interest was determined based on 

anatomical or functional information. When the region of interest was first 

anatomically selected and a subset of voxels was determined using a functional 

localizer, the localizer is classified as functional. Anatomical localizer was used in 24% 
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of the studies. One study did not use a localizer (placebo study) and one used a localizer 

determined in a previous study. The rest (73%) used a functional localizer.  

The localized regions of interest were either limited to only one specific region (or 

combination of regions in connectivity feedback) per study or the exact region from a 

larger network was determined with a functional localizer for each participant 

independently. The target regions were selected within the following most commonly 

chosen areas: anterior cingulate cortex (ACC) was regulated in 15 studies, prefrontal 

(PFC) and orbitofrontal (OFC) regions in 14, amygdala in 12, insula in 11, and 

supplementary motor area (SMA) in 6. These results include also studies where a 

single region from a network (e.g., ACC, PFC, or insula) was selected for each 

participant. 

We also investigated the directionality of regulation. In 55% of the studies, patients 

were instructed to up-regulate the region of interest. Down-regulation was expected 

in 26% of the studies. Finally, 16% of the studies asked the patients to regulate bi-

directionally, either within the same region (N=8) or in different regions (N=2). Two 

studies provided no information regarding regulation directionality. 

Plot within-session and between-session regulation blocks of 
feedback variable(s), as well as pre-to-post resting baselines or 
contrasts (item 5b) 

Visual representations can often simplify results and make them more 

comprehensive. However, the clinical studies summarized in this review tend to use 

them to cover fewer results than are reported in the text. That being said, most studies 

still provided plots for at least one part of results of at least the experimental group 

(73%); a third of these 45 studies provided plots only for session comparisons (average 

session results), 13% provided visualizations only for pre-to-post results, and the rest 

provided results for all the runs (53%).  

Seven out of remaining 17 studies did not report any regulation results that could be 

visualized.  
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Statistically compare the experimental condition/group to the control 
condition(s)/group(s) (not only each group to the baseline measures) 
(item 5c) 

The comparison of the experimental and control group was reported in table 2.2 if a 

significance test was stated; descriptive comparisons were excluded. More than half 

of the studies (56%) did not report any statistical comparison between the 

experimental and control group. Of the remaining 27 studies, 13 (48%) reported the 

experimental group to be significantly better at regulation, 12 (44%) reported no 

difference between the groups, and two reported the control group to be better at 

regulating.  

In order to understand why so few studies reported the group comparison, we first 

looked at the regulation success reports of only the control group; 44% of studies did 

not report any regulation results. This percentage closely matches the number of 

studies not using a control group or not using neurofeedback in the control group, 

meaning that most studies using a control group also reported their results. Crucially, 

however, this still indicates that many studies with a control group did not directly 

compare the two (or more) groups.  

Out of 35 studies reporting the regulation success of the control group, 66% reported 

that the control group could regulate their brain activity. One of these studies reported 

success in the activation feedback control group, but not the connectivity control 

group. The control groups in the rest of the studies could not regulate. 

Include measures of clinical or behavioral significance, defined a 
priori, and describe whether they were reached (item 6a) 

To measure clinical or behavioral significance, different questionnaires, behavioral 

tests, or subjective reports can be used. For the purpose of this review, only measures 

performed both before and after neurofeedback training were reported in table 2.2. As 

seen in figure 2.6, most studies included at least one clinical or behavioral 

measurement (82%).  

Improvement of symptoms reported in table 2.2 was defined as such when at least one 

of the clinical or behavioral measures showed significant differences in results before 
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and after the neurofeedback training in the experimental group. These differences 

were mostly statistically significant, but some studies using clinical measures 

reported also clinically significant improvements. Out of 78% of studies reporting 

results, 60% (29/48) reported significant improvement of symptoms, 27% reported 

no difference, and the remaining 6 (13%) reported some improvement (descriptively 

in at least some participants or statistically within, but not across sessions). 

 

Figure 2.6. Clinical and behavioral improvement measurements. Most studies measured symptom 
improvement with clinical questionnaires. The rest used behavioral measures or introspective reports 

of the participants. 18% of the studies did not report any measures of improvement.  

Run correlational analyses between regulation success and 
behavioral outcomes (item 6b) 

Correlation analysis was reported in table 2.2 when it was performed between 

regulation success and behavioral change (pre-to-post). The majority of the studies 

(72%) did not report correlation test results between the regulation success and 

clinical improvement. A significant correlation was found in 65% (11/17) of the 

remaining studies. In the rest, the correlation was not significant.  

Other findings 

We also looked into some other design components that are relevant when discussing 

clinical benefits of neurofeedback, namely transfer runs and follow-up sessions.  
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Transfer runs are important to show that the strategies, learnt during neurofeedback 

training, can also be used beyond the training sessions. If the targeted symptom for 

example included auditory hallucinations, it is essential that patients can successfully 

use the learnt strategies in daily life to decrease the disturbing effects of 

hallucinations.  

Transfer runs were utilized in 47% of the studies and transfer results were reported in 

86% (25/29) of these studies (table S2.3). Transfer runs were used either at the end of 

each neurofeedback session, at the end of the last neurofeedback session, or during a 

separate session, usually a few days after the last training session. Participants were 

instructed to regulate their brain activity in the same way as during neurofeedback 

runs but they received no neurofeedback information. Transfer success is here 

defined in the same way as regulation success, but without neurofeedback: a 

significantly different activation in the desired direction during regulating trials 

compared to baseline or other contrasting condition. Success was shown in 80% 

(N=20) of the studies with a transfer run. Two of these studies reported that only 

individual participants achieved significant transfer success. 

Follow-up sessions were defined as separate sessions which were performed at least a 

few weeks after the last neurofeedback session and included either behavioral or 

regulation testing results. Behavioral post-sessions were not treated as a follow-up if 

the last neurofeedback session did not include the same tests. Follow-up sessions are 

an essential component of neurofeedback research as they investigate long-lasting 

effects of neurofeedback. In other words, they serve to check whether the potential 

clinical improvement in patients diminished and whether the participants remitted.  

Ten studies (16%) reported using a follow-up session (table S2.3), scheduled anytime 

between 2 and 56 weeks after the last regulation session. One study asked the patients 

to perform additional two neurofeedback runs, one instructed them to regulate 

without neurofeedback, and one tested the resting state connectivity changes. The 

rest measured clinical and behavioral changes. Ideally, studies should measure at least 

clinical or behavioral changes to investigate long-term effects of regulation training 

on behavioral outcomes.  
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Eight out of ten studies reported retained (or even further enhanced) improvement, 

mostly by comparing the follow-up to the pre-test or first session results. Two studies 

reported no significant difference between the follow-up and baseline scores, 

meaning the symptoms returned to the pre-neurofeedback severity. Interestingly, the 

time duration between the last session and the follow-up session did not seem to 

influence the results as the studies with the longest durations all reported maintained 

positive effects.  

Statistical power and sensitivity  

Regulation success 

32 studies were reported as pilot, feasibility, or proof-of-principle studies. These 

studies usually use small sample sizes and do not require an a priori power calculation 

and should therefore also not be performing inferential statistical tests (Lancaster et 

al., 2004). We therefore extracted the number of participants per group only for the 

remaining 26 studies that performed a group analysis. Most studies included between 

4 and 35 participants per group; the two studies that used datasets from a repository 

included much larger groups of 76 participants in the first study and 62 and 74 

participants per group in the other study. The group size variability provided a vast 

range of estimates (estimation of detected effect size with a power of 95% for example 

ranging from 0.20 to 2.65; for values per study please refer to Supplementary 

materials). Both the mean and the median values were therefore calculated (see table 

2.3) and only median results are reported here.  

A median sample size of 22.5 participants was used for the analysis. Median power to 

detect small effects only reached 15%; power for medium effects was 67%. Large 

effects however reached a median power of 98%, showing that they can reliably be 

detected. Indeed, with 80% and 95% power, effect sizes larger than 0.58 and 0.73, 

respectively, could be detected, confirming that, depending on the chosen statistical 

test, large, but also medium effects can be detected. The present studies are 

underpowered to detect small effects. 
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Table 2.3 

Statistical power and sensitivity for regulation success and clinical measures excluding 

the pilot, proof-of-principle, and feasibility studies.  

The mean and median values of statistical power and sensitivity are presented, but only for studies 
that were not labeled as pilot, feasibility, or proof-of-principle. Power is estimated (in percentage) for 
small, medium, and large effects (based on Cohen’s d of 0.2, 0.5, and 0.8, respectively). Sensitivity, or 

estimation of detected effect size (based on Cohen’s d) with a certain power, is calculated for the power 
of 80 and 95%. Power and sensitivity calculations for regulation success include studies reporting a 
group analysis; clinical measures include power and sensitivity estimation for studies performing a 

group analysis of clinical measures. For additional information, including individual values for each 
study, see the Supplementary materials.  

 
   Power  Sensitivity  

(in Cohen’s d)  
  N  d = 0.2  d = 0.5  d = 0.8  Power = 80% Power = 95% 

Regulation 

success 

Mean 29.88  0.24 0.61 0.76  0.77 >0.99 

Median 22.50  0.15 0.67 0.98  0.58 0.73 

Clinical 

measures 

Mean 26.73  0.31 0.73 0.85  0.58 0.74 

Median 27  0.30 0.98 >0.99  0.36 0.46 

 

Given that we excluded almost half of the studies, we nevertheless calculated 

statistical power and sensitivity also for all 51 studies performing a group analysis 

combined (results are presented in the Supplementary materials). The power and 

sensitivity estimations stayed almost identical, even though the median value of 

sample size decreased to 18 (as seen in the Supplementary materials). 

Clinical measures 

11 studies were not marked as pilot, feasibility, and proof-of-principle, but performed 

a group analysis and provided sufficient information to estimate statistical power and 

sensitivity. A median sample size of 27 participants was used for the analysis. 

Here, both medium and large effects could be detected with high power (98% and 

>99.9%, respectively), but not small effects (with a power of 30%). When calculating 

the effect sizes that could be reliably detected with the power of 80 and 95%, effect 

sizes of 0.36 and 0.46, respectively, were estimated, confirming that medium and 
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large effects can be detected and showing on the descriptive level that smaller effects 

could be detected for behavioral effects compared to regulation success. 

Lastly, we calculated the sensitivity and power for clinical measures for all 27 studies 

that performed a group analysis of clinical measures, including the ones marked as 

pilot, feasibility, and proof-of-principle (results reported in Supplementary materials). 

Thirty-three studies reported using clinical scales or questionnaires. Out of these, 27 

(82%) reported a group analysis and provided sufficient information to estimate 

statistical power and sensitivity. The median sample size of the experimental group 

was, as expected, smaller: 22 participants. Unlike for regulation success estimates, the 

sensitivity values for clinical measures increased, meaning medium effects could be 

detected (median of 0.50 and 0.63 for the power of 80% and 95%, respectively, 

instead of 0.36 and 0.46, respectively). 

Discussion 
The main goal of this review was to investigate the reporting consistency of the 

methods and results in clinical fMRI neurofeedback studies. This investigation is an 

important precondition for an evaluation of the evidence for clinical benefits of fMRI 

neurofeedback. The main finding of this review is that the field is currently extremely 

diverse, investigating neurofeedback effects in many different disorders, but with 

small sample sizes, limited reports of certain crucial measures, little standardization, 

and statistical power to detect middle and large, but not small effects.  

Quality of reporting 

So far, the conclusions of currently available reports tend to describe their results as 

promising regardless of the level or type of performance, considering both neural and 

clinical results. 89% of studies reported successful regulation (e.g., task vs. baseline) 

and 57% of studies reported any type of clinical or behavioral improvement in at least 

some participants. However, only 28% of studies investigated if there was any relation 

between regulation performance and clinical/behavioral outcomes. Much of the 

reviewed literature lacked a clear distinction between successful self-regulation, 
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improvement of symptoms, and evidence of a relationship between regulation and 

symptom improvement.  

Reassuringly, most studies already report regulation success (90%) and employ some 

type of a control measure (69%), trying to showcase the region specificity of 

neurofeedback and ensuring that the positive regulation and clinical results are not 

due to placebo effects. Multiple reasonably sized control groups are almost impossible 

to utilize due to time, scanning costs and post hoc corrections for multiple 

comparisons, which would further increase the necessary sample sizes, but proper 

statistical comparisons within and between the groups are vital, whenever possible. 

Only 37% of the studies with a control group however reported a comparison between 

the regulation success of the experimental and control groups. When a control group 

is included, but no regulation group comparison is performed, it is hard to estimate 

whether the experimental group outperformed the control group, or in other words, 

show that neurofeedback really is crucial for improving self-regulation. It is worth 

noting that, depending on the test used, the comparison could potentially change the 

power calculation for those studies, as well as the required number of participants.  

Furthermore, a potential issue with control groups also arises when discussing 

blinding. Although no studies reported checking whether the blinding was 

maintained, this does not necessarily mean that the blinding was checked or 

maintained; if it is not kept, control participants can perform worse due to lower 

motivation, which makes it hard to interpret the cause of potential performance and 

clinical differences between groups. Control groups often receive feedback that does 

not represent their actual performance (9% out of all control groups) or originates 

from a region unrelated to the task performed and the targeted clinical symptoms 

(28%); such a region is particularly hard to define because it should have similar 

properties (e.g., ease of control) to the region-of-interest. Making sure that 

participants in all groups retain the same level of motivation and stay blinded to their 

group assignment is therefore an important part of each study that should be 

controlled and reported. 
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Another important point to address are clinical or behavioral results. Although they 

are reported relatively often (82%) and many of these studies (73%) already provide 

some evidence of clinical improvement, the chosen measures tend to be relatively 

diverse. A universal test for clinical benefits of neurofeedback would of course be very 

difficult or even impossible to establish but being in accord with standard test 

batteries for each disorder or symptoms would allow for an easier comparison of 

results and would be more informative of the neurofeedback benefits. A good example 

can be seen in Parkinson’s disease; three out of four studies reported clinical measures 

and they all used Unified Parkinson’s Disease Rating Scale (UPDRS), allowing the 

comparison of clinical results also across the studies.  

What is currently severely lacking, however, is a uniform way of showing a relation 

between regulation success and clinical improvement. Some studies correlated initial 

clinical scores with the regulation success, which might be useful to reveal differences 

between performers and non-performers, but only 28% of studies reported 

calculating a correlation between the actual change of the two measures. In order to 

showcase the necessity for neurofeedback, symptom reduction should reliably be 

associated with neurofeedback, and not with other variables, such as time and other 

treatments. However, the question remains if the correlation provides the full picture 

and should be used as the main indicator of effectiveness; 35% of the studies that 

calculated a correlation did not find a significant relation between the regulation and 

clinical improvement. Only one study of these studies reported no clinical 

improvement. What caused the improvement in the rest? It is worth considering that 

neurofeedback might be effective even when the correlation is not significant, but the 

group receiving neurofeedback clearly shows a clinical benefit.  

Lastly, the sample sizes tend to be low. Although more than half of the studies (52%) 

were described as pilot, feasibility, or proof-of-principle, this was not always clear. 

Publications should avoid mentioning the nature of their study merely in the 

limitation section of their discussion; instead, the type of the study should ideally be 

clearly indicated in the title, as indicated by the CONSORT guidelines (Eldridge et al., 

2016). This also serves as a justification of their sample size.  
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Effects of neurofeedback training 

Besides reporting results, reporting analysis steps is also essential. Although CRED-NF 

focuses on online processing of the data (item 3d and 4d), attention should also be 

given to offline analysis. A number of studies did not sufficiently report their analysis 

plans, so some statistical tests had to be inferred (10 out of 82) based on reported 

results or common knowledge of statistics. The estimations, calculated in this review, 

included sample sizes, liberal assumptions (no multiple comparison correction, high 

correlations between repeated measures) and (mostly) simplified statistical tests 

instead of actual outcome measures, which could also potentially inflate the 

estimated power. A recent meta-analysis of fMRI neurofeedback however found very 

similar results, namely medium effect sizes (Hedges’ g=0.59) for regulation and 

medium-to-small (g=0.37) for clinical measures with 95% confidence interval 

(Dudek and Dodell-Feder, 2020), suggesting that our estimations do not seem to be 

too liberal. 

Although the results in the clinical fMRI neurofeedback field tend to be overstated, the 

estimated (median) sensitivity still shows that medium to large effects can be reliably 

detected, which can be regarded as a very encouraging result. One might however 

want to be cautious when making conclusions regarding the detected effect sizes, 

considering big differences between mean and median results. This can be attributed 

to a large range of sample sizes and corresponding outliers, not only in pilot, feasibility, 

and proof-of-principle studies, which in their nature do not require power calculations 

and usually consist of small sample sizes, but also in the rest.  

Due to the predominantly small sample sizes of the existing fMRI neurofeedback 

trials, it seems that these were simply underpowered to reveal clinical effects of small 

sizes, as are commonly expected for new add-on treatments. Both favorable and 

unfavorable results should always be reported in order to get a realistic judgement of 

potential benefits. 

Not only are the sample sizes small, but there are still only a limited number of studies 

published per clinical population, which challenges any attempt of drawing 

conclusions regarding clinical success in each population. Neurofeedback in 
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depression, for example, currently seems to provide the most complete and 

compelling evidence of its benefits with 12 studies, but even the smallest effects were 

obtained in small patient samples (up to 24 per group), which makes it hard to 

generalize these findings to an entire population. Considering a 2x2 mixed ANOVA, 

where one would compare an experimental and control group before and after 

treatment and would expect a significant interaction with alpha of 0.05 and the power 

of 80%, the study would still need 82 participants in total to detect small effects, which 

is much more than currently reported. Furthermore, considering a two-tailed t-test to 

compare the two groups, the sample size rises to 394 participants per group. 

However, it is worth remembering that neurofeedback as a potential clinical tool is 

intended to treat individuals. The desired outcome in single patients is not to have 

small, but at least moderate effects in symptom improvement. First, feasibility of 

using fMRI neurofeedback in a certain clinical population should be, and in some 

cases already is, demonstrated. Next, studies with large sample sizes are required for 

stratification, i.e., dividing a clinical population into subpopulations based on certain 

traits or symptoms. Although so far unsuccessful (Haugg et al., 2020; Weber et al., 

2020), partly due to small sample sizes and small number of studies per clinical 

population, the increasing data and knowledge of the existing and future studies could 

hopefully be used to identify subpopulations that are successful responders in the 

future. Although neuroimaging studies usually heavily rely on group results, 

individual results might prove to be informative as well, in order to estimate how 

many participants respond to treatment, and furthermore, to extract any 

characteristics of potential responders. Once stratified, subpopulations with large 

effects can hopefully be effectively treated. 

Conclusion 

fMRI neurofeedback is still a young field, but with promising currently available 

results that have the potential to influence future treatment alternatives, if it can be 

shown that the costs and demand for experts and resources are justified compared to 

other available treatments. In order to achieve this, the field needs to strive for more 

consistency and uniformity in reporting basic information, but this does not mean 
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that additional analysis steps and results need to be omitted; on the contrary, any 

additional information is encouraged. Following guidelines, such as the CRED-NF 

checklist, would be a good first step towards standardizing the currently employed 

methods and results reporting to enable more accurate conclusions regarding fMRI 

neurofeedback benefits.  
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Supplementary materials 
Statistical power and sensitivity calculation example 

Statistical power and sensitivity estimations were calculated using the G*Power 

software and were based on the sample sizes used in each study, using alpha of 0.05. 

Sensitivity was calculated using two probabilities: 0.8 and 0.95. Effect sizes were 

estimated using the standard range of effect sizes based on Cohen’s d (i.e., d = 0.2, 0.5, 

and 0.8 for small, medium, and large effects, respectively) (Cohen, 1992). For studies 

reporting results from a repeated-measures ANOVA no violation of sphericity and a 

correlation of 0.8 between repeated measures was assumed (Calamia et al., 2013).  

 

Figure S2.1. An example of power calculation for small effects using a 2x2 mixed ANOVA in G*Power.  

The following example (using the information provided by (Alegria et al., 2017; Rubia 

et al., 2019)) shows how the calculation is performed per study. The calculation was 

performed using a 2x2 mixed ANOVA, using the sample size of 31.  

As seen in figure S2.1, for power analysis, the “ANOVA: Repeated measures, within-

between interaction” statistical test was used, and the selected type of power analysis 
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was “Post hoc: Compute achieved power”. We first performed the calculation for a 

small effect size. Note that, when using ANOVA, Cohen’s f value needs to be used as an 

input in G*Power. Cohen’s f equals to a half of Cohen’s d, meaning the value used was 

0.1 (Cohen, 1988). Alpha was kept at 0.05, sample size was set to 31, number of 

groups and number of measures were both set to 2, correlation among repeated 

measure was set to 0.8, and finally, no sphericity violation was assumed, so the value 

was kept at 1. The result is seen as the last output parameter, named Power, and equals 

to 0.398. 

The same procedure was repeated for medium (f=0.25) and large (f=0.4) effect sizes. 

 

Figure S2.2. An example of sensitivity calculation for power of 0.8 using a 2x2 mixed ANOVA in 
G*Power.  

Sensitivity was calculated similarly (see figure S2.2), using the “Sensitivity: Compute 

achieved power” type of power analysis. Instead of the effect size, the power of 0.8 was 

entered. The rest of the parameters stayed the same as during the power calculation. 

The calculated effect size equals to 0.165, but be aware that the obtained value 

corresponds to Cohen’s f. In order to compare this value to the values of other tests, it 

first needs to be transformed into Cohen’s d by doubling it (d=0.33).  

The same procedure was then followed also for the power of 0.95. 
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Table S2.1 

Statistical power and sensitivity for regulation success of individual studies.  

Power is estimated (in percentage) for small, medium, and large effects (based on Cohen’s d of 0.2, 

0.5, and 0.8, respectively). Sensitivity, or estimation of detected effect size (based on Cohen’s d) with 
a certain power, is calculated for the power of 80 and 95%. Power and sensitivity calculations for 
regulation success include all studies that performed a group analysis and reported sufficient 

information. Two calculations are presented at the bottom of the table: the results in black exclude 
pilot, proof-of-principle, and feasibility studies (N=26); the results in grey include all studies that 
performed a group analysis (N=51). Pilot, feasibility, and proof-of-principle studies are marked in 

grey and with an asterisk (*). 

     Power  Sensitivity (in Cohen’s d) 

Publication Test Criterion N  d = .2 d = .5 d = .8  Power = 80% Power = 95% 

Canterberry 

et al., 2013 

2x3 mixed 

ANOVA 

Condition (crave vs 

regulate) X Visit (3 

visits) 

9  0.14 0.64 0.97  0.60 0.76 

Li et al., 2013 
RM 

ANOVA 
Four time points 12  0.20 0.88 1.00  0.45 0.57 

Karch et al., 

2015* 

2x5 mixed 

ANOVA 

Group X Time (5 

time points) 
27  0.50 1.00 1.00  0.27 0.34 

Kim, Yoo, 

Tegethoff, 

Meinlschmidt 

& Lee, 2015 

Ind t-test* Group difference 14  0.06 0.14 0.28  1.63 2.10 

Hartwell et 

al., 2016 

2x3 mixed 

ANOVA 

Group X Visit (3 

visits) 
44  0.61 1.00 1.00  0.25 0.31 

Kirschner et 

al., 2018 

2x4 mixed 

ANOVA 

Group X Run (4 

runs) 
50  0.75 1.00 1.00  0.21 0.27 

Zilverstand et 

al., 2017* 

2x4 mixed 

ANOVA 

Group X Session (4 

sessions) 
13  0.22 0.91 1.00  0.43 0.55 

Alegria et al., 

2017; Rubia 

et al., 2019* 

2x2 mixed 

ANOVA 
Group X ROI 31  0.40 0.99 1.00  0.33 0.42 

Zilverstand et 

al., 2015 

2x2 mixed 

ANOVA 

Group X Task 

(regulate vs watch) 
18  0.24 0.88 1.00  0.44 0.57 

Sreedharan, 

Arun, et al., 

2019; 

Sreedharan, 

Chandran, et 

al., 2019 

Ind t-test Group difference 8  0.08 0.16 0.26  2.00 2.65 
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Publication Test Criterion N  d = .2 d = .5 d = .8  Power = 80% Power = 95% 

Scheinost et 

al., 2013 
Ind t-test Group difference 23  0.07 0.21 0.45  1.23 1.58 

Ramot et al., 

2017* 
Ind t-test Group difference 27  0.08 0.23 0.49  1.16 1.50 

Paret et al., 

2016* 

One 

sample t-

test 

Condition 

difference 
10  0.09 0.29 0.62  1.00 1.29 

Zaehringer et 

al., 2019 

2x4 mixed 

ANOVA 

Condition (regulate 

vs view) X Time (4 

sessions) 

25  0.42 1.00 1.00  0.30 0.38 

Liew et al., 

2016* 

Paired t-

test 

“Early” vs “late 

training” 
4  0.06 0.11 0.21  2.13 2.83 

Sitaram et al., 

2012* 

Paired t-

test# 

Third vs first 

session 
6  0.07 0.17 0.36  1.43 1.87 

Robineau et 

al., 2019* 

RM 

ANOVA 
3 visits 6  0.10 0.43 0.83  0.77 0.97 

Hamilton et 

al., 2016* 

Paired t-

test (one-

tailed) 

Group difference 22  0.23 0.73 0.98  0.55 0.73 

Yuan et al., 

2014 
Ind t-test Group difference 27  0.08 0.24 0.51  1.12 1.45 

Young et al., 

2014* 

2x3 mixed 

ANOVA 
Group x ROI (3) 21  0.31 0.98 1.00  0.36 0.46 

Young, 

Misaki, et al., 

2017; Young 

et al., 2018; 

Young, Siegle, 

et al., 2017 

2x2 mixed 

ANOVA 
Group X ROI 36  0.45 1.00 1.00  0.15 0.20 

Zotev et al., 

2016* 

2x4 mixed 

ANOVA 

Group X Time (4 

time points) 
24  0.40 1.00 1.00  0.31 0.39 

Zotev et al., 

2019* 
Ind t-test Group difference 24  0.07 0.20 0.42  1.27 1.63 

Linden et al., 

2012* 

4x3 mixed 

ANOVA# 

Session (4) X Run 

(3) 
8  0.12 0.51 0.90  0.69 0.88 

Mehler et al., 

2018 

2x5 mixed 

ANOVA 
Group X Session (5) 32  0.59 1.00 1.00  0.25 0.31 

Jaeckle et al., 

2019* 

2x2 mixed 

ANOVA# 
Time X Condition 19  0.26 0.90 1.00  0.43 0.56 

Zahn et al., 

2019* 

2x2 mixed 

ANOVA 

Group X Condition 

(Guilt, indignation) 
28  0.36 0.98 1.00  0.35 0.45 

McDonald et 

al., 2017 
Correlation 

Correlation with 

ideal time course 
76  0.41 1.00 1.00  0.31 0.40 
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Publication Test Criterion N  d = .2 d = .5 d = .8  Power = 80% Power = 95% 

Skouras & 

Scharnowski, 

2019 

Ind t-test Group difference 136  0.21 0.82 1.00  0.49 0.63 

Hohenfeld et 

al., 2017* 

3x9 mixed 

ANOVA* 

Group (3) X Run (9) 

(run) 
30  0.57 1.00 1.00  0.25 0.30 

Papoutsi, 

Weiskopf, et 

al., 2018* 

4x4 mixed 

ANOVA 
Visit X Run 10  0.10 0.47 0.92  0.52 0.66 

Papoutsi, 

Magerkurth, 

et al., 2018* 

2x4 mixed 

ANOVA 

Group (treatment 

vs control) X 

Session 

16  0.27 0.96 1.00  0.39 0.49 

Tinaz et al., 

2018* 

Paired t-

test# 

Difference between 

the before and after 

control run (no 

NFB) 

8  0.08 0.23 0.50  1.16 1.50 

Subramanian 

et al., 2011* 

One 

sample t-

test# 

Condition 

difference 
5  0.06 0.14 0.28  1.68 2.20 

Subramanian 

et al., 2016 

One 

sample t-

test# 

Condition 

difference 
15  0.11 0.44 0.82  0.78 1.00 

Frank et al., 

2012 
Ind t-test* Group difference 21  0.07 0.19 0.41  1.29 1.66 

Spetter et al., 

2017* 

3x4 mixed 

ANOVA 

Run (3) X Session 

(4) 
8  0.10 0.46 0.46  0.71 0.88 

Kohl, Veit, et 

al., 2019 

2x2 mixed 

ANOVA 
Group X Condition 36  0.45 1.00 1.00  0.30 0.39 

DeCharms et 

al., 2005 

Paired t-

test# 
First to last run 8  0.08 0.23 0.50  1.16 1.50 

Guan et al., 

2015 

Ind t-test 

(one-

tailed) 

Group difference 14  0.10 0.22 0.40  1.43 1.89 

Zweerings et 

al., 2018 
Ind t-test* Group difference 18  0.07 0.17 0.36  1.41 1.81 

Nicholson et 

al., 2017 

2x3 mixed 

ANOVA 

Condition (regulate 

vs view) X Run (3) 
10  0.16 0.70 0.98  0.56 0.71 

Nicholson et 

al., 2018 

2x3 mixed 

ANOVA 

Condition (regulate 

vs view) X Run (3) 
14  0.21 0.87 1.00  0.46 0.58 

Misaki et al., 

2018 

3x2 mixed 

ANOVA 

Group (3) X Session 

(baseline, post-

training) 

33  0.32 0.98 1.00  0.36 0.46 

Zotev et al., 

2018b 

2x4 mixed 

ANOVA 
Group X Run (4) 23  0.39 1.00 1.00  0.32 0.40 
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Publication Test Criterion N  d = .2 d = .5 d = .8  Power = 80% Power = 95% 

Cordes et al., 

2015 
Ind t-test Group difference 22  0.07 0.20 0.43  1.26 1.62 

Zweerings et 

al., 2019 
Ind t-test Group difference 56  0.11 0.43 0.81  0.79 1.01 

Ruiz et al., 

2013 

Paired t-

test 

Condition 

difference 
9  0.08 0.26 0.56  1.07 1.38 

Orlov et al., 

2018* 

3x2 mixed 

ANOVA 

Session (3) X Run 

(first, last). 
12  0.18 0.80 1.00  0.50 0.63 

Emmert et al., 

2017* 

2x3 mixed 

ANOVA 
Group X Session (3) 14  0.21 0.87 1.00  0.46 0.58 

Haller, 

Birbaumer, & 

Veit, 2010* 

Paired t-

test 

Condition 

difference 
6  0.07 0.17 0.36  1.19 1.58 

Mean   29.9  0.24 0.61 0.76  0.77 >0.99 

Median   22.5  0.15 0.67 0.98  0.58 0.73 

Mean (all)   22.9  0.22 0.61 0.77  0.76 0.99 

Median (all)   18.0  0.16 0.70 0.98  0.55 0.71 

Note. * = Test inferred; # = no group comparison; Ind = Independent. All tests were performed two-tailed, unless otherwise 

specified. The estimations are not based on actual outcome measures, but rather on sample sizes, liberal assumptions (no 

multiple comparison correction, high correlations between repeated measures (0.8)) and (mostly) simplified statistical 

tests. 
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Table S2.2 

Statistical power and sensitivity for clinical measures of individual studies.  

Power is estimated (in percentage) for small, medium, and large effects (based on Cohen’s d of 0.2, 

0.5, and 0.8, respectively). Sensitivity, or estimation of detected effect size (based on Cohen’s d) with 
a certain power, is calculated for the power of 80 and 95%. Power and sensitivity calculations for 
clinical measures include only studies performing a group analysis of clinical improvement. Only 

studies that performed a group analysis and reported sufficient information to perform a power 
analysis are included in the table. Two calculations are presented at the bottom of the table: the 
results in black exclude pilot, proof-of-principle, and feasibility studies (N=11); the results in grey 

include all studies that performed a group analysis (N=27). Pilot, feasibility, and proof-of-principle 
studies are marked in grey and with an asterisk (*). 

     Power  Sensitivity (in Cohen’s d) 

Publication Test Criterion N  d = .2 d = .5 d = .8  
Power = 

80% 

Power = 

95% 

Karch et al., 

2015* 

2x2 

mixed 

ANOVA 

Group (patients true 

rtfMRI & controls 

true rtfMRI) X time 

(before NF & after 

NF) 

27  0.35 0.98 1.00  0.35 0.46 

Karch et al., 

2019 

2x2 

mixed 

ANOVA 

Group X Time (pre-

post) 
22  0.29 0.94 1.00  0.40 0.51 

Hartwell et al., 

2016 

2x3 

mixed 

ANOVA 

Group X Time (3 

visits) 
44  0.61 1.00 1.00  0.25 0.31 

Zilverstand et 

al., 2017* 

2x2 

mixed 

ANOVA 

Group X Time 13  0.18 0.74 0.99  0.54 0.70 

Alegria et al., 

2017; Rubia 

et al., 2019* 

2x2 

mixed 

ANOVA 

Group X Time 31  0.40 0.99 1.00  0.33 0.42 

Zilverstand et 

al., 2015 

2x4 

mixed 

ANOVA 

Group X Time 

(screening, post- 

fMRI, 2-week, 3-

month) 

18  0.30 0.98 1.00  0.36 0.46 

Paret et al., 

2016* 

RM 

ANOVA 
4 RM 10  0.17 0.80 1.00  0.50 0.63 

Zaehringer et 

al., 2019 

RM 

ANOVA 
3 RM 25  0.37 0.99 1.00  0.33 0.42 

Robineau et 

al., 2019* 

RM 

ANOVA# 
3 RM 6  0.10 0.43 0.83  0.77 0.97 
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Publication Test Criterion N  d = .2 d = .5 d = .8  
Power = 

80% 

Power = 

95% 

Yuan et al., 

2014 
Ind t-test* Group difference 27  0.08 0.24 0.51  1.12 1.45 

Young et al., 

2014* 

Ind t-test 

(1-tailed)* 
Group difference 21  0.11 0.27 0.51  1.19 1.58 

Young, 

Misaki, et al., 

2017; Young 

et al., 2018; 

Young, Siegle, 

et al., 2017 

2x4 

mixed 

ANOVA 

Group X Visit (4) 36  0.58 1.00 1.00  0.25 0.31 

Zotev et al., 

2016* 
Ind t-test* Group difference 24  0.08 0.21 0.46  1.20 1.55 

Zotev et al., 

2019* 
Ind t-test* Group difference 24  0.07 0.20 0.42  1.27 1.63 

Linden et al., 

2012* 

2x2 

mixed 

ANOVA 

Group X Time (pre-

post) 
16  0.22 0.84 1.00  0.48 0.61 

Mehler et al., 

2018 

2x2 

mixed 

ANOVA 

Group X Time (pre-

post) 
32  0.41 0.99 1.00  0.32 0.42 

Jaeckle et al., 

2019* 

2x2 

mixed 

ANOVA 

Group X Time (pre-

post) 
40  0.50 1.00 1.00  0.29 0.37 

Zahn et al., 

2019* 

2x2 

mixed 

ANOVA 

Group X Time 28  0.36 0.98 1.00  0.35 0.45 

Rance et al., 

2018 

2x2 

mixed 

ANOVA 

Group X Time (pre-

post) 
37  0.46 1.00 1.00  0.30 0.39 

Hohenfeld et 

al., 2017* 

Paired t-

test* 
Pre-post 10  0.09 0.29 0.62  1.00 1.29 

Tinaz et al., 

2018* 

Paired t-

test# 
Pre-post 8  0.08 0.23 0.50  1.16 1.50 

Subramanian 

et al., 2011* 

Paired t-

test (one-

tailed) # 

Pre-post 5  0.10 0.24 0.44  1.36 1.82 

Subramanian 

et al., 2016 
ANCOVA Group difference 30  0.08 0.26 0.56  1.06 1.37 

Zweerings et 

al., 2018 

Paired t-

test 
Group difference 8  0.08 0.23 0.50  1.16 1.50 

Zotev et al., 

2018b 

Paired t-

test# 
Pre-post 15  0.11 0.44 0.82  0.78 1.00 
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Publication Test Criterion N  d = .2 d = .5 d = .8  
Power = 

80% 

Power = 

95% 

Orlov et al., 

2018* 

Paired t-

test 
Pre-post 11  0.09 0.32 0.67  0.94 1.21 

Emmert et al., 

2017* 

2x3 

mixed 

ANOVA 

Group X Time (pre, 

post, follow up) 
14  0.21 0.87 1.00  0.46 0.58 

Mean   26.7  0.31 0.73 0.85  0.58 0.74 

Median   27.0  0.30 0.98 >0.99  0.36 0.46 

Mean (all)   21.6  0.24 0.65 0.81  0.69 0.88 

Median (all)   22.0  0.18 0.80 1.00  0.50 0.63 

 

Note. * = test inferred; # = no group comparison. All tests were performed two-tailed, unless otherwise specified. 

The estimations are not based on actual outcome measures, but rather on sample sizes, liberal assumptions (no 

multiple comparison correction, high correlations between repeated measures (0.8)) and (mostly) simplified 

statistical tests. 
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Table S2.3 

Additional details of the 62 clinical fMRI neurofeedback studies (see table 2.2). 

Studies are presented in the same order as in table 2.2.   

Publication ROI 

Transfer 

run(s) and 

success 

Follow-up 
Registered trial 

identifier (1a) 

 
Canterberry et al., 2013 ACC No - -  

Hanlon et al., 2013 vACC and dmPFC No - -  

Li et al., 2013 ACC and mPFC No - -  

Karch et al., 2015 ACC, dlPFC, or insula No - -  

Karch et al., 2019 ACC, dlPFC, or insula No - -  

Kim et al., 2015 
# Bilateral ACC, medial 

pFC and OFC 
Yes ü - -  

Hartwell et al., 2016 PFC No - -  

Kirschner et al., 2018 # VTA and SN Yes û - -  

Zilverstand et al., 2017 dACC Yes ü - ISRCTN12390961  

Alegria et al., 2017; 

Rubia et al., 2019 
# rIFG Yes ü 

>5m – 

clin á 
ISRCTN12800253  

Buyukturkoglu et al., 

2015 
Bilateral AI Yes ü - -  

Zilverstand et al., 2015 Insula and dlPFC No 
3m – clin 

á 
-  

Scheinost et al., 2013 OFC Yes ü - -  

Scheinost et al., 2014 OFC Yes - - -  

Sreedharan et al., 

2019b, 2019a 

Broca and Wernicke's 

areas 
No - -  

Ramot et al., 2017 STS, SSC and IPL1 No 
5-56w - 

conn á 
NCT01031407  

Paret et al., 2016 Bilateral amygdala Yes û - -  

Zaehringer et al., 2019 # Right amygdala No 
6w - clin 

á 

NCT02866110 

DRKS00009363 
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Publication ROI 

Transfer 

run(s) and 

success 

Follow-up 
Registered trial 

identifier (1a) 

Sreedharan et al., 

2019b, 2019a 

Broca and Wernicke's 

areas 
No - -  

Liew et al., 2016 
M1 and ipsilateral 

thalamus 
Yes ü2 - -  

Sitaram et al., 2012 PMv Yes ü - -  

Robineau et al., 2019 V1 No - -  

DeCharms et al., 2005 rACC No - -  

Guan et al., 2015 rACC No - -  

MacDuffie et al., 2018 ACC No - -  

Hamilton et al., 2016 
Fronto-insular cortex 

and dACC 
Yes ü - -  

Yuan et al., 2014 # Left amygdala Yes - - -  

Young et al., 2014 # Left amygdala Yes ü - -  

Young et al., 2018, 

2017b, 2017a 
# Left amygdala Yes ü - NCT02079610  

Zotev et al., 2016 # Left amygdala Yes ü - -  

Zotev et al., 2019 # Left amygdala and left 

rACC 
Yes ü - -  

Linden et al., 2012 
Various regions: dlPFC, 

vlPFC, insula 
No - -  

Peciña et al., 2018 - No - -  

Mehler et al., 2018 

Mainly anterior brain 

areas such as insula 

and striatum 

Yes û 
18w - clin 

á 
NCT01544205  

Jaeckle et al., 2019 rSATL and pSCC No - ISRCTN10526888  

Zahn et al., 2019 aSCC and aSTC No - NCT01920490  

Rance et al., 2018 OFC (A), SMA (TS) - 
2, 4, 6, 8w 

- clin á 

NCT02206945 

NCT01702077 
 

McDonald et al., 2017 DMN No - -  
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Publication ROI 

Transfer 

run(s) and 

success 

Follow-up 
Registered trial 

identifier (1a) 
 

Skouras and 

Scharnowski, 2019 
DMN No - -  

Hohenfeld et al., 2017 PHG No - -  

Papoutsi et al., 2018b SMA No - -  

Papoutsi et al., 2018a SMA Yes ü 

3x: 2, 4-6 and 

8-10w (beh & 

trans û) 

-  

Tinaz et al., 2018 Right insula and dlPFC Yes ü - -  

Subramanian et al., 

2011 
SMA No 

2w (beh 

á) 
-  

Buyukturkoglu et al., 

2013 
SMA No - -  

Subramanian et al., 

2016 
SMA Yes ü - NCT01867827  

Frank et al., 2012 # Bilateral AI No - -  

Spetter et al., 2017 dlPFC and vmPFC No - -  

Kohl et al., 2019b Left dlPFC No 
4w (beh 

á) 
NCT02148770  

Sitaram et al., 2014 Left AI No - -  

Zweerings et al., 2018 # ACC Yes ü - -  

Gerin et al., 2016 Amygdala No - -  

Nicholson et al., 2017 Bilateral amygdala Yes ü - -  

Nicholson et al., 2018 Bilateral amygdala Yes ü - -  

Misaki et al., 2018 # Left amygdala Yes - - -  

Zotev et al., 2018 # Left amygdala Yes û - -  

Cordes et al., 2015 # ACC No - -  

Dyck et al., 2016 # ACC Yes ü3 - -  

Zweerings et al., 2019 Left IFG and left pSTG No - -  
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Publication ROI 

Transfer 

run(s) and 

success 

Follow-up 
Registered trial 

identifier (1a) 
 

Ruiz et al., 2013  Bilateral AI Yes û - -  

Orlov et al., 2018 Left STG Yes ü - -  

Emmert et al., 2017 AC Yes - 
6w (clin 

û) 
-  

Haller et al., 2010 AC No - -  

 

Legend per category: 

ROI: # anatomical localizer; 1 Based on a previous study 

Transfer run(s) and success: tick (ü) for yes, cross (û) for no, minus (-) for not stated; 2 in 2/4 participants; 3 in 1/3 

participants  

Correlation: Correlation between symptom improvement and regulation success 

Follow-up: duration between the last session and follow-up session expressed in weeks (w) or months (m); clin = 

clinical measure; beh = behavioral measure; trans = transfer run; conn = connectivity changes; á = stable 

improvement; û = diminished improvement 
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Abstract 
This study explores the subjective evaluation of supplementary motor area (SMA) 

regulation performance in a real-time functional magnetic resonance imaging 

neurofeedback (fMRI-NF) task. In fMRI-NF, people learn how to self-regulate their 

brain activity by performing mental actions to achieve a certain target level of blood-

oxygen-level-dependent (BOLD) activation. This setup offers the possibility to study 

performance monitoring in the absence of somatosensory feedback. Here, we studied 

two types of self-evaluation expressed before receiving neurofeedback: performance 

predictions and perceived confidence in the prediction judgement. We hypothesized 

that throughout learning, participants would (1) improve the precision of their 

performance predictions about the actual changes in their BOLD response, and (2) 

that reported confidence would progressively increase with improved metacognitive 

precision. Participants completed three sessions of SMA regulation in a 7T fMRI 

scanner, performing a drawing motor imagery task. During each trial, they modulated 

their mental drawing strategy to achieve one of two different levels of target fMRI 

signal change. They then reported a performance prediction and their confidence in 

the prediction before receiving delayed BOLD-activation feedback. Results show that 

participants’ performance predictions improved with learning throughout the three 

sessions, and that these improvements were not driven exclusively by their 

knowledge of previous performance. Confidence reports on the other hand showed no 

change throughout training and did not differentiate between the better and worse 

predictions. In addition to shedding light on mechanisms of internal monitoring 

during neurofeedback training, these results also point to a dissociation between self-

evaluation of performance and corresponding reported confidence in the presence of 

feedback.  
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Introduction 
Neurofeedback is a special type of biofeedback that enables self-regulation of one’s 

brain activity and can be used either by healthy participants aiming to improve their 

cognitive performance, or as an intervention strategy for symptom improvement in 

clinical populations (for a review see Sitaram et al., 2017). Neurofeedback signals 

based on real-time functional magnetic resonance imaging (fMRI-NF) offer high 

regional specificity (Sulzer et al., 2013; Weiskopf et al., 2004, 2003) and can in turn 

achieve higher precision in behavioral outcomes compared to other modalities, such 

as electroencephalography (EEG) or functional near-infrared spectroscopy (fNIRS) 

(Scharnowski et al., 2015, 2012; Weiskopf et al., 2004). Using high field (7T) MRI can 

additionally help to achieve better signal-to-noise ratio in comparison to using more 

standard, lower MRI field strengths (Torrisi et al., 2018). This can be particularly 

beneficial during gradual, level-specific self-regulation of the BOLD signal (Sorger et 

al., 2018; Krause et al., 2017; Sousa et al., 2016), by providing more degrees of 

freedom for learning self-regulation in the context of neurofeedback and brain-

computer interfaces (BCI) than more standard up- or down-regulation.  

Although neurofeedback has been shown to successfully help brain activity regulation 

(for reviews see Thibault et al., 2018; Tursic et al., 2020), the underlying learning 

mechanisms of neurofeedback remain unclear. It has been hypothesized that they 

depend on the neurofeedback procedure and on the exact instructions given to the 

participants, such as the suggestion of explicit regulatory strategies, or the knowledge 

that feedback depends on one's brain activation (Muñoz-Moldes & Cleeremans, 2020; 

Sepulveda et al., 2016; Sitaram et al., 2017; Sulzer et al., 2013). One theory proposes 

that neurofeedback learning is a form of instrumental conditioning by which a neural 

response becomes more likely when associated with a reward (Fetz, 2007; Kamiya, 

1962; Shibata et al., 2019). Another proposal suggests that feedback exposure allows 

control of physiological activity by increasing our awareness of internal –otherwise 

inaccessible– states (Brener, 1977; Brown, 1971; Frederick et al., 2016; Neumann et 

al., 2003).  
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The relation between awareness and control not only has important implications for 

regulation but also for the general applicability, or transfer success, of neurofeedback: 

indeed, researchers often evaluate performance in transfer trials (i.e., doing the self-

regulation task without feedback) as an indicator of how well the learned self-

regulation might translate to the real world (Sitaram et al., 2017). Presumably, while 

regulating without any feedback, participants compute an internal estimate of their 

ongoing performance (which might then be accompanied by a feeling of confidence) 

and use this estimate to fine-tune their regulation task, making performance 

monitoring an important component of successful self-regulation. Several studies 

indeed reported successful regulation during transfer runs (Young et al., 2017; Orlov 

et al., 2018; Alegria et al., 2017), including regulation to different levels (Sousa et al., 

2016), but none investigated how self-monitoring contributed to this success. 

Understanding self-evaluation accuracy, and the possible manipulation of such self-

evaluations might result in incentivizing learning and in the improvement of clinical 

applications. It would also, importantly, be useful for our theoretical understanding of 

how such internal monitoring and associated feelings of confidence are computed.  

One crucial component of neurofeedback self-regulation is metacognition. 

Metacognition – cognition about cognition – can be defined as the self-evaluation of 

the quality of neuronal evidence (Fleming et al., 2012a; Yeung and Summerfield, 

2012). It is associated with performance monitoring and error awareness, two 

different, but interdependent processes (Metcalfe and Greene, 2007; Miele et al., 

2011). In the case of neurofeedback and BCI, metacognitive decisions can be 

understood as a form of internal monitoring detached from somatosensory feedback, 

a process that is thus different from the monitoring of executed movements (Schurger 

et al., 2017). In neurofeedback tasks, two types of self-evaluation can be distinguished: 

the evaluation of a mental action or signal (i.e., the evaluation of performance or an 

assessment of the predicted consequence, such as the prediction of the feedback 

value), and the evaluation of one’s own evaluation (i.e., an assessment of one’s own 

monitoring performance, such as the confidence of having made an accurate 

prediction of the feedback). As neurofeedback often requires practice over multiple 

sessions (Ahn and Jun, 2015), it can be considered a suitable candidate for studying 
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changes in performance prediction and confidence over the course of neurofeedback 

learning. 

The neural architecture supporting metacognition and performance monitoring is 

still debated, and in particular the extent to which it consists of domain-specific 

modules (e.g., for perception and memory), of a domain-general component, or both 

(Faivre et al., 2018; Rouault et al., 2018). Metacognition in perceptual and memory 

tasks, which are perhaps the closest to neurofeedback, typically involves a 

frontoparietal network, including posterior medial, ventromedial, and dorsolateral 

prefrontal cortex (pMPFC, vMPFC, DLPFC, respectively), precuneus and insula 

(Vaccaro and Fleming, 2018). Previous studies have also related error awareness to 

activity in posterior medial prefrontal cortex (pMPFC), SMA and insula (Bonini et al., 

2014; Ullsperger et al., 2010). 

In the present work, we study how performance self-evaluation for self-generated 

mental actions and its associated confidence evolve during neurofeedback-guided 

motor imagery training.  Participants were trained to adjust their motor imagery to 

two different intensity levels, meaning that they were asked to reach a certain 

percentage of their maximal regional activity, rather than to maximize the activity, 

which is more commonly done in neurofeedback research. The levels were 

individually defined as a function of their maximum performance in the initial 

localizer task. They then expressed interleaved performance predictions (i.e., 

predictions of feedback) and associated judgments of confidence, before receiving 

intermittent neurofeedback from the SMA region using a 7 Tesla MRI. We 

hypothesized that as self-regulation performance improved, participants would 

increase their accuracy in their self-evaluation, as evidenced both by better 

performance predictions, and a higher match between confidence and prediction 

accuracy. 
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Methods 
Participants 

Eleven participants were recruited at Maastricht University (Maastricht, the 

Netherlands) to undergo five training sessions, one per day, and all completed within 

at most eleven days. To maximize learning and hence the associated potential change 

in performance prediction and confidence, we recruited participants without 

previous neurofeedback experience. One participant performed an alternative 

version of the task with other experimental parameters (P01), another did not finish 

all sessions (P03), and a third failed to follow the instructions of the task (P10); we thus 

excluded them from further analysis. The final sample consisted of eight healthy 

volunteers (four females), aged 25–32 years (M = 27.5, SD = 2.5), all right-handed, with 

normal or corrected-to-normal vision and without any history of previous psychiatric 

or neurological disorders. Note that the original participant labels (P01 – P11) were 

kept for consistency. Participants provided informed consent and received financial 

compensation for taking part in the study. 

General procedure 

The experimental procedure was approved by the Ethics Review Committee Psychology 

and Neuroscience at Maastricht University and was in conformity to the standards of 

the Declaration of Helsinki (6th revision, 2008). The study consisted of five sessions, 

during which participants completed trials of a motor imagery task interleaved with 

self-reports of performance prediction and confidence (see 3.2 for details). The first 

and fifth session took place with a functional near-infrared spectroscopy (fNIRS) 

measure outside the scanner and without neurofeedback. The other three sessions 

(second, third and fourth) were performed in the 7 Tesla fMRI scanner and included 

intermittent neurofeedback after every trial. Here, we only present data of the 

neurofeedback fMRI sessions (second to fourth session), hereafter referred to as 

sessions 1st, 2nd and 3rd. 
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Each fMRI session lasted approximately two hours and consisted of one anatomical 

measurement and seven functional runs. The first functional run was an eight-minute 

localizer scan used to define the target region and the parameters for the 

neurofeedback runs. The subsequent neurofeedback runs lasted 9 minutes each and 

included 60 trials of self-regulation in each session (10 trials per run). Hence, each 

participant performed a total of 180 trials (90 per condition) across the three sessions. 

Tasks 

Functional localizer task 

At the beginning of each session, participants performed a motor imagery and a finger 

tapping task to define the target region and the thresholds for the neurofeedback task 

(see Target region selection). The localizer run consisted of alternating 16-second 

blocks of mental drawing, finger tapping, and rest. In mental drawing blocks, 

participants performed mental drawing (see Instructions for motor imagery). In finger 

tapping blocks, participants tapped to an auditory signal at 2 Hz with their right index 

and middle fingers using a button box. The auditory cues were used to keep the display 

uniform across different tasks and to ensure tapping consistency across sessions and 

participants. Participants completed eight blocks of drawing, eight blocks of tapping 

and 17 blocks of rest. 

Instructions for motor imagery. Participants were informed about the principles of 

neurofeedback and were given suggestions for the cognitive strategies they could use. 

We explained that their goal in the experiment was to “learn how to achieve different 

levels of brain activation by modulating a mental drawing task”. They were suggested 

to focus on the feelings and sensations associated with the preparation or execution 

of a movement with their right upper limb, while keeping their eyes open and 

refraining from overt hand movements (which was visually monitored by an 

experimenter during the first fNIRS session). It was suggested that the intensity could 

be modulated by adjusting one aspect of the mental drawing strategy, such as the 

drawing detail, the speed, the (imagined) pressure exerted or the number of muscles 

involved (e.g., fingers, wrist, arm, shoulder). Participants were asked to maintain the 

strategy within a single trial but were otherwise allowed to try different strategies 
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based on their feedback and performance. For the functional localizer tasks, the 

participants were asked to perform mental drawing at the highest intensity that they 

could imagine.  

 

Figure 3.1. (A) Functional localizer task. Participants performed this task at the beginning of every 
session. During Tap blocks, participants executed real movements. During Draw blocks, participants 

imagined drawing movements. (B) ROI selection procedure. A target region for neurofeedback was 
selected by combining expert knowledge and an algorithm to select a cluster of voxels that was more 
active for mental drawing than for real movement and rest (see 2.5.2). (C) Maximum percent signal 

change (MaxPSC) and Target Level selection: Percent signal change (PSC) values for the imagined 
drawing blocks from the selected target region were used to define MaxPSC by taking the third upper 
quartile value. Two target levels for the neurofeedback task were defined as the 60% and 90% of the 

MaxPSC and were indicated by an orange or green cross, respectively. (D) The motor imagery 
neurofeedback task including self-ratings of the (1) performed regulation level (‘performance 
prediction’) and the (2) confidence of this performance prediction (‘confidence in prediction’), 

followed by the feedback of the achieved regulation level (orange arrow) and its difference to the 
target level (yellow marker). 
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Motor imagery neurofeedback task 

Stimuli were presented using the Expyriment package (version 0.9.0) for Python 

(version 2.7.10) (Krause and Lindemann, 2014). Each trial started with a red cross 

signaling the rest period and the spoken word “rest”. After 16 seconds, the motor 

imagery period started with a change in color of the cross (to yellow or green) and a 

simultaneous auditory cue (“six” or “nine”), indicating the target level to be achieved 

through motor imagery (60% or 90% of the maximum percent-signal change 

(MaxPSC) defined based on the functional localizer, respectively). The auditory cues 

were used to keep the display uniform across the two conditions and at the same time 

keep the memory load associated with the cross color minimal. The indicated target 

levels were pseudorandomized so that half of the trials in the run requested the 

participants to regulate to level 60% and half to level 90%. After 16 seconds of 

continuous motor imagery, an auditory cue “stop” indicated the end of the motor 

imagery trial. This was followed by a jittered blank screen of 1, 2- or 3-seconds 

duration (average of 2s). Participants were then shown a horizontal rating scale 

showing values from 0 to 12, with 6 and 9 representing the two target levels (60% and 

90%, respectively). They were asked to report their performance prediction by moving 

left or right on the scale with two buttons of the button box. After another jittered 

blank screen (1, 2 or 3 seconds, average of 2), a second scale was presented, and 

participants were asked to report their confidence in their prediction. The horizontal 

scale contained values ranging from 50% to 100% increasing in steps of 5%, and two 

labels, one on the far-left indicating ‘Guess’ and one on the far-right indicating ‘Totally 

sure’. For both scales, participants had six seconds to respond, and the start position 

of the cursor was jittered around the midpoint (-4; +4) to prevent motor preparation. 

Participants were then shown the neurofeedback value on the same 13-point scale for 

2 seconds, with an arrow pointing from the target level to the achieved value 

regulation (see figure 3.1D).  

Instructions for ratings. For self-ratings of the performed regulation level (performance 

prediction), participants were asked to rate the average level of activation that they 

thought they had achieved during the imagery period (or, in other words, to predict 

the neurofeedback value they would obtain for the current trial). For confidence 
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ratings, participants were asked to rate their confidence in their predicted 

performance. They were reminded not to confuse this with confidence in having 

reached the target level or having performed better or worse. Here, we insisted that the 

question was about the confidence in the performance prediction (for example, they 

could have high confidence in a prediction that their achieved activation level would 

be lower than the target, or low confidence in their prediction that the neurofeedback 

value would be on target). 

Control trials. In each neurofeedback run, one of ten trials was a catch trial in which 

the responses for the performance prediction and confidence were instructed. In 

these control trials, two red bars surrounded one of the values on the scale and 

participants were asked to move the cursor to the indicated location. These catch trials 

were included as an attention check, but also to reduce the confounding effect of the 

motor movement in the judgement process (Fleming, Huijgen, & Dolan, 2012) during 

offline analysis.  

Data Acquisition 

MR images were recorded using a Siemens Magnetom 7T MR scanner with a 32-

channel head coil (Nova Medical Inc., Wilmington, MA, USA). High-resolution sagittal 

anatomical images were acquired with a T1-weighted magnetization prepared rapid 

acquisition gradient echo sequence (MP2RAGE; 256 sagittal slices, voxel size = 0.9 × 

0.9 × 0.9 mm3). Functional images were obtained using a gradient echo (T2* 

weighted) echo-planar imaging (EPI) sequence, with the following parameters: echo 

time (TE) = 21 ms, repetition time (TR) = 1000 ms, multi-band factor = 3, flip angle = 

60°, matrix = 224 × 224, number of slices = 60, voxel size = 2 × 2 × 2 mm3. The field 

of view provided almost whole-brain coverage.  

Pulse data was recorded using a peripheral pulse unit (PPU) by Siemens, attached to 

the participant's left index finger. Respiration was monitored by placing a respiratory 

cushion between the upper abdomen of the participant and a belt. This cushion was 

connected via a pressure hose to a physiologic ECG and respiratory unit (PERU) by 

Siemens.  
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Behavioral responses were recorded with a fiber optic four-button response box 

(Current Designs, https://www.curdes.com) attached to the participants’ right hand 

with the index and middle finger placed on buttons 1 and 2, respectively. 

Online analysis 

Preprocessing 

MR images were reconstructed in real time and exported to a dedicated computer, via 

a direct transmission control protocol / internet protocol (TCP/IP) connection, where 

they were preprocessed using Turbo-BrainVoyager (version 3.2, Brain Innovation 

B.V., Maastricht, the Netherlands). Each functional 3D volume was motion corrected 

to the first volume of the functional localizer run of the same session and spatially 

smoothed using a Gaussian kernel of 4mm. Linear trends were addressed using an 

additional predictor in the general linear model (GLM). The real-time processing 

computer and the stimulation application communicated over the network using a 

direct TCP/IP connection. 

Target region selection 

The neurofeedback target region was defined for each participant in each session 

separately, combining expert knowledge and an algorithm for automated selection of 

brain areas (Lührs et al. 2017) based on a GLM analysis of the functional localizer data. 

Physiologically, the overlap between motor imagery and motor execution has been 

studied extensively (Hétu et al., 2013), with notable differences between M1 and the 

supplementary motor area (SMA). Imagined movement is better predicted by the 

SMA (Park et al., 2015). We therefore first used the anatomical scan to preselect an 

area that corresponded to the location of the SMA and then further restricted this area 

by using the functional localizer task (figure 3.1A); the resulting area showed higher 

activation for mental drawing compared to finger tapping (figure 3.1B for a schematic 

representation) and included a cluster of voxels exceeding a threshold of t > 5.0 for 

imagery vs. rest. Within this area, the algorithm automatically selected the final target 

region: 30 most significant voxels, forming one contiguous cluster with a 26 

neighbor-voxel criterion spanning over not more than six contiguous slices. This 
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method made it possible to select a cluster of voxels where the activation was more 

specific to motor imagery as compared to motor execution while also showing the 

highest difference between imagery and rest blocks. 

Calculation of neurofeedback 

In order to provide individualized neurofeedback, the localizer’s imagery data was 

used to calculate MaxPSC for mental drawing blocks, for each session of each 

participant. Each MaxPSC was determined by calculating the third upper quartile of 

average mental drawing percent signal change (PSC) using a custom script in MATLAB 

(R2018b, MathWorks, Natick, Massachusetts). The third upper quartile was chosen 

instead of the maximum value to account for potential future fatigue of the 

participants.  

Intermittent neurofeedback was then calculated as the PSC value during each mental 

drawing trial with respect to its preceding baseline window, adjusted for the individual 

session’s MaxPSC (1). To account for the BOLD delay, only the last few activation 

values of each rest and mental drawing period were taken into account for the PSC 

calculation. The baseline value corresponded to the mean activation between seconds 

–4 to +2 seconds after imagery block onset (6 volumes), whereas the imagery value 

was the average from seconds 6 to 16 (10 volumes) (see figure 3.2). The PSC of each 

trial was then divided by the participant’s MaxPSC and multiplied by 10 to obtain a 

normalized value where 10 corresponded to the MaxPSC (2). 

 

(1) 
 	𝑃𝑆𝐶𝑛𝑓 = 	!"#$	&'#(")*	+	!"#$	,#-".&$"

!"#$	,#-".&$"
	𝑥	100  

(2) 
𝑁𝑒𝑢𝑟𝑜𝑓𝑒𝑒𝑑𝑏𝑎𝑐𝑘 = 	 /01$2

!#3/01
	𝑥	10  
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The neurofeedback and the performance prediction scale presented to the 

participants included values from 0 to 12, to be able to present values above the 

MaxPSC. Consequently, the participants were aware of a potential overshoot when 

regulating, which allowed them to further improve the learning process. Twelve was 

chosen specifically to equalize the information range between the target levels 60% 

and 90%, and the value presented maximally on the scale. Values below 0 and above 

12 were clipped to ‘0’ and ‘12’, respectively.  

 

 
Figure 3.2. Percent signal change (PSC) for mental drawing during the functional localizer. The black 

lines and circles indicate the mean PSC across participants. The grey lines show each participant’s 
average. The text labels indicate the time ranges used for the selection of volumes for neurofeedback 
calculation (during neurofeedback task only). During the neurofeedback task, one functional image 

(volume) was acquired every second, and we ignored the first volumes of the drawing block to account 
for the BOLD response delay. The baseline was defined as the time period between t = –4 and t = 2 
seconds with respect to mental imagery onset. The mental drawing period corresponded to the time 

range between t = 6 and t = 16. 

Offline analysis 

To estimate how the main outcomes (i.e., self-regulation performance, performance 

predictions, and confidence reports) differed according to experimental conditions, 

we used R (version 4.0) (R Core Team, 2020), Stan (rstan version 2.16) and the brms 

package (Bayesian Regression Models using Stan version 2.1.) to fit multilevel 

Bayesian linear models. The use of multilevel modelling allowed us to estimate the 

effects of interest for each participant individually (Gelman et al., 2012). The use of 

the Bayesian framework of brms over maximum likelihood-based approaches to 
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multilevel modeling provided several benefits, such as the improved rates of 

convergence, the ability to make direct probability statements, and the obtention of 

more intuitive uncertainty estimates than those of Null-Hypothesis Significance 

Testing (Carpenter et al., 2017).  

All three models of the main outcomes were estimated with Markov Chain Monte 

Carlo sampling, running 2 parallel chains for 5.000 iterations each (the first 2.000 

warm-up samples for each chain were discarded). For each model we assigned 

random slopes and intercepts for individuals (Gelman & Hill, 2006), while priors were 

kept to default. We report posterior means and credible intervals (Bürkner, 2017; 

Carpenter et al., 2017). The posterior probability distributions from the model 

parameters were also used to test several hypotheses, which are listed in the 

subsequent sections. Since the hypothesis() function of the brms package does not 

allow to compute evidence ratios when using default priors, these hypotheses were 

formulated as one-directional. For each hypothesis, we therefore computed the 

posterior probability of the hypothesis against its alternative (for our one-directional 

hypotheses, this quantity corresponds to the proportion of the posterior probability 

above 0). The formulation of several of the one-directional effects was driven by the 

performance during real-time sessions and by preliminary results (e.g., figure 3.4), so 

rather than a priori hypotheses, these should be seen as statements that guide the 

exploration and visualization of the results. Each hypothesis test was applied to each 

individual. 

For the remaining statistical analyses, null-hypothesis significance testing was used 

in R (version 4.0) (R Core Team, 2020) for the pointwise t-tests in the within-trial 

percent signal change time-course analysis and MATLAB (R2018b, MathWorks, 

Natick, Massachusetts) for ANOVAs. If not stated otherwise, t-tests and ANOVAs were 

carried out two-sided and with the alpha threshold level of 0.05. For figures, R was 

again used with the ggplot2 package (v3.3.2, Wickham, 2016), as well as BrainVoyager 

(version 21.2, Brain Innovation B.V., the Netherlands) for representing brain maps. 
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Percent-signal changes in target ROI 

Whole-trial percent-signal change. To find out whether neurofeedback self-regulation 

performance (i.e., how far the achieved self-regulation deviated from the target level 

of 60% or 90%) improved across sessions, we modeled the self-regulation outcome 

(centered around the target level) with the Target Level (60% or 90%) and the Session 

(1, 2 or 3), as predictors. We tested five hypotheses. First, we asked whether 

participants achieved a higher activation for level 90% than for level 60%. We also 

checked whether participants undershot when trying to reach level 90% or overshot 

when trying to reach level 60%. In the final two hypotheses, we investigated whether 

the participants improved across sessions for either level. All five hypotheses are 

presented in figure 3.3. 

Within-trial percent-signal change time-course. Although the neurofeedback value 

shown to the participant (described above) was the average self-regulation over 

multiple seconds, we also measured and analyzed the entire time-course of self-

regulation. For this analysis, we used the percent signal change (PSC) as calculated 

online at a frequency of 1 Hz, i.e., for each volume (for a total of 16 values per trial). We 

used pointwise t-tests (one-tailed for 90% > 60%) with correction for false discovery 

rate (FDR) at the individual level using the Benjamini-Hochberg (BH) procedure 

(Benjamini and Hochberg, 1995), to maintain FDR at 5% for each subject.  

Performance prediction  

We analyzed whether predictions of self-regulation performance became more 

accurate across sessions (i.e., the prediction moved closer to the actual achieved 

neurofeedback value), while also controlling for the effect that knowledge of previous 

performance might bias these predictions. Indeed, since we hypothesized that 

performance predictions could also be driven by feedback received in previous trials, 

we controlled for this possibility by calculating the running average of performance as 

the average neurofeedback obtained in the last five trials of the corresponding target 

level and modeled the performance prediction using Target Reference (Real Position 

vs. Prior of previous performance) and Session (1, 2 or 3) as predictors. Although a 

previous study used the running average of all previous trials in the experiment as a 
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prior (Schurger et al., 2017), we selected a smaller time scale of 5 trials. We 

hypothesized that if the prior remains relatively constant for the whole experiment, 

our short running average will also remain relatively constant. But if there are 

variations at shorter timescales (within a session and within a run), this will only be 

captured using a shorter range for the running average. From the model results, we 

tested five hypotheses, also presented in figure 3.5. We wanted to see whether the 

prediction error decreases across sessions. Then we tested whether the prediction is 

closer to the prior (values) or real achieved values for each session separately. Finally, 

we tested whether the distance between the prediction and real value decreased more 

than the distance between the prediction and prior.  

Additionally, to investigate whether better performance tends to be associated with 

better predictions of the actual performance, we calculated the overall and session-

specific correlation between the regulation accuracy (absolute difference between 

target and feedback) and performance prediction accuracy (absolute difference 

between performance prediction and feedback). 

Finally, to see if better performers (not just trials) more accurately predict their own 

performance, we first determined each participant’s average regulation and 

performance prediction accuracies (absolute differences between target levels and 

neurofeedback and between performance prediction and neurofeedback, 

respectively) for each session and then calculated a Pearson’s correlation coefficient 

for each session.  

Confidence in prediction 

To investigate whether reported confidence changed throughout sessions and 

whether participants developed the ability to differentiate between their better and 

worse performance predictions, we modeled the confidence report on the Performance 

prediction accuracy (the absolute difference between the performance prediction and 

the neurofeedback value), the Session (1, 2 or 3), and the Self-regulation value (0 to 12). 

The self-regulation was added to account for the possibility that confidence would be 

influenced by the self-regulation level achieved, even though participants were asked 

to report their confidence that their prediction was correct. From the model results, 
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we tested the seven hypotheses presented in figure 3.6. We first wanted to find out if 

confidence increases over sessions. Next, we aimed at exploring whether confidence 

reports can be predicted by the prediction accuracy or by self-regulation accuracy. 

This was tested for each session separately.  

Reported regulation strategies  

After each run, all but one participant reported the number of mental imagery strategy 

changes they had made for each target level. These numbers were summed per 

session and level. At the end of each session, participants were also asked to represent 

what they were imagining drawing in a real drawing and/or description. Drawings and 

descriptions provided after each session were analyzed qualitatively. 

Whole-brain (f)MRI data analysis 

Preprocessing. (f)MRI data was analyzed using BrainVoyager (version 21.2, Brain 

Innovation B.V., the Netherlands) and MATLAB R2018b. Anatomical data of all three 

sessions were first corrected for inhomogeneities, followed by the spatial 

transformation into ACPC space and alignment to the anatomical scan of the first MRI 

session. Finally, they were normalized into Talairach space.  

Functional data were first preprocessed using motion correction (aligning runs to the 

first volume of the first run in the session), slice scan-time correction and linear trend 

removal, followed by the temporal high-pass filtering with four cycles per time course. 

The data were then corrected for EPI distortions using acquisitions with inverted 

phase encoding direction and the COPE plugin in BrainVoyager (Breman et al., 2020). 

All functional runs were aligned to the anatomical scan of the first session and 

normalized into Talairach space. Finally, a Gaussian spatial smoothing kernel of 6mm 

was applied to each run of the functional data. 

Analysis. A fixed-effects general linear model including 7 conditions: level 60% 

regulation, level 90% regulation, performance prediction, confidence, performance 

prediction catch, confidence catch, and neurofeedback. Z-transformed motion 

predictors were also fitted to each participant’s data as confounds. 
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Maps were created for three individual contrasts. First, the two target levels (60% and 

90%) were contrasted against baseline to investigate the effects of the regulation task. 

Second, performance prediction interval was compared to the catch trial of the 

performance prediction task (Performance prediction > Performance prediction 

catch) to find regions involved in the self-evaluation of regulation performance. 

Finally, the Confidence interval was compared to the catch trial of the Confidence 

condition (Confidence > Confidence Catch) to find regions that correspond to the self-

evaluation of participants’ certainty in their prediction.  

The resulting t-maps were FDR-corrected (q = 0.05) for multiple comparisons and 

three probabilistic maps were created (one for each contrast) using the individual 

maps of all 8 participants. Only the regions activated in all participants are reported.    

Results 
Percent signal change in target ROI 

Trial-by-trial self-regulation 

In the following section, group results are described by the group posterior means (on 

the 0 – 12 self-regulation scale) with their 95% confidence interval. In the first session, 

on average, participants achieved a 0.61 [0.16 – 1.06] higher self-regulation for target 

level (TL) 90% than TL 60%. At the individual level, this was the case for all 

participants (Hypothesis A). In the first session, for TL 60%, participants reached an 

average of 7.86 [7.2 – 8.55], which was above the target. At the individual level, all 

participants overshot the target value (Hypothesis B). In the first session, for TL 90%, 

participants reached an average of 8.47 [7.91 – 9.01], which was below the target. At 

the individual level, four participants undershot compared to the target value 

(Hypothesis C). With regard to learning (difference between session 1 and session 3), 

results show that, on average, self-regulation for Target Level 60% improved, as the 

average self-regulation decreased for 1.32 [0.58 – 2.06], from 7.86 to 6.54, and 

therefore moved closer to the target level of 60%. At the individual level, the 

improvement was visible for six out of eight participants (Hypothesis D). Learning 
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effects for TL 90%, however, were less clear, as the average regulation increased by 

0.42 [-0.57 – 1.42] (the range includes 0) and therefore moved closer to the target 

level of 90%, but individually, the improvement was only noticeable for two 

participants (Hypothesis E). See Supplementary materials for the model summary and 

the list of hypothesis formulae. 

 

 
Figure 3.3. Self-regulation performance. (A) Group average for self-regulation performance. For each 

session (1, 2 and 3) and Target Level (60% or 90%, 6 or 9 on the 0-12 scale), the mean and within-
subjects confidence intervals are shown. In color, the probability density distribution of the 
underlying data is shown, trimmed to the range of the data. (B) Similar to A, separated for each 

participant. (C) Table showing the posterior probability value for each hypothesis statement tested 
using the self-regulation model. The posterior probability corresponds to the proportion of samples 
from the posterior distribution of the parameters conforming to the hypothesis. A value above 0.5 

(50%) indicates a higher proportion of samples in agreement with the hypothesis and is illustrated 
with the fill color (from red = 0% over white = 50% to blue = 100%). Asterisks indicate a posterior 
probability that exceeds 95%. Note that the participant identifiers equal the initial numbering 

(before exclusion).  
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Within-trial time courses 

Group level. We investigated the percent signal change for individual timepoints 

within a trial for each session at the group level. In the first session, one time point 

showed a significant difference between the two levels in the hypothesized direction 

(t = 9). In the second session, 11 timepoints were significant (t = 6 → 16). In the third 

session, 5 time points were significant (t = 6 and t = 13 → 16) (see figure 3.4). 

 

 
Figure 3.4. Time course of target region activation during motor imagery to two different target levels 
in each session. The percent signal change (PSC) is shown as a percentage of the participant’s 
maximum for the session (MaxPSC) as defined with the functional localizer. The horizontal black 

dashed line (100%) represents the MaxPSC of the session, the green dashed line (90%) represents the 
high Target Level (90% of the MaxPSC), and the orange dashed line (60%) represents the low Target 
Level (60% of MaxPSC). Each circle represents the mean for the timepoint, and colored ribbons 

represent a bootstrapped 95% confidence interval (CI) around the mean. Black filled dots indicate 
when the one-tailed t-test is significant.  

Individual level. A similar analysis was performed at the individual level. As shown in 

figure S3.3 of the Supplementary materials, 75% (6/8) of the participants showed 

time points with significant differences between target level 60% and 90% in at least 

one session. In session 1, only one participant showed significant differences (P2). In 

session 2, three participants showed differences (P2, P4, P5). In session 3, five 

participants showed significant time point differences (P2, P5, P6, P8, P9) (see figure 

S3.3 in Supplementary materials). 
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Predictions of performance 

In the following section, group results are described by the group posterior means (on 

the 0 – 12 neurofeedback scale) with their 95% confidence interval. The results from 

the model show that prediction error (i.e., the absolute difference between the 

prediction and achieved level) decreases across sessions. On average, participants’ 

prediction error was 2.81 [2.45 - 3.16] in session 1, and 1.87 [1.39 – 2.35] in session 

3, meaning that the prediction became 0.94 [0.46 – 1.41] points closer to the actual 

achieved value. At the individual level, all participants showed a decrease in 

prediction error across sessions (Hypothesis F). When looking at the potential 

influence of knowledge of previous performance, results show that, for all sessions, 

participants’ predictions are closer to the running average of previous performance 

than to the real achieved self-regulation in the trial. At the individual level, this was 

the case for all participants except for two in the last session (Hypotheses G, H and I). 

We also investigated whether previous performance could explain the improvements 

in performance prediction accuracy: while prediction error with respect to the prior 

also decreased, the decrease with respect to the real position was higher, indicating 

that participants’ performance predictions became closer to the real position and that 

changes in prior do not account for the difference. The distance to real position 

decreased by 0.16 [-0.31 – 0.62] in session 2, and by 0.53 [0.88 – 0.17] in session 3 

more than did the distance to the prior (Hypothesis J). See Supplementary materials for 

the model summary and the list of hypothesis formulae. 

Performance prediction accuracy and regulation accuracy. Next, the relationship 

between prediction accuracy and regulation accuracy was investigated. Here, a strong 

overall correlation of 0.81 (P < 0.001) was observed, with the second session showing 

the highest correlation of 0.86 (P < 0.001) between the two measures. The correlations 

were 0.75 (P < 0.001) for session 1 and 0.83 (P < 0.001) for session 3. Additionally, 

and similar to the previous step, the relationship between the prediction and 

regulation accuracy was investigated at the single-subject level. More accurate 

performers (i.e., regulating closer to the target level) indeed seem to also be better at 

predicting their performance (across all sessions: r = 0.90, P < 0.005 and this effect 
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becomes more pronounced with training, specifically with sessions 2 and 3 (session 

1: r = 0.58, P = 0.13; session 2: r = 0.94, P < 0.001; session 3: r = 0.95, P < 0.001).  

 

 

Figure 3.5. (A) Average performance prediction accuracy per session (in color). Left panel: Distance 

to real position (i.e., the achieved self-regulation value, as the absolute difference in each trial 
between the participant's prediction and the self-regulation value). Right panel. Distance to the prior 
(i.e., the absolute difference in each trial between the participant's prediction, and a prior consisting 

of the running average of self-regulation achieved in the previous 5 trials). The connected shaped dots 
represent each individual participant. (B)  Individual results of hypothesis testing. Table showing the 
posterior probability value for each hypothesis statement tested using the performance prediction 

model. The posterior probability corresponds to the proportion of samples from the posterior 
distribution of the parameters conforming to the hypothesis. A value above 0.5 (50%) indicates a 
higher proportion of samples in agreement with the hypothesis and is illustrated with the fill 

color (from red = 0% over white = 50% to blue = 100%). Asterisks indicate a posterior probability 
that exceeds 95%. Note that the participant identifiers equal the initial numbering (before 
exclusion). 

Confidence in predictions 

In the following section, group results are described by the group posterior means (on 

the 50% – 100% confidence scale) with their 95% confidence interval. The results 

show that on average, reported confidence for performance predictions did not 

increase across sessions (with an average confidence of 69.95% [63.1% – 75.6%] in 

session 1, and confidence of 70.5% [64.1% – 76.45%] in session 3). At the individual 

level, indeed, an increase in confidence was only noticeable in one participant 

(Hypothesis F). Additionally, we found that confidence did not depend on the accuracy 

of the predictions, in either session. That is, participants did not report different 
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confidence levels for their best and worst predictions of performance (S1: 0.06 [-0.17 

– 0.05], S2: 0.06 [-0.08 –0.19], S3: 0.03 [-0.12 – 0.19]). Looking at individual 

differences, only one participant in session 1 showed an effect of performance 

prediction accuracy on confidence, but the effect was not present in the following 

sessions (Hypotheses L, M, N). Lastly, while confidence was affected by the self-

regulation level achieved in three participants in session 1, the effect for those three 

disappeared in the following sessions as well, and other participants did not show any 

effect of self-regulation performance in either session (S1: 0.06 [0.00 –0.13], -0.01 [-

0.08 –0.06], -0.02 [-0.10 – 0.07]) (Hypotheses O, P, Q). See Supplementary materials 

for the model summary and the list of hypothesis formulae. 

 

 
Figure 3.6. Confidence and confidence accuracy. (A) The graph shows trial-by-trial confidence 

ratings as a function of performance prediction accuracy (performance prediction accuracy – "Rating 
Accuracy" – has been split into quartiles for illustrative purposes only). The connected shaped dots 
represent each individual participant. (B) Individual results of hypothesis testing. Table showing the 

posterior probability value for each hypothesis statement tested using the confidence model. The 
posterior probability corresponds to the proportion of samples from the posterior distribution of the 
parameters conforming to the hypothesis. A value above 0.5 (50%) indicates a higher proportion of 

samples in agreement with the hypothesis and is illustrated with the fill color (from red = 0% over 
white = 50% to blue = 100%). Asterisks indicate a posterior probability that exceeds 95%. Note that 
the participant identifiers equal the initial numbering (before exclusion). 
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Regulation strategy reports and changes  

Participants reported most changes to their regulation strategies occurring during the 

first session (mean = 2.86, SD = 2.03 for level 60% and mean = 2.43, SD = 1.18 for 

level 90%; total number of reported changes on group level N = 37). The number of 

changes for the second and third session greatly declined and stabilized, with the total 

of 9 changes in each session (S02: level 60% mean = 0.57, SD = 0.90; mean for level 

90% = 0.71, SD = 1.16; S03: level 60% mean = 0.57, SD = 1.05; mean for level 90% = 

0.71, SD = 1.16). Participants also reported imagining drawing similar objects 

throughout the sessions. For details, please refer to Supplementary materials. 

 

Figure 3.7. Regulation-specific activation. The two target levels (60% and 90%) were contrasted 

against baseline; as expected, a network related to self-regulation was revealed, together with regions 
involved in the task (premotor and supplementary motor areas). Each cluster is color coded and its 
identification number in the legend corresponds to the order of the clusters in table S3.2. Note that 

the color-coding of clusters is merely used for visualization purposes. Brains are presented in a 
radiological view (i.e., right to left). The slice coordinate is written above the image in the upper row 
and below the image in the bottom row. 

Whole-brain analysis  

Performing the regulation task (at both target levels – 60% and 90%) expectedly 

resulted in the activation of the target region (SMA) beyond the defined region-of-

interest extent, but also in the bilateral activation in thalamus and basal ganglia, 

dorsolateral prefrontal cortex (DLPFC), insula, cerebellum and parietal regions 
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(precuneus, inferior parietal lobe, supramarginal gyrus), and inferior frontal gyrus. 

The resulting clusters are presented in figure 3.7 and are further described in the 

Supplementary materials.  

Comparing the performance prediction interval with the catch trial expectedly 

resulted in many activated regions, covering subcortical areas such as thalamus and 

basal ganglia, but also cortical areas, among others mid- and higher visual areas 

(cuneus, precuneus, superior parietal lobule), prefrontal regions, insular cortex, and 

cerebellum (see figure 3.8).  

The confidence task (confidence > confidence catch) activated most of the same areas 

as the performance prediction task, but to a lesser spatial extent (see figure 3.9). More 

detailed information is summarized in the Supplementary materials (table S3.4). 

 

Figure 3.8. The performance prediction task was contrasted with the catch trials of the same task to 
control for overt movement. Both cortical and subcortical areas were activated by the task. 
Subcortical areas included thalamus and basal ganglia. Cortical areas involved an extensive network 

spreading through mid- and higher visual areas (cuneus, precuneus, superior parietal lobule), 
prefrontal regions (such as middle frontal gyrus) and insular cortex. Note that the color-coding of 
clusters is merely used for visualization purposes. Brains are presented in a radiological view (i.e., 

right to left). The slice coordinate is written above the image in the upper row and below the image in 
the bottom row. 
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Figure 3.9. Contrasting confidence reporting trials with corresponding catch trials among others 
resulted in clusters covering thalamus, insular cortex, mid- and higher visual areas. Note that the 

color-coding of clusters is merely used for visualization purposes. Brains are presented in a 
radiological view (i.e., right to left). The slice coordinate is written above the image in the upper row 
and below the image in the bottom row. 

Discussion 
The capacity to monitor our ongoing mental activity is an important component of 

mental self-regulation, and yet its role in neurofeedback and BCI learning has 

remained largely unaddressed. Here, we measured people’s capacity to self-regulate 

the activity of a target brain region and to evaluate the level of activation they achieved 

and their confidence in their estimation, while receiving intermittent neurofeedback 

information. Intermittent feedback was crucial to obtain subjective self-reports before 

participants were informed about their true performance. We revealed evidence for 

an improvement in monitoring of mental self-regulation, confirming our hypothesis 

that neurofeedback guides the enhancement of self-evaluations of performance. 

However, the pattern of responses we observed for confidence reports invalidated our 

other hypothesis: although self-regulation performance and performance monitoring 

improved, confidence did not change and was not diagnostic of performance 
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monitoring. We discuss the results for self-regulation, predictions of performance and 

confidence separately. 

Self-regulation improves with learning 

Participants were asked in each trial to self-regulate their brain activity to one of the 

two target levels, which were adjusted for each participant based on their individual 

capacity. The results showed that training improved the participants’ ability to self-

regulate to different target levels, which is in agreement with previous studies (Krause 

et al., 2017; Mehler et al., 2019; Sorger et al., 2018). Furthermore, when looking at 

individual data points within the entire imagery period, we were able to identify with 

finer detail the timepoints where significant differences between regulation to the two 

target levels occurred. The difference between levels was barely visible in the first 

session (i.e., a single time point), but it improved and reached its peak in session two 

with eleven time points. Fine-tuning performance then diminished in session three 

while still staying higher than in session one. 

One interesting aspect of our results is that self-regulation performance (the ability to 

achieve the two separate target levels) did not improve linearly throughout the 

sessions, as overall performance increased in session two but decreased from session 

two to three. We speculate that this might be driven by changes in self-regulation 

strategy or motivation. Indeed, one possibility is that after the initial improvements, 

further progress becomes more difficult to achieve, and participants might have been 

more liberal in trying out other strategies, which in turn led to the performance 

decrease. A new strategy during the neurofeedback runs might, for example, be more 

difficult to finetune or could activate slightly different voxels than initially determined 

in the (relatively small and therefore very specific) ROI, which could in turn make the 

region control more difficult. Based on the participants’ reports, this however does not 

seem likely, as all participants reported drawing the same objects per level in the 

second and third session; the number of reported strategy switches also dropped after 

the first session and did not differentiate between the final two sessions.  

Another possibility for the performance drop in the last session is that, given the 

attentional and cognitive load costs of sustaining self-regulation for long periods, 
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participants’ motivation decreased when further improvements became harder to 

achieve. Although motivation reports were not collected, hence preventing definite 

conclusions, a potential solution to control for motivation in future research is to 

associate performance to a monetary reward. 

In addition, the two target levels were not necessarily equally difficult. Given that 

target levels were determined based on the performance during the functional 

localizer (the MaxPSC, 100% on the scale), participants started with some knowledge 

of what 100% meant but had to learn by themselves how to obtain a level 90% or a 

level 60%. Level 90% is closer to 100% than level 60%, so it requires little adjustment 

to the strategy, which might lead to differences in difficulty. On the other hand, 

decreasing the signal strength by 10% to reach level 90% requires a more fine-tuned 

control than reaching a level 60%. Results indeed show that the average achieved 

signals for the two target levels in the first session were harder to differentiate and 

were both bellow and closer to the MaxPSC. With practice however, the differences 

between the two target levels became more pronounced. It has indeed been suggested 

that parametric training leads to steeper learning curves, as it engages participants in 

exploring more ways in which targeted regional activity can be self-regulated, hence 

accelerating the understanding of the self-regulatory process (Sorger et al., 2018).  

Another explanation of the differences in difficulty to achieve the two levels might lie 

in the session-specific determination of the ROI region and MaxPSC value. Although 

the refinement of the target region proved to be advantageous (see Supplementary 

materials), as a higher PSC appears to facilitate the accuracy of level regulation (Krause 

et al., 2017), that also meant that the finetuned details of each level’s strategy changed 

with each session. Reaching 60% perhaps required more adjustments to the strategy 

than for 90%, even if kept consistent over sessions. On the other hand, redefining 

MaxPSC could have caused undershooting for level 90% when participants kept the 

same strategies over sessions. As a result of the redefinition of the target region, the 

chosen voxels also covered a slightly different anatomical area. The shift could 

potentially make it difficult to use the same strategies as in previous sessions, as the 

new region was possibly not (as) involved in the chosen strategy. 
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Participants improve their performance prediction   

After each trial, participants were asked to evaluate their performance by providing a 

performance prediction for that trial. We found that although participants estimated 

their performance more accurately when they also performed better (i.e., their 

regulation performance more closely matched the actual target level), they did not 

necessarily rely solely on their self-monitoring. Crucially, participants’ performance 

predictions improved throughout training, although they remained closer to their 

previous performance than to the real achieved values in each trial. Nevertheless, the 

heuristics of previous performance are not sufficient to explain all improvements in 

prediction accuracy. 

Evaluating performance in the context of neurofeedback can be particularly difficult. 

In many studies of performance monitoring or metacognition, the object of evaluation 

is typically a form of exogenously evoked signal (e.g., as in confidence in visual 

perception) and is often accompanied by motor signals. People hence have access to 

several multi-sensory cues (sensory, motor, etc.) that can be integrated to inform their 

monitoring of performance (Filevich et al., 2019; Wokke et al., 2019). Because here 

the signal to be evaluated was self-generated, somatosensory afferents were absent or 

irrelevant. We speculate that this aspect inevitably led participants to use heuristics 

for their performance monitoring (Benwell et al., 2019; Schurger et al., 2017). As 

participants performed multiple trials, a heuristic for their estimates became their 

previous performance. We found that as participants’ predictions became more 

accurate with learning, the use of the heuristic diminished. Future studies could take 

advantage of using transfer runs or SHAM groups to investigate the effects of this 

heuristic on the performance prediction by not providing any feedback or incorrect 

feedback, respectively. 

Our conclusion is in agreement with Schurger and colleagues (2017), who found that 

with training participants learned to better evaluate their actions performed with 

EEG-based motor imagery task. They are also in line with previous EEG-based 

neurofeedback studies looking at self-discrimination of the alpha rhythm (Frederick, 

2012; Frederick et al., 2016; Kamiya, 1962). Here, using fMRI-NF, we further show 
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that the monitoring capacity can be achieved for mental actions targeting the self-

regulation of a circumscribed brain region. 

Confidence is not a reliable index of prediction 
accuracy 

Our results provide novel data on the relation between confidence and the accuracy of 

performance monitoring (i.e., confidence sensitivity). Previous studies looked at the 

capacity to discriminate or monitor mental actions, using only evaluations of 

performance. Here we included an additional judgement layer, the judgement of the 

quality of one’s own prediction accuracy, by which we aimed to measure the 

participants’ ability to differentiate between simple guessing and informed 

judgements. We found that, although not all performance predictions were equally 

accurate, confidence did not differentiate between the better and the worse ones.  

There are multiple ways in which confidence can relate to performance. A normative 

view is that confidence is a subjective probability and it is based on the probability that 

a choice that one made (e.g., such as a prediction in our case) was correct given the 

evidence (De Martino et al., 2013; Fleming et al., 2010; Meyniel et al., 2015; Pouget et 

al., 2016). But confidence can also be driven more directly by characteristics of the 

signal itself, such as its perceived uncertainty (Navajas et al., 2017) or the magnitude 

of sensory data (Kepecs and Mainen, 2012; Meyniel et al., 2015).  For an illustration 

based on our task, let us imagine a given signal that a participant generated in SMA, 

measured in real-time as a sample of BOLD percent signal change values with mean M 

and variance V. An ideal observer would respond, based on our instructions for the 

task, as close to M as possible on the objective scale, and give a confidence report that 

takes into account how close (accurate) they were in their prediction (e.g., higher 

confidence for smaller errors). But another could more simply give a confidence 

estimate that depends on the uncertainty (V) of the signal, such as its inverse (1/V for 

the confidence scale, confidence being inversely related to the variance; lower 

confidence for higher variance and vice versa).  

Other factors can also contribute to confidence. Here, MaxPSC was adjusted which 

caused an implicit adjustment of the target levels for each session; it is also unusual, if 
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not extraordinary, for participants to obtain the desired target level more than once, 

making the present neurofeedback task rather difficult. Overall task difficulty, for 

instance, is indeed an important contributor to confidence (Festinger, 1943) and also 

to participants’ perceived performance ranking in the group; difficult tasks tend to 

make good (or experienced) performers underestimate their performance and make 

bad performers overestimate it (Burson et al., 2006; Kruger & Dunning, 2009). On the 

other hand, tasks resulting in highest performance accuracy also resulted in the lowest 

confidence reports, with little difference in confidence between correct and incorrect 

answers (Stankov and Crawford, 1997). Taking these results into consideration, we 

would therefore expect that the participants who predicted their performance well 

would rate their confidence as rather low relative to their performance; the remaining 

participants would misjudge their performance more, but with more confidence than 

their performance would suggest. The convergence of the confidence reports with 

training seems to be in line with this theory, especially given the difficulty of the 

present task and the lack of confidence improvement even when provided with 

feedback.  

Future studies should look at how other factors affect confidence, such as difficulty, 

error rate in previous trials, expectancies about progress, and so on. In addition, 

rewarding participants for the accuracy of their confidence judgements (as in 

Carpenter et al., 2019) might help in achieving better confidence-performance 

correspondence.  

The tasks activate an extensive brain network 

As expected, the regulation to the two target levels resulted in the activation of the 

regions related to the task itself (i.e., SMA) and self-regulation in general (such as 

insula, DLPFC, basal ganglia, thalamus, ACC, and inferior and superior parietal regions 

(Emmert et al., 2016)).  

Both performance prediction and confidence self-evaluation time windows revealed 

clusters covering subcortical areas such as thalamus and basal ganglia, but also 

cortical areas, among others mid- and higher visual areas (cuneus, precuneus, 

superior parietal lobule), prefrontal regions (such as middle frontal gyrus), insular 
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cortex, and cerebellum. Our primary expectation was to observe areas from a 

frontoparietal network previously implicated for domain-general metacognitive 

tasks, primarily prefrontal areas which are anatomically at the top of the cognitive 

hierarchy (pMPFC, vMPFC, DLPFC) and also precuneus and insula. Here, we see 

involvement of several regions overlapping with the ones we expected, such as left and 

right insula, left precuneus and inferior and middle frontal gyrus, but also many more 

regions not predicted. One potential caveat about the contrast analysis for self-

evaluations is that we used the catch trials as a control, where the performance 

prediction was enforced (similar to Fleming et al., 2012b)). In our task, this included a 

relatively small number of control trials (n=18 catch trials vs. n=162 self-evaluation 

trials per participant) in order to keep the number of task-specific trials high.  

Another possibility for the extensive brain activation during the two self-evaluating 

tasks is that there is likely still some leftover activity from the regulation trials, given 

the very short rest periods in between the tasks (1-3s). Longer rest periods would 

indeed allow the brain activity to return to baseline but would also cause the trials to 

become much longer, which would inevitably result in less trials per session and 

therefore less training. The participants would also need to keep their perceived 

performance in their memory for a prolonged period of time in order to correctly self-

evaluate. During this time, it is possible, and indeed quite likely, that participants 

would think of their ratings in advance, therefore defeating the purpose of the longer 

rest period. Additionally, it is worth noting that self-monitoring and evaluating are a 

part of neurofeedback training itself and are therefore hard, if not impossible to 

extract. 

Potential limitations 

There are several potential limiting factors to the current study. First, there is a limited 

number of participants (n = 8), which in principle can result in lower statistical power 

to detect the hypothesized effects and higher sensitivity to outliers in the sample. 

Nevertheless, all of our analyses were performed within-participants over several 

training sessions and show consistent results across participants. We also note that 

the use of ultra-high field (7T) fMRI is associated with improvements in the signal-to-
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noise ratio (up to 200%–300% when compared to 3T), thus also increasing power for 

statistical sensitivity (Morris et al., 2018; Torrisi et al., 2018).  

Second, we were not able to measure muscular activity of the hand. Although 

movement was visually monitored during the initial training session outside of the 

scanner, it is still possible that participants relied (unconsciously) on sub-threshold 

muscular activity to perform self-regulation of the target region. Nevertheless, a 

previous study did not find that electro-myographical activation was driving motor 

imagery (Kasahara et al., 2015). Additionally, our region-of-interest selection already 

partly controlled for overt movement by selecting voxels that showed higher 

activation for mental imagery than finger tapping. 

In addition, albeit not a limitation of the study per se, the peripheral physiological 

parameters such as breathing and heart rate were acquired but not included in the 

analysis due to inconsistent data quality. Changes in these responses are associated 

with the magnitude of the BOLD response in the brain (Birn et al., 2008, 2006; 

Shmueli et al., 2007). Although none of the participants reported attentional focus to 

the body during self-regulation, some reported focusing on the breathing during rest 

periods and they could have used strategies of this kind (e.g., regulation of breathing) 

during the regulation periods implicitly. A previous study did indeed show slight 

differences in these physiological parameters with different intensities of imagery, 

although these were not statistically significant (Sorger et al., 2018).  

Finally, to control for the knowledge of previous performance on performance 

predictions, we used the running average of the five previous trials. This choice was 

made in order to allow for the running average to reflect shorter time-scale variations 

in performance. However, other heuristics could potentially be used by participants, 

such as whole-session performance average, or even more recent performance (e.g., 

previous trial effects). These could also be of interest in future studies.  

Conclusion 

Our results showed that participants’ performance predictions (before receiving the 

neurofeedback) improved throughout training, beyond what was explained by a 
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potential heuristic based on previous performance. However, the absolute levels of 

confidence did not change, and the trial-by-trial confidence did not differentiate 

between the better and worse predictions either, indicating a dissociation between 

factors leading to predictions of performance and confidence.  
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Supplementary materials 
Target region selection 

Target region coordinates per session and participant 

 

Table S3.1 

 Coordinates of target region selection per session and participant. 

Participant Session Talairach coordinates (center of gravity)  MaxPSC 

   x  y  z   

P2 S01 -6 -7 66  2.52 

 S02 -6 -9 65  1.98 

 S03 -6 -7 67  3.59 

P4 S01 -2 1 57  1.64 

 S02 -5 -5 54  1.91 

 S03 -5 -7 53  1.58 

P5 S01 0 -11 61  1.52 

 S02 -20 -10 48  2.24 

 S03 -22 -9 50  2.28 

P6 S01 -4 -26 70  2.76 

 S02 -4 -26 69  4.09 

 S03 -4 -28 68  2.14 

P7 S01 -10 4 53  1.53 

 S02 -9 5 56  1.42 

 S03 -9 5 51  3.17 

P8 S01 -8 3 50  1.77 

 S02 -5 2 49  2.01 

 S03 -11 5 45  2.29 

P9 S01 -9 12 60  1.91 

 S02 -7 13 58  2.25 

 S03 -5 9 58  2.84 

P11 S01 -5 -10 64  2.28 

 S02 -6 -10 69  2.18 

 S03 -7 -8 69  3.71 
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The implication of session-specific ROI selection 

The session-specific definition of the region-of-interest. Although not the main interest 

of the study, the effect of the ROI redefinition for each participant in each session was 

also investigated.  

In order to explore subject- and session-dependent region of interest (ROI) selection 

for neurofeedback and its potential effect on up-regulation performance in a motor 

imagery task, ROI time courses of each localizer run were extracted using MATLAB 

(R2018b, MathWorks, Natick, Massachusetts). To confirm that the potential 

differences cannot be attributed to merely a better selection of the region, the MaxPSC 

was calculated for each session-specific ROI in each session. The values of each ROI-

session combination were compared in 3x3 repeated measures ANOVA (3 ROIs and 3 

sessions) (SPSS24, IBM Corp.) to inspect the effect of individual ROI selection on 

participants’ performance. The performance was defined by the up-regulation of the 

ROI, therefore by the MaxPSC. Additionally, the Euclidean distances between the 

centers-of-gravity of the three session-specific ROIs were averaged across participants 

to determine spatial variability across sessions. 

To see if redefinition of the ROI for each participant in each session contributes to their 

regulation performance, the ROI-session combinations were compared based on their 

MaxPSC values (see figure S3.1). The average PSC seemed to increase over sessions, 

although this was not significant. Nevertheless, comparing the activation between 

sessions 1 (S01) and 3 (S03) within the selected region of session 3 (ROI S03) resulted 

in a close to significance activation increase (p = .054, Sidak corrected). Moreover, the 

MaxPSC was on average the highest for the session-specific ROI. The difference 

between the MaxPSC when comparing different ROIs became significant in session 3, 

where the ROI selected in the corresponding session (S03) showed a significanlty 

higher activation than the regions selexted in first session (S01, p < .01, Sidak 

corrected) or second session (S02, p < .05, Sidak corrected). All in all, the redefinition 

of the target region seems to be advantageous. 
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Figure S3.1. Overlap of the three regions of interest, plotted in 3D space for each participant. On the 
axes are coordinates in native space. Yellow color represents unique voxels of each session, and in 
orange and red the overlapping voxels of two or all three regions, respectively, are plotted. 

 

 

Figure S3.2. MaxPSC values for the combination of each session (S01 – S03) and region-of-interest. 
A significant difference in MaxPSC was observed in session 3 (S03), where the MaxPSC of the third 
session’s ROI (ROI S03, in yellow) was significantly higher than the MaxPSC of the other two sessions 

(ROI S01, in blue, and ROI S02, in orange). Comparing the first and last session’s MaxPSC in 
corresponding region-of-interest (ROI S03, yellow) also revealed a significant difference. Note: * 
p<.05, ** p<.01. 
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Taking into account the voxel size (2x2x2 mm) and comparing mean Euclidean 

distances between ROIs (7.04 mm between ROI S01 and ROI S03 and 3.83 mm 

between ROI S02 and ROI S03), regions still partially overlap (also see figure S3.2). 

Considering the overlap and the automatic selection of most significant voxels, there 

seems to be a spatial shift in activation, which seems beneficial for self-regulation 

learning (based on increase of MaxPSC). 

Time course of target region activation per participant 

 
Figure S3.3. Time course of target region activation (the percent signal change; PSC) during motor 
imagery to two different target levels in each session for each participant. The horizontal black 

dashed line (100%) represents the MaxPSC of the session as defined in the functional localize. The 
green dashed line (90%) represents the high Target Level (90% of the MaxPSC) and the orange 
dashed line (60%) represents the low Target Level (60% of MaxPSC). Each circle represents the mean 

for the timepoint, and colored ribbons represent a bootstrapped 95% confidence interval (CI) around 
the mean. Black filled dots indicate when the one-tailed t-test was significant. 
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Hypothesis testing: models and summaries 
 

 

Figure S3.4. List of all hypotheses and used formulae.  

 

List of all hypotheses

Hypothesis Formula

Neurofeedback self-regulation

A Session 1: Higher self-regulation for target level 90% than target level 60% (Intercept)-(Intercept+cond2) > 0

B Session 1: Overshoots self-regulation of target level 60% (Intercept) > 0

C Session 1: Undershoots self-regulation of target level 90% (Intercept+cond2) < 0

D Self-regulation for target level 60% improves across sessions (Intercept)-(Intercept+session3) > 0

E Self-regulation for target level 90% improves across sessions (Intercept+cond2)-(Intercept+cond2+session3:cond2) < 0

Performance predictions

F
Prediction error (for predicting one's achieved level) decreases across

sessions
(session3:referencepred_2_fb_abs)-(referencepred_2_fb_abs) < 0

G
Session 1: Predictions are closer to the prior than to the real achieved self-

regulation
(Intercept+referencepred_2_fb_abs)-(Intercept) > 0

H
Session 2: Predictions are closer to the prior than to the real achieved self-

regulation

(Intercept+referencepred_2_fb_abs+session2:referencepred_2_fb_abs)-

(Intercept+session2) > 0

I
Session 3: Predictions are closer to the prior than to the real achieved self-

regulation

(Intercept+referencepred_2_fb_abs+session3:referencepred_2_fb_abs)-

(Intercept+session3) > 0

J
Across sessions, prediction distance to real value decreases more than to

the prior
(referencepred_2_fb_abs+session3:referencepred_2_fb_abs)-(session3) > 0

Confidence

K Overall reported confidence increases (Intercept)-(Intercept+session3) < 0

L Session 1: Confidence can be predicted by prediction accuracy (pred_2_fb_abs) < 0

M Session 2: Confidence can be predicted by prediction accuracy (session2:pred_2_fb_abs) > 0

N Session 3: Confidence can be predicted by prediction accuracy (session2:pred_2_fb_abs) > 0

O Session 1: Confidence can be predicted by self-regulation accuracy (fb) > 0

P Session 2: Confidence can be predicted by self-regulation accuracy (session2:fb) < 0

Q Session 3: Confidence can be predicted by self-regulation accuracy (session3:fb) < 0
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Figure S3.5. Summaries of tested models.  

  

Characteristic

Self-regulation model Prediction error model Confidence model

Beta (95% CI)
1

Beta (95% CI)
1

Beta (95% CI)
1

(Intercept) 1.9 (1.0 to 2.7) 1.7 (1.3 to 2.2) 3.9 (2.7 to 5.1)

session

1 — — —

2 -0.57 (-1.2 to 0.09) -0.36 (-0.82 to 0.08) 0.15 (-1.0 to 1.3)

3 -1.3 (-2.2 to -0.42) -0.41 (-1.0 to 0.14) 0.17 (-0.78 to 1.1)

cond

1 —

2 -2.4 (-2.9 to -1.9)

id

session2:cond2 0.66 (-0.27 to 1.6)

session3:cond2 0.42 (-0.80 to 1.6)

session2:referencepred_2_fb_abs -0.16 (-0.62 to 0.31)

session3:referencepred_2_fb_abs -0.53 (-0.88 to -0.17)

session2:pred_2_fb_abs 0.06 (-0.08 to 0.19)

session3:pred_2_fb_abs 0.03 (-0.12 to 0.19)

reference

pred_2_prior_abs —

pred_2_fb_abs 1.1 (0.84 to 1.3)

pred_2_fb_abs -0.06 (-0.17 to 0.05)

fb 0.06 (0.00 to 0.13)

session * pred_2_fb_abs

2
*
fb -0.01 (-0.08 to 0.06)

3
*
fb -0.02 (-0.10 to 0.07)

Parameters: session (factor, levels = 1, 2, and 3) corresponds to fMRI sessions 1, 2 or 3. cond (factor, levels = 1 and 2) corresponds to target level 60% or 90% (coded as 1 and 2,

respectively). id (factor, levels = 1 to 8) corresponds to the individual identifier, used as a grouping variable for the varying parameters. reference (factor) corresponds to the reference

value used for calculating the prediction error, the absolute difference between the performance prediction and either the prior or the neurofeedback (coded as

referencepred_2_fb_abs and pred_2_fb_abs, respectively). pred_2_fb_abs (numeric) corresponds to the absolute difference between the prediction and the achieved neurofeedback

value. fb (numeric) corresponds the the achieved neurofeedback value. Note that not all parameters are included in all three models.

fb_2_target (numeric) corresponds to the difference between the achieved neurofeedback level and the target level. pred_error (numeric) corresponds the absolute difference

between the performance prediction and the achieved neurofeedback level. conf (numeric) corresponds to the reported confidence level.

1. Self-regulation model: fb_2_target ~ 1 + session * cond + (1 + session * cond | id)

2. Prediction error model: pred_error ~ session * reference + (1 + session * reference | id)

3. Confidence model: conf ~ session + pred_2_fb_abs + fb + pred_2_fb_abs:session + fb:session + (1 + session + pred_2_fb_abs + fb + pred_2_fb_abs:session + fb:session | id)

1

CI = Confidence Interval 
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Whole-brain fMRI analysis: resulting clusters 

Table S3.2  

fMRI results for contrasts Regulation (60% + 90%) > Baseline, Performance prediction > 

Performance prediction catch, and Confidence > Confidence catch. 

 For each significant cluster, the coordinates of the center of gravity are reported, as well as the size of 
it, and the regions included in the cluster.  

Contrast x y z Size Area 

Regulation ((Level 

60% + Level 90%) > 

rest) 

39 -36 40 1747 Right: supramarginal gyrus 

 29 1 13 10.299 Right: thalamus, basal ganglia, insula, inferior 

frontal gyrus, middle frontal gyrus 

 -14 -6 38 32.938 Bilateral: premotor areas, SMA 

 38 31 33 909 Right: dorsolateral prefrontal cortex 

 26 -54 -22 2.744 Right: cerebellum 

 21 -66 42 2.354 Right: superior parietal lobe, precuneus 

 -29 -56 42 6.205 Left: superior parietal lobe, precuneus 

 -22 -56 -24 936 Left: cerebellum 

 -41 29 25 561 Left: dorsolateral prefrontal cortex 

 -56 -30 27 709 Left: supramarginal gyrus 

      

Performance 

prediction > 

Performance 

prediction catch 

0 38 20 195.723 Bilateral: thalamus, subthalamic nucleus, 

substania nigra, red nucleus, putamen, medial 

and lateral globus pallidus, dentate, caudate, 

cerebellum, fusiform gyrus, parahippocampal 

gyrus, cingulate gyrus, cuneus, precuneus, 

middle and inferior occipital gyrus, superior 

and inferior parietal lobule, postcentral gyrus, 

paracentral lobe, precentral gyrus, inferior, 

superior and middle frontal gyrus, 

supramarginal gyrus, lingual gyrus, insula. 
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 39 31 31 4.659 Right: inferior and middle frontal gyrus, 

precentral frontal gyrus 

 11 -38 44 216 Right precuneus and right cingulate gyrus 

 1 38 30 2.197 Bilateral: cingulate gyrus and posterior 

cingulate 

 -34 38 30 1.212 Bilateral: Cerebellum (dentate, cerebellar 

lingual, culmen, declive, fastigium, nodule, 

pyramis, tuber, uvula), brain stem (pons, 

substrantia nigra, red nucleus, geniculum 

body, subthalamic nucleus), angular gyrus, 

caudate, cingulate gyrus, claustrum, cuneus, 

precuneus, corpus callosum, fusiform gyrus, 

inferior, medial, and superior frontal gyrus, 

inferior and middle occipital gyrus, inferior 

and superior parietal lobule, insula, lentiform 

nucleus (globus pallidus, putamen), lingual 

gyrus, middle temporal gyrus, paracentral 

lobule, parahippocampal gyrus, precentral 

gyrus, postcentral gyrus, posterior cingulate, 

supramarginal gyrus, thalamus (mammillary 

body, ventral lateral and ventral posterior 

medial, medial dorsal, ventral anterior, 

anterior nucleus, pulvinar, medial geniculum 

body); 

Right superior occipital gyrus; left superior 

temporal gyrus 

      

Confidence > 

Confidence catch 

28 -73 7 19.005 Right: Cerebellum (declive, culmen), cuneus, 

fusiform gyrus, inferior, middle, and superior 

occipital gyrus, lingual gyrus, middle temporal 

gyrus, precuneus, superior parietal lobule, 

supramarginal gyrus 

 41 -2 35 396 Right: middle frontal gyrus, precentral gyrus 

 42 11 13 236 Right: insula, precentral gyrus 

 32 22 9 264 Right: insula, inferior frontal gyrus 

 25 -8 52 695 Right: middle frontal gyrus, precentral gyrus 
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 20 -26 3 1.421 Right: thalamus (pulvinar), parahippocampal 

gyrus 

 10 3 5 108 Right caudate 

 1 -22 -8 2.458 Bilateral midbrain (substantia nigra, red 

nucleus, subthalamic nucleus, medial dorsal 

nucleus) 

 3 -63 -23 522 Cerebellum 

 -28 -77 -5 13.146 Left: cerebellum (culmen, declive, tuber, 

uvula), cuneus, fusiform gyrus, inferior and 

middle occipital gyrus, lingual gyrus, middle 

temporal gyrus, precuneus 

 -14 -22 11 111 Left thalamus (pulvinar, medial dorsal and 

lateral posterior nuclei) 

 -21 -27 -1 566 Left: lateral geniculum body, parahippocampal 

gyrus, thalamus (pulvinar) 

 -26 -60 42 1.370 Left: inferior parietal and superior lobule, 

precuneus 

 -27 -12 46 183 Left: middle frontal gyrus, precentral gyrus 

 

Parametric modulation 

To further explore the data, parametric effects of our two main self-evaluation 

conditions, the performance prediction and reports of confidence, were also 

investigated. The parametric weights were inserted on the corresponding scale from 

0 to 12 for performance prediction and 0 to 10 for confidence (0 being 50% and 10 

being 100% confidence). These values were normalized by subtracting the 

corresponding session’s average report. A fixed-effects general linear model including 

8 conditions (same as for self-evaluation conditions (see main text), but with the 

addition of either the parametric condition of performance prediction or confidence) 

was calculated for each participant separately. Z-transformed motion predictors were 

again included as confounds. An FDR-corrected t-map (q = 0.05) of the conjunction 

contrast of the main and parametric predictor (i.e., performance prediction or 
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confidence) was created for each participant and a probability map was generated for 

all 8 participants for each of the two conditions.  

Since the resulting two probability maps did not result in any surviving clusters when 

including at least 50% of the participants, we performed some further exploratory 

analyses. We first wanted to see if accuracy of prediction (prediction – neurofeedback) 

or the difference between the target level and prediction resulted in any parametric 

effects. Each difference was included as an additional regressor in a separate fixed-

effects general linear model using the timepoints of the performance prediction 

timeframe, following the same procedure as described above. These two probability 

maps also did not reveal any surviving clusters. 

Finally, as none of the previous analyses included surviving clusters, we again 

generated all four probability maps described above, but this time using a mask to 

decrease the number of multiple comparisons. The mask was based on a meta-

analysis of different metacognitive processes reported in 47 studies (Vaccaro & 

Fleming, 2018) and consisted of 8 spheres, each with the center in the peak coordinate 

reported in the meta-analysis (see figure S3.6 and table S3.3) and with a liberal radius 

of 10 voxels (~33.500 mm3).  

Results. In order to see if the performance predictions or confidence reports would be 

reflected in the strength of the brain activation, we also performed GLM using 

parametric weights for each individual subject. Four probabilistic maps, each 

including one additional parametric condition, were created with two different 

coverages: full-brain coverage or with a mask. The four additional conditions included 

either performance prediction, confidence reports, accuracy of prediction (i.e., 

prediction – neurofeedback), or error prediction (i.e., performance prediction – target 

level). None of the eight resulting probabilistic maps showed any parametric effects.  
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Figure S3.6. Regions included in the mask. Each of the spheres correspond to one cluster in Vaccaro 
& Fleming (2018); its center in positioned in the peak coordinate (see table S3.3).  

 

Table S3.3  

The regions and their central coordinate used to create a mask for GLM modelling.  

The central voxel coordinates are based on the peak coordinates reported in Vaccaro & Fleming 
(2018). Note that the region naming corresponds to the one in the original publication but might 
include neighboring regions in the present report due to the spherical nature of clusters. Note also 

that the original peak coordinates were reported in MNI space. Transformations from MNI to Tal 
coordinates needed for this study were performed using an online application from BioImage Suite, 
found here: https://bioimagesuiteweb.github.io/webapp/mni2tal.html. L = left; R = right. 

Cluster Central coordinate (TAL) Region 

 x y z  

1 -2 30 35 L/R posterior medial frontal cortex 

2 41 13 4 R insula/inferior frontal gyrus 

3 -48 23 27 L dorsolateral prefrontal cortex 

4 -35 24 -2 L insula/inferior frontal gyrus  

5 27 49 24 R anterior dorsolateral prefrontal cortex 

6 -2 39 -12 L/R ventromedial prefrontal cortex 

7 12 -62 48 R dorsal precuneus 

8 9 5 1 R ventral striatum 
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CRED-NF 
Table S3.4 

Consensus on the Reporting and Experimental Design of clinical and cognitive-behavioural 

Neurofeedback studies (CRED-nf) best practices checklist 2020. 

Darker shaded boxes represent Essential checklist items; lightly shaded boxes represent Encouraged 
checklist items.  

Domain Checklist item Reported 

Pre-experiment 

  
1a Pre-register experimental protocol and planned analyses x 

1b Justify sample size x 

Control groups 

  

2a Employ control group(s) or control condition(s) x 

2b 
When leveraging experimental designs where a double-blind is 

possible, use a double-blind 
n.a. 

2c 
Blind those who rate the outcomes, and when possible, the 

statisticians involved 
n.a. 

2d 
Examine to what extent participants and experimenters remain 

blinded 
n.a. 

2e 
In clinical efficacy studies, employ a standard-of-care intervention 

group as a benchmark for improvement 
n.a. 

Control measures 

  

3a Collect data on psychosocial factors x 

3b Report whether participants were provided with a strategy yes 

3c Report the strategies participants used Suppl. 

3d 
Report methods used for online-data processing and artifact 

correction 
yes 

3e Report condition and group effects for artifacts x 

Feedback specifications 

  

4a Report how the online-feature extraction was defined yes 

4b Report and justify the reinforcement schedule yes 

4c Report the feedback modality and content yes 
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4d 
Collect and report all brain activity variable(s) and/or contrasts used 

for feedback, as displayed to experimental participants 
yes 

4e Report the hardware and software used yes 

Outcome measures 

Brain 5a 
Report neurofeedback regulation success based on the feedback 

signal 
yes 

  5b 

Plot within-session and between-session regulation blocks of 

feedback variable(s), as well as pre-to-post resting baselines or 

contrasts 

yes, except 

within-session 

  5c 

Statistically compare the experimental condition/group to the 

control condition(s)/group(s) (not only each group to baseline 

measures) 

n.a. 

Behaviour 6a 
Include measures of clinical or behavioural significance, defined a 

priori, and describe whether they were reached 
yes 

  6b 
Run correlational analyses between regulation success and 

behavioural outcomes 
yes 

Data storage   

  7a 

Upload all materials, analysis scripts, code, and raw data used for 

analyses, as well as final values, to an open access data repository, 

when feasible 

yes 
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Reported strategies  
Table S3.5 

Reported number of strategy changes per session for each participant and level combination. 

Participant Level Session 1 Session 2 Session 3 

P02 
 

\ \ \ 

P04 6 2 2 1 
 

9 2 2 3 

P05 6 7 2 0 
 

9 3 3 0 

P06 6 2 0 0 
 

9 3 0 0 

P07 6 2 0 0 
 

9 2 0 0 

P08 6 4 0 0 
 

9 4 0 0 

P09 6 3 0 3 
 

9 3 0 2 

P11 6 0 0 0 
 

9 0 0 0 

Total count (N) 
    

Both levels 
 

37 9 9 

Level 6 
 

20 4 4 

Level 9 
 

17 5 5 

Mean (SD) 
    

Both levels 
 

2.64 (1.67) 0.64 (1.04) 0.64 (1.11) 

Level 6 
 

2.86 (2.03) 0.57 (0.90) 0.57 (1.05) 

Level 9 
 

2.43 (1.18) 0.71 (1.16) 0.71 (1.16) 
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Participant 02 

Data not available 

Participant 04 

Session 1 

 

Text on figures: 6: Drew a spiral pattern for waves. Started with pencil that changed to brush. 9: Heavy brush. Drew 

a crude house. Always white. 

Session 2 

 

Comments: If I slowed down to reduce the score, I had to try too hard, which increased the score (i.e., 

neurofeedback). For one trial I inverted the drawings, drawing 6 during 9 and 9 during 6, then I switched back.  

Session 3 

 

Comments: No major changes. I altered the method of drawing during level 9 at random, changing the sequence. 
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Participant 05 

Session 1 

 

Text on figures: 6: Sometimes slower, sometimes ‘vaguer”. 9: strategy depended on previous feedback (pressing 

harder, concentrating more or less) 

Comments: / (distracted by the scanner noise, more difficult to focus than during training outside of the scanner) 

Session 2 

 

Text on figures: 6: + let other thoughts in 

Session 3 

 

Text on figures: 6: drawing in slower pace than for 9. 9: pushing harder on my “mental pen”, focusing as hard as I 

can. 
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Participant 06 

Session 1 

 

Text on figures: 6: slow brush strokes. 9: large, fast, rough lines. 

Session 2 

 

Text on figures: 6: slow brush strokes, small wrist movement. 9: fast, rough, hard strokes. 

Session 3 

 

Text on figures: 6: slow brush strokes, from the wrist. 9: large, fast, rough strokes from the forearm.  
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Participant 07 

Session 1 

 

Text on figures: 6: I really tried to imagine me drawing it with my hand. I tried to draw a bit more slowly. 9: I tried 

to draw faster, add more details and draw more deliberate.  

Comments: I tried to really imagine drawing with my hand. 

Session 2 

 

Comments: I noticed imagining my hand drawing increased neurofeedback score a lot. I omitted the imagined 

hand this time. I also tried to remain more bodily calm (no little twitches). 

Session 3 

 

 

Text on figures: 6: I drew more slowly, but experimented with adding/removing details. 9: I drew almost as fast as 

possible, adding as many details as possible within the time.  

Comments: I imagined drawing without visualizing a hand drawing.  
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Participant 08 

Session 1 

(the participant mainly provided only descriptions due to the detailed nature of the drawings, which they did not 

feel capable of drawing in real life) 

 

Text on figures: 6: Architecture drawings of a beach house in Los Angeles included outlines of details. Played 

around with speed of drawing.  9: More detailed that 6, such as interior beams and other architecture details; 

furniture, landscape (beach, palm trees, people, etc.). Did speed up drawing.  

Session 2 

6: Same as before, architecture drawings of a beach house in Los Angeles included outlines of details, strategies 

used were speed and depth in detail. Mostly played with details in this session. 

9: More detail oriented, more interior, textures, lightning, etc.; also more landscape and location of environment 

(including smell and feel of the ocean). 

Session 3 

6: Imagined drawing a beach house in Los Angeles and walking through it while drawing. Speed and details were 

factors. Not as fast as 9 and details were more structural, general.  

9: compared to 6, details were more prominent (textures, colors, etc.). on occasion sped up drawing, but mostly  

reverted to details. When neurofeedback seemed low, attempted to incorporate some senses to boost the level.  

Comments: for maximum activation used senses (smell of salt water, feeling of the ocean breeze, sunlight, etc.) and 

details of the environment.  

 

 

  



Chapter 3 

 168 

Participant 09 

Session 1 

 

Text on figures: 6: A simplified tree.  

Comments: I varied the speed of my drawing too, so that the house was faster and more details could be drawn 

within that timeframe. Similarly, the tree drawing was slow. 

Session 2 

 

Comments: I drew faster for level 9 and tried to make more shadows for the house. For level 6 I drew slower, 

simpler.  

Session 3 

 

Text on figures: 6 first I was drawing a more complex house but not “clearly” so not that close. Then I stared drawing 

the more simple house again. But in the end I drew the tree like in previous sessions. 9: I drew the small house in a 

clear way and more close to me. Then I started again to draw the more complex house with shadows.  

Comments: Imagining drawing more “far away” helped for level 6, and for level 9 I drew more close by. I also dried 

to draw smaller lines for level 6, but that didn’t really matter. 
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Participant 11 

Session 1 – 3 

 

Session 3 comments: The only change was that I tried to be relaxed for rest steps.  
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Abstract 
The positive effects of fMRI neurofeedback have already been demonstrated across 

different tasks, brain regions, and clinical populations. Yet, its precise mechanisms are 

still not fully understood. To explore the topographical and laminar activation 

differences between two different tasks within the same region, four participants were 

asked to regulate their SMA activity by performing motor imagery and mental 

calculation to two different activation levels. Participants could successfully 

upregulate their SMA activity during each task/level combination and two out of four 

participants also achieved significantly different level activations for both tasks. 

Interestingly, motor imagery activated more caudal part of SMA, whereas mental 

calculation engaged the rostral part. On the laminar level, both tasks more strongly 

activated the superficial layers with no clear laminar differentiation between them. 

The present results therefore show that each of the two tasks recruits a different 

subregion of SMA, but they do not activate different layer compartments in the same 

cortical region. The two tasks thus do not seem suited for self-regulation of different 

layers within the same region of interest. 
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Introduction 
Neurofeedback is a brain-training method that helps participants learn how to self-

regulate their brain activity in a selected region (or connectivity between two regions) 

with a purpose of improving a region-related task performance or clinical deficit. 

Various studies demonstrated the feasibility of fMRI neurofeedback training by 

showing regulation improvement in either maximum activation strength (Al-Wasity 

et al., 2021; DeCharms et al., 2005; Ramot et al., 2017; Subramanian et al., 2016) or 

strength refinement (i.e., activation-percentage- or level-based targets) (Krause et al., 

2017; Sorger et al., 2016; Sousa et al., 2017), with related functional connectivity 

changes (Paret et al., 2016; Scharnowski et al., 2014; Xie et al., 2015), and diverse 

clinical benefits (for an overview see (Tursic et al., 2020)). Although much attention 

has been given to the success of self-regulation and its benefits, the underlying 

mechanisms of neurofeedback training and self-regulation success have been 

researched to a lesser extent (for an overview see (Sitaram et al., 2017)). Recent meta-

analyses for example determined a network related to self-regulation (Emmert et al., 

2016) and examined whether training success can be predicted based on pretraining 

(e.g., localizer) brain activation (Haugg et al., 2020); other studies explored which 

brain regions are related to the accuracy of regulation (Skottnik et al., 2019), how 

participants self-monitor during regulation (Muñoz-Moldes et al., 2021), and what are 

the effects of different strategies on regulation success (Schulz et al., 2019).  

Imagery and laminar responses 

One aspect that has not been studied yet is the contribution of different cortical layers 

to the neurofeedback signal. Some theories on laminar neurofeedback profiles can be 

formed based on the studies investigating laminar responses to different types of 

mental imagery. Mental imagery is a popular task used in neurofeedback training due 

to its lack of overt actions and a wide variety of potential strategies available to the 

participants.  

A recent study investigating visual imagery in V1 for example revealed that deep 

layers carry enough information for successful decoding of imagery, whereas 
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superficial layers allow decoding of perceptual information, such as illusions 

(Bergmann et al., 2019). Although V1 receives feedback connections both to upper 

and deep layers, the upper layers receive most of the long-distance connections with 

distant regions (Markov & Kennedy, 2013) which would aid in forming imagery.  

Another type of imagery is motor imagery. Motor imagery is a task in which mental 

representations of images, movements and associated sensations are generated 

without external observations or actions. It is a predominant task in neurofeedback 

training (Sepulveda et al., 2016) and it has, importantly, already been used in laminar-

based research. A recent study revealed a clear response to actual and imagined finger 

tapping in the superficial layers of primary motor cortex (M1). Using vascular-space-

occupancy (VASO) sequence (but not gradient-echo EPI BOLD sequence) also revealed 

a response to actual tapping, but not imagery, in deeper layers (Persichetti et al., 2020). 

Cortico-cortical connections involved in sensorimotor integration and assumed to be 

involved in motor imagery, terminate in the superficial layers of M1 (Mao et al., 2011).  

These two examples show that a similar top-down process such as imagery activates 

different cortical layers depending on the target region. The laminar structure and 

related connectivity of the target region therefore play an important role in 

determining the contributing layers. 

Supplementary motor area (SMA) 

Although primary motor cortex has been used in neurofeedback training (Chiew et al., 

2012; Liew et al., 2016), supplementary motor area (SMA) tends to better predict 

imagined movement than M1 (Park et al., 2015) and is therefore a preferred, more 

commonly targeted region for neurofeedback training (Buyukturkoglu et al., 2013; 

Hampson et al., 2011; Mehler et al., 2019; Papoutsi, Magerkurth, et al., 2018; 

Papoutsi, Weiskopf, et al., 2018; Subramanian et al., 2011, 2016).  

SMA is historically considered to be a motor-related area (for an overview see (Nachev 

et al., 2008)), particularly involved in the sequential aspect of performing a motor task 

(Akkal et al., 2002), especially when the sequence information is to be kept in memory 

(Halsband et al., 1994; Mushiake et al., 1990). In the recent years, however, a growing 
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number of studies also reported the involvement of SMA in other cognitive tasks, 

unrelated to motor preparation or execution. These tasks involved everything from 

music and language processing, memory, spatial and temporal processing, to 

numerical and arithmetic processing (for an overview see (Cona & Semenza, 2017)), 

which lead the researchers to propose that SMA might actually be involved in more 

general processing of different sequences, which are not necessarily motor-specific 

(Cona & Semenza, 2017).  

Cytoarchitecture and connectivity of SMA 

Although SMA’s laminar recruitment during any task performance has not been 

investigated yet, we do know about its laminar structure and connections with other 

brain regions due to various postmortem studies of human and monkey brains. The 

cytoarchitecture of human SMA is homologous to F3 of the macaque monkey 

(Luppino & Rizzolatti, 2000). Monkey and human data show that SMA is an agranular 

and poorly laminated area with a fusion of the dense bottom part of layer III and a 

dense layer Va, therefore sharing a similar structure to M1, but with denser parts of 

layers III and Va (Luppino et al., 1993; Matelli & Luppino, 1991; Ruan et al., 2018). 

Interestingly, however, a study performed in mice discovered layer IV-like cells in 

primary motor cortex (Yamawaki et al., 2014), so it is possible that human M1 (and 

potentially also SMA) could produce layer IV-like responses regardless of visibly 

missing traditionally defined layer IV. Given the similar structure of M1 and SMA, 

some hypotheses regarding laminar recruitment can be made. Specifically, top-down 

tasks such as motor imagery could be predicted to engage superficial layers of SMA. 

Importantly, SMA can be separated into a few subregions, which share connections 

with different brain areas. Perhaps the most important two subregions are SMA-

proper (homologous to monkey F3), located in the caudal part of the region, and pre-

SMA (homologous to monkey F6), positioned in the rostral part of SMA (Luppino & 

Rizzolatti, 2000; Schwartze et al., 2012). SMA-proper is for example strongly 

connected with M1, posterior premotor, and cingulate areas such as the neighboring 

24d, but also superior parietal lobule and insula (Luppino et al., 1993). It is also 

connected with middle and superior temporal areas, and subcortically, to thalamus 
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and epithalamus (Zhang et al., 2012) and has direct connections to the spinal cord 

(Luppino & Rizzolatti, 2000). Pre-SMA on the other hand shares rich connections 

with anterior premotor cortex, dorsolateral prefrontal cortex, and the outmost part of 

anterior cingulate cortex (24c), which is not connected with SMA-proper (Luppino et 

al., 1993). The anterior part of pre-SMA is also connected to temporal-parietal 

junction, inferior parietal cortices, inferior temporal cortex and caudate, whereas 

posterior part of pre-SMA shares connections with putamen, pallidum and 

subthalamic nucleus (Zhang et al., 2012). Pre-SMA is however not directly connected 

to M1 or spinal cord (Luppino & Rizzolatti, 2000).  

They can also be differentiated based on their task-related involvement. Pre-SMA has 

been associated with more complex, learning, cognitive and perceptual processes 

(Ruan et al., 2018), and cannot directly control movement (Luppino & Rizzolatti, 

2000), whereas SMA-proper seems to be engaged in sensorimotor, temporal and 

sequential processing (Schwartze et al., 2012). This means that different tasks 

therefore engage different parts of what is traditionally considered to be one area, and 

potentially even layers of SMA depending on the task-related network.  

Aim 

The main goal of the present pilot study was to investigate the laminar responses in 

SMA while receiving neurofeedback. Given the wide variety of tasks associated with 

SMA activity, the participants were asked to regulate their SMA activity by performing 

a motor-related and motor-unrelated task, namely motor imagery and mental 

calculation. Both tasks have been shown to activate SMA. The aim was therefore to 

confirm that participants can regulate their brain activity using these two tasks and to 

see whether the two tasks could be differentiated on the laminar level in potentially 

co-activated sub-regions. Furthermore, the participants were asked to gradually 

regulate their brain activity (i.e., to two distinct levels of activation). We therefore also 

investigated whether participants could indeed differentiate between different levels 

for each of the tasks and if yes, whether this differentiation could also be detected on 

the laminar level.  
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This pilot study therefore not only aimed to discover more about the neurofeedback 

training effects on SMA and its laminar responses but also to shed some light on the 

functioning of SMA as a region. Finally, the pilot study aims to provide a foundation 

for future real-time studies with individual laminae-based neurofeedback.  

Methods 
Participants 

Four participants (average age = 26 years, two male) with prior scanner and 

neurofeedback experience were recruited from Maastricht University for the purpose 

of this study. All the participants were right-handed, with normal or corrected-to-

normal vision and without any history of previous psychiatric or neurological 

disorders. They all provided an informed consent and received financial 

compensation.  

General procedure 

The general procedure was in conformity with the Declaration of Helsinki and 

received an approval by the local ethical committee (Ethics Review Committee 

Psychology and Neuroscience) at Maastricht University. Each participant completed 

two sessions within 7 days; the first, training session, was performed outside of the 

scanner and therefore did not include any neurofeedback. The second, fMRI session, 

included neurofeedback. Both sessions required the participants to perform two tasks: 

motor imagery and mental calculation (figure 4.1). Furthermore, the regulation 

periods required reaching different levels of activity; maximum activity during the 

localizer run, and reaching 60% or 90% of the maximum activity during the 

neurofeedback runs.   

The first session served as a training session outside of the scanner, during which the 

participants became familiarized with the stimulation presentation and duration, and 

the tasks. During the simulation of the localizer run and two to three neurofeedback 

runs, the participants also had a chance to consider and practice different strategies 
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potentially suited to reach different levels of brain activity. At the end of the session, 

the participants reported their chosen strategies for the scanning session. 

The second session was a two-hour fMRI neurofeedback session during which an 

anatomical and six functional scans were acquired. Each functional run comprised 16 

task trials, each lasting 17s (17 volumes during the localizer) or approximately 19s (8 

volumes during the neurofeedback runs), separated by equally long rest periods. The 

first functional run was the localizer run; half of the trials requested the participants to 

perform motor imagery and the other half mental calculation, in a pseudo-random 

order. The participants were required to perform both tasks to their maximum ability. 

This run was used to determine the region of interest and the neurofeedback-specific 

parameters. The following five neurofeedback runs included 16 trials of motor 

imagery and mental calculation, split into two regulation intensities (namely level 6 

(60% of localizer/maximum activity) and level 9 (90% of localizer/maximum 

activity)). The trials were pseudo-randomized so that each level and task combination 

was performed four times per run. 

During motor imagery, the participants were asked to imagine drawing with their 

right hand and avoid any actual movements or muscle tension. They were free to 

choose their intensity-regulation strategy but were given some examples of how to 

achieve different levels. Among others, these included changing the speed of imagery 

or the details of the imagined drawings, but also regulating kinesthetic properties, 

such as the imagined engagement of the muscles or the imagined pressure of the pen 

on the paper. They were asked to pick their preferred strategy for each intensity during 

the training session and to not switch to a different strategy during the fMRI session, 

but they could change the intensity of the strategy to achieve the required level. 

Additionally, they were instructed to keep their eyes open and perform the task until 

the rest period was announced. 
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Figure 4.1. Study design. A) Participants completed two sessions: one training session outside of the 

scanner with no provided neurofeedback and one inside the 7T scanner. Each session started with 
one localizer run and three or five regulation runs, respectively. B) Localizer run. Participants were 
asked to perform either motor imagery (initiated with a spoken word “draw”; the target level indicated 

with green triangles) or mental calculation (initiated with a spoken word “calculate”; the target level 
indicated with blue triangles) to their maximum ability. C) Neurofeedback runs. Participants were 
asked to regulate their brain activity by performing either motor imagery (initiated with a spoken 

word “draw”) or mental calculation (initiated with a spoken word “calculated; not shown) to the 
indicated level (6 or 9, presented with color-coded triangles (same as in B)). Note that the same 
stimuli were shown during the training session, except for the updated neurofeedback display.   
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During mental calculation, the participants were asked to perform addition and 

subtraction calculations of their own choice, and avoid any (mouth) movement, such 

as mouthing the numbers or humming. Here too, the participants were free to choose 

their strategy of achieving different levels of activation but were provided with some 

examples. They were suggested to vary the “size” of the starting number and the 

number they added or subtracted; larger numbers should in theory be harder to 

calculate with than smaller (e.g., continuously subtracting 7 starting from 374 should 

in theory be more difficult than adding 5 to the initial value of 12). Another suggestion 

was also to alter the speed of calculations. They were again asked to select their 

preferred strategy during the training session and keep it consistent during the fMRI 

session. They were advised to vary at least the initial number to ensure that they 

indeed performed mental calculation during all the trials and did not rely on memory. 

Additionally, they were instructed to keep their eyes open and perform the task until 

the rest period was announced. 

Stimulation and feedback presentation 

Stimuli were presented using the Expyriment package (version 0.10.0) for Python 

(version 2.7) (Krause & Lindemann, 2014). During each functional run, a 

thermometer with ten levels (rectangles) was presented. During the rest periods, 

which were announced with a spoken word “rest” through the earbuds, the 

thermometer remained empty, and a red triangle was presented at the bottom of the 

thermometer on each side to indicate that the participants should relax and not 

increase their regional activity. The motor imagery was announced with a spoken 

word “draw” and the two triangles changed color into green and appeared at the target 

region. Similarly, the mental calculation task was announced by a spoken work 

“calculate” and by triangles turning blue and moving to the target level. The target 

level was indicated at the very top of the thermometer during the localizer run, 

indicating that the participants should maximize their brain activity using the given 

task. During the neurofeedback runs, the two triangles were either positioned at level 

6 (60% of maximal activity achieved during the localizer run for the individual task) 

or at level 9 (90% of maximal activity achieved during the localizer run for the 
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individual task), indicating the target level. The participants received neurofeedback 

information during the task trials of the fMRI neurofeedback runs; this was projected 

in light gray by filling in the number of levels (rectangles) corresponding to their 

achieved brain activity, starting from the bottom of the thermometer (figure 4.1c). The 

neurofeedback information was first projected with the first acquired volume of the 

first task trial and was continuously updated with each acquired data point until the 

end of the run, including during rest periods.  

Data acquisition 

(f)MR images were recorded using a Siemens Magnetom 7T MR scanner with a 32-

channel head coil (Nova Medical Inc., Wilmington, MA, USA). Anatomical data were 

acquired using a T1-weighted magnetization prepared rapid acquisition gradient echo 

sequence (MP2RAGE; 256 sagittal slices, voxel size = 0.7 × 0.7 × 0.7 mm3). The 

functional images of the localizer run were obtained using a gradient echo (T2* 

weighted) echo-planar imaging (EPI) sequence with the following parameters: echo 

time (TE) = 21ms, repetition time (TR) = 1000ms, multiband factor = 3, flip angle = 

60°, matrix = 112 x 112, number of slices = 60, voxel size = 2 × 2 × 2 mm3. The field of 

view (224 x 224) provided almost whole-brain coverage. Finally, the functional 

images of the neurofeedback run covered the SMA and some of the neighboring 

regions and were acquired using a 3D EPI sequence with the following parameters: 

echo time (TE) = 18ms, repetition time (TR) = 2376ms, multiband factor = 3, flip angle 

= 14°, matrix = 186 x 186, number of slices = 40, voxel size = 0.8 x 0.8 x 0.8mm3, field 

of view = 148 x 148. The sequence used for the localizer run differed from the 

neurofeedback runs in order to obtain the whole-brain coverage of task-relevant 

information. 

The acquired physiological data included pulse and respiration information. Pulse 

data was monitored using a peripheral pulse unit (PPU) by Siemens. This included a 

transmitter unit, a fiber-optic sensor and a finger adapter attached to the participant's 

left index finger. Respiration was measured with a respiratory cushion placed on the 

upper abdomen of the participant and secured with a belt. The cushion was connected 

to a physiologic ECG and respiratory unit (PERU) by Siemens with a pressure hose.  
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Online analysis 

Online preprocessing 

MR images were reconstructed on the acquisition computer and exported to a real-

time processing-dedicated computer in real time using direct transmission control 

protocol / internet protocol (TCP/IP) connections. The images were then preprocessed 

with Turbo-BrainVoyager (version 4.2, Brain Innovation B.V., Maastricht, the 

Netherlands). The anatomical data were resampled to 1mm3 isovoxel and 

reconstructed in native space. The first functional volume of each run was aligned to 

the anatomy. Consecutive volumes were 3D motion corrected to the first volume of 

the corresponding run using sinc interpolation. Motion and linear and non-linear drift 

trends were incorporated in the design matrix as confound predictors and removed 

from the data in real time. Finally, the stimulation was presented on a different 

computer, which received the information from the real-time processing computer 

through the network using a direct TCP/IP connection.  

Target region selection 

The target region for neurofeedback runs was defined for each participant using a 

combination of expert knowledge and the general linear model (GLM) results of the 

functional localizer run. Both conditions (motor imagery and mental calculation) 

were contrasted against baseline using a threshold of t > 3.0. Within an area that 

anatomically corresponded to SMA based on expert knowledge, a sphere with a 10-

voxel radius was used to determine a cluster as the region of interest. The final target 

region consisted of active contiguous voxels and showed similar level of activity for 

both tasks to enable similar difficulty of the two tasks.  

Calculation of neurofeedback 

Neurofeedback was individualized by determining a task-specific maximum percent 

signal change (maxPSC) based on the localizer run performance. MaxPSC was 

estimated for each task separately based on the graphically provided task-specific 

average PSC and event-related averaging plot within TBV and rounded to 0.25.  
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Each PSC value was then used for neurofeedback calculation within the time frame of 

the corresponding task. Within rest periods, consisting of 8 volumes (Volall) the first 

three time points (Volskip) acquired after each trial used the same PSC for 

neurofeedback presentation as during the previous task trial (MaxPSCprev). The other 

five rest condition time points used a stepwise transition approach into the PSC of the 

next condition (MaxPSCnext), with the accurate PSC value of the next condition starting 

with the first acquired volume of the condition (see equation 1). Concretely, each of 

the last five time points (when Volcurr is larger than Volskip) therefore used a MaxPSC of 

the previous trial (MaxPSCprev) and accumulatively added a sixth (Volall - Volskip) of a 

difference between the MaxPSC of the previous and next trial (MaxPSCprev – 

MaxPSCnext) with each volume to get the MaxPSC for the current volume (MaxPSCcurr). 

(1)  

if7Vol4566 >	Vol789:<:	 

MaxPSC4566 = MaxPSC:6;< + 7Vol4566 − Vol789:< ∗ 	
MaxPSC=;>? −MaxPSC4566

Vol@AA − Vol789:
	 

(2)  

Neurofeedback = 	
AcqPSC
MaxPSC 	x	10 

The feedback was calculated by dividing the acquired PSC (AcqPSC) by the maxPSC of 

the corresponding time point and multiplied by 10 (equation 2). Note that the 

acquired PSC information resulted from the detrended data, so no normalization (e.g., 

comparison to preceding baseline time points) was needed. Values below 0 or above 

10 were clipped to 0 and 10, respectively, in order to correctly fill in the ten-level 

thermometer.  

Offline analysis 

Neurofeedback performance 

Statistical tests in this section were performed with Python (v3.8.5), using Numpy 

(v1.19.2), Pandas (v1.1.3) and Pingouin (v0.3.12). Visualizations were created using 

matplotlib.pyplot (v3.3.2) and seaborn (v0.11.0) packages for Python.  
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To investigate the differences between the two levels of the two tasks, feedback values 

were first averaged for each trial: the first three data points were discarded, so only the 

feedback values of the last 5 volumes of the regulation time window were averaged. A 

2x2 repeated measures ANOVA was performed using the trial-specific averaged 

values of all 4 participants and including task (motor imagery and mental calculation) 

and level (6 and 9) as within factors.  

To evaluate single subject performance, paired t-tests were performed for each 

participant. The first t-test followed the results of ANOVA (described above) and tested 

whether each participant obtained a higher average feedback score for level 9 

compared to level 6. The other two t-tests compared level 6 and level 9 for each of the 

two tasks separately. All t-tests were one-sided (assuming that level 9 feedback would 

be higher than feedback of level 6) and were FDR-corrected for multiple comparisons.  

Non-laminar offline preprocessing of the full slab 

The offline preprocessing was performed using BrainVoyager (version 22.0, Brain 

Innovation B.V., The Netherlands). Anatomical data were corrected for 

inhomogeneities and down-sampled to a resolution of 1x1x1mm.   

Functional data of the regulation runs were preprocessed using a standard six-

dimensional motion correction including rotations and translations and aligning all 

the consecutive volumes to the first volume of each run. The data was then corrected 

for echo planar imaging (EPI) distortions using an additional run acquired with an 

inverted phase encoding direction and the COPE plugin for distortion correction in 

BrainVoyager (Breman et al., 2020). The temporal high-pass filtering with four cycles 

per time course was performed next, followed by correcting the data for physiological 

noise by using RETROICOR regressors (Glover et al., 2000). The data were then down-

sampled to a standard 2x2x2mm resolution.  

Offline fMRI analysis 

A fixed-effects general linear model (GLM) including the four regulation conditions 

was fitted to each participant’s data, including z-transformed motion predictors. Two 

nuisance predictors were also included, namely the heart rate (HR) predictor 
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convolved with the cardiac response function (CRF (Chang et al., 2009)) and the 

respiratory volume per time (RVT) convolved with the respiratory response function 

(RRF (Birn et al., 2008)).  

Then, a VOI-based GLM was calculated to see if participants could up-regulate their 

brain activity in each condition. For each participant the condition-related activity 

was compared to baseline and t-values were reported. 

Next, four t-maps were created with different contrasts for each participant. The first 

included activation related to the regulation and therefore contrasted all four 

conditions against baseline. The next two maps each contained activation related to 

each of the two tasks: the first map contrasted motor imagery of level 9 and level 6 

against baseline and the other contrasted level 9 and level 6 of mental calculation 

against baseline. The fourth map compared the two tasks by contrasting both levels (6 

and 9) of motor imagery against both levels of mental calculation. The resulting maps 

were FDR-corrected (q = 0.05) for multiple comparisons.  

Laminar-specific analysis  

As a part of this pilot study, data of a single, exemplary participant (P01) were also 

analyzed on a laminar level to explore potential laminar task differentiation.  

The un-preprocessed anatomical data in the acquired resolution (0.7mm isotropic) 

was automatically segmented using a deep neural network (Tiramisu architecture 

(Schneider & Goebel, 2020)) that produced probability maps for 8 tissue types. White 

and grey matter voxels were extracted at voxels with the highest respective tissue 

probability values. To prepare partitioning the segmented cortical voxels into depth 

compartments, a cortical thickness analysis was performed. Using equi-volume layer 

modeling, four cortex-depth grids were sampled around the reference point that was 

positioned in the center of the neurofeedback-target region-of-interest resulting in 

three (“upper”, “middle”, and “lower”) layer compartments (for details of the analysis 

procedure see (Kemper et al., 2018)). The stratified cortical region together with 

overlaid contrast maps was converted into a flattened volume that represents the 

extent of the cortex along two axes wile depth information is represented along the 

third axis (see figures 4.6 and 4.7). A winner map was generated to reveal which of the 
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two tasks resulted in stronger activation in each voxel to see if a task-related laminar-

specific pattern could be observed.  

Results 
Neurofeedback performance 

Individual results. When comparing each task (motor imagery and mental calculation) 

and level (6 and 9) combination, all participants could up-regulate their region-of-

interest brain activity significantly above baseline (table 4.1). 

Comparing the two levels across tasks, three out of four participants managed to (on 

average) receive a significantly higher neurofeedback values for level 9 than for level 

6. While performing motor imagery, two participants achieved significantly higher 

values for level 9 compared to level 6. The same two participants achieved the same 

also for motor calculation. All the individual results are summarized in tables 4.2 and 

4.3 and plotted on figure 4.2.  

Table 4.1 

Region-of-interest general linear model (GLM) results.  

The presented results a t-values for each task (motor imagery = MI; mental calculation = MC) and 

level (6 and 9) combination of each participant compared to baseline.  

[t] P02 P03 P04 P05 

MI6 12.789 7.703 15.804 12.378 

MI9 17.140 9.046 18.133 15.038 

MC6 15.437 16.464 20.925 14.625 

MC9 16.363 17.990 24.140 18.318 

Note. All p < .001. 

Group results. On average (based on 72 trials per condition), participants reached a 

neurofeedback value of 4.62 (SD = 1.95) for level 6 and 5.99 (SD = 2.18) for level 9 

during the motor imagery task. For the mental calculation task, they reached on 
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average 5.27 (SD = 2.01) for level 6 and 6.32 (SD = 2.11) for level 9 (see table 4.1 and 

figure 4.1).  

A 2x2 repeated measures ANOVA with task and level as within factors revealed a 

significant effect of the level (F(1,3) = 17.316, MS = 5.764, P = 0.025, η2
P = 0.852), 

meaning that participants achieved significantly different levels of brain activation for 

the two levels (6 and 9). Neither the task (F(1,3) = 1.808, MS = 1.611, P = 0.271, η2
P = 

0.376) nor the task x level interaction (F(1,3) = 0.868, MS = 0.071, P = 0.420, η2
P = 

0.224) were significant.  

Table 4.2 

Individual and group mean and standard deviation of reached neurofeedback values for each task 

(motor imagery = MI; mental calculation = MC) and level (6 and 9) combination. 

  MI6  MI9  MC6  MC9 

  µ SD  µ SD  µ SD  µ SD 

P01  4.85 1.88  5.83 1.95  6.70 1.38  7.90 1.93 

P02  2.93 1.60  4.09 1.79  3.46 1.43  4.86 1.75 

P03  5.46 1.68  7.75 1.44  5.91 1.50  7.45 1.52 

P04  5.33 1.56  6.23 1.77  5.57 2.12  5.70 1.90 

Group  4.62 1.95  5.99 2.18  5.27 2.01  6.32 2.11 

 

Table 4.3 

 Individual comparison (paired t-test) of PSC values for the two target levels.  

For each participant, overall level 6 and level 9 are compared, as well for each task separately (MI = 
motor imagery; MC = mental calculation). 

 Level 6 < Level 9  MI6 < MI9  MC6 < MC9 

 T p (FDR)  T p (FDR)  T p (FDR) 

P01 -2.131 0.034*  -1.441 0.089  -1.967 0.056 

P02 -3.195 0.004*  -1.977 0.031*  -2.501 0.016* 

P03 -5.563 <0.001*  -4.268 <0.001*  -3.592 <0.001* 

P04 -1.131 0.199  -1.564 0.199  -0.183 0.428 
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Figure 4.2. Group neurofeedback results. For each task (motor imagery and mental calculation) and 

each level (level 6 in green and level 9 in orange) a mean is presented with a white dot inside a boxplot. 
The boxplot is surrounded by a probability distribution representation. Note that the probability 

distribution exceeds the possible neurofeedback values.  

 

Figure 4.3. Individual neurofeedback results. For each participant (columns), neurofeedback 
performance is presented for each task (motor imagery is presented in the top row and mental 
calculation in the bottom row). The two target levels are represented in columns and colors (green = 

level 6 and orange = level 9). 
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Figure 4.4. Task-related activity and region of interest per participant. All figures represent the 
neurofeedback target region (in purple) and overlapping and surrounding activation. The left column 

presents both tasks (motor imagery and mental calculation) contrasted against baseline. The right 
column represents motor imagery (warm shades) contrasted against mental calculation (blue 

shades); the results suggest that motor imagery recruits caudal part of SMA, whereas mental 
calculation seems to engage more rostral part. Note that all figures are FDR-corrected and q<.05. 



Layer-specific activity during fMRI neurofeedback training of SMA 

 191 

Task-related activation 

The general regulation network (motor imagery and mental calculation vs. rest) 

resulted in active clusters covering SMA, but also parts of pre-SMA, premotor cortex, 

DLPFC, M1, precuneus, posterior and superior parietal cortex (figure 4.4). 

Task specific contrasts (motor imagery vs. rest and mental calculation vs. rest) and the 

task contrast (motor imagery vs. mental calculation) revealed that the two tasks 

indeed activated a very similar network of the same regions mentioned above, but 

with some key differences. The clusters including and surrounding the region-of-

interest show that mental calculation recruited more rostral areas of SMA compared 

to the more caudal areas engaged in motor imagery. Similarly, small spatial 

differences between the two tasks were observed also in other regions of the network, 

but with less consistency. 

Laminar activation 

Submillimeter analysis at 0.8mm isotropic resolution of the exemplary participant 

(P01) further confirmed the task-related activation results; motor imagery and mental 

calculation indeed showed a task-specific recruitment of subregions (figure 4.5 and 

4.7). The winner map (figure 4.7) revealed a clear topographical preference for one of 

the two tasks, with mental calculation resulting in stronger activation (compared to 

motor imagery) in more rostral parts of the target ROI and motor imagery resulting in 

stronger activation of the more caudal areas (compared to mental calculation).  

When investigating laminar-specific effects, the two tasks more strongly activated the 

superficial layers (figure 4.6) compared to other depths. While this could indicate that 

both tasks preferentially activate superficial layers, this effect is expected for EPI BOLD 

data. No clear laminar differentiation was observed between the two tasks when 

looking at the tasks individually. Using a winner map, a similar trend was observed, 

meaning that the dominating task of the corresponding subregion also dominated 

across the cortical depths. The rare voxels where the winning task differentiated based 

on the cortical depth were found at transition zones between task-dominated clusters 

without a systematic pattern.  
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While the detailed reported results include the data of a single participant (P01), 

similar trends were observed also in other participants. 

 
Figure 4.5. SMA activation during motor imagery (in cyan) and mental calculation (in green). (A) 

Activity of the two tasks overlaid on an axial slice running through the target ROI (yellow rectangle). 
(B) Activity of the two tasks overlaid on a volume-rendered view of a part of the medial wall covering 
the target ROI (as indicated by the yellow rectangle in A). 

 
Figure 4.6. Activity for motor imagery (top, in cyan) and mental calculation (bottom, in green) 

visualized as flattened cortical depth volumes. In each plot, two axes run along the cortex and one 
axis represents the depth from the GM-CSF border to the GM-WM border. The plots on the right show 
depth profiles along the selected slices (black rectangles). The depth profiles show that the activity 

strength increases from deep layers (GM-WM border) towards the GM-CSF border, as expected for EPI 
BOLD data. 
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Figure 4.7. Winner map visualized as a flattened cortical depth volume. The figure shows voxels 

where activation during motor imagery was stronger than during mental calculation in cyan and 
voxels where the activation was stronger during mental calculation compared to motor imagery in 
green. The winner map revealed that larger, cohesive sub-regions were dominated by activity of one 

of the two tasks. While there are regions where the winner map changes along the depth (see white 
cross indicating the same location across views), such locations occur mainly at the transition zones 
between the sub-regions dominated by one of the tasks.  

Discussion 
The precise mechanisms of fMRI neurofeedback are still not fully understood. To 

explore how different tasks affect the same region, participants were asked to regulate 

their SMA activity by performing motor imagery and mental calculation to two 

different activation levels. Then, regulation, topographical and laminar activation 

differences were examined. Participants could successfully upregulate their SMA 

activity during each task/level combination with a clear topographical organization: 

motor imagery activated more caudal part of SMA, whereas mental calculation 

engaged the rostral part. On the laminar level, the activation of both tasks increased 

towards the superficial layers, but they did not co-activate in the same sub-clusters 

and, thus, no clear laminar differentiation between the tasks could be observed. The 

present results therefore show that each of the two tasks recruits different subregions 

of SMA, and, although they can be used individually to target superficial layers, they 

cannot be used to train different layers within the same region of interest in potential 

laminar-specific neurofeedback studies.  
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Regulation success 

All participants successfully upregulated their brain activity for each task/level 

combination compared to baseline. Although the group results consisted only of four 

participants, a significant difference was found for the factor level, meaning that the 

participants achieved significantly higher average neurofeedback values for level 9 

compared to level 6. This result was driven by two participants, as shown by the 

individual analysis. The other two participants did not achieve significant differences, 

but they did show a similar trend.  

One important question was whether a difference between the two tasks would be 

observed in terms of regulation success given that the tasks were quite different, but 

the feedback for both was provided from the same region of interest. The region was 

determined by selecting a cluster that was strongly and similarly involved in the two 

tasks in order to make the regulation equally challenging for the participants. Region 

of interest was therefore chosen based on similar PSCs of the two tasks, since this 

should allow the participants to have a similar range (i.e., each neurofeedback value 

would represent a similar activity strength). A large range (i.e., higher PSC) has been 

shown to be beneficial during regulation (Krause et al., 2017), which should in turn 

make the two tasks similarly difficult. Although the determined maxPSC was always 

somewhat higher for mental calculation than for motor imagery, the present results 

indeed confirm that participants were equally successful in regulating to different 

levels in both tasks within the selected region.  

Although all participants could successfully upregulate, post-hoc analysis revealed 

that, on average, participants consistently undershot for all tasks and levels. This is 

surprising, considering that the maxPSC was set based on their localizer performance. 

It could be due to the averaging of neurofeedback values in the selected time window, 

since they might have not peaked yet in the third volume (approximately 7 seconds 

after the trial onset), or they later adjusted their performance based on received 

feedback and reached the target level during just one or two time points. Indeed, while 

inspecting the neurofeedback values per volume (time point), participants further 

increased their activity in the final volumes.  
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Another option is that the selected maxPSC was simply too high. Although it was 

determined based on each participant’s performance during the localizer run, it could 

be that the participants got tired and could no longer perform with the same intensity 

and/or focus. Indeed, we accounted for fatigue in Chapter 3 by selecting the third 

quartile of their average maximum performance, but we did not account for it here, 

although fatigue is an unlikely cause since the undershooting was not observed to be 

stronger in later runs.  

Alternatively, the selected region and/or strategies could alter the results. Perhaps the 

participants activated a slightly different cluster when using different strategies 

during the neurofeedback run compared to the localizer run. Given that they all 

reported to use a relatively similar strategy for level 9 as they did during the localizer 

run, this however seems unlikely. If this was the case, we would expect to see 

undershooting only for level 6.  

Finally, the choice of the display and the target levels could have played a role in the 

undershooting by not giving the participants a lot of “wiggle room” above the target 

levels, specifically above target level 9. Indeed, there were only 10 levels, meaning that 

filling in just one extra “field” completely filled in the thermometer, offering little 

room for the activation strength interpretation beyond only assessing that it was too 

high compared to the target level. Perhaps the participants therefore tried to avoid 

overshooting, causing them to stay slightly below the levels and therefore 

undershooting on average. In this case, including additional levels (e.g., 12 in total, as 

in Chapter 3) might help the participants to better understand the signal and how 

much (or little) adjustment their strategies needed to achieve the target level. 

The above-mentioned options remain highly speculative and should be addressed in 

future studies. 

Task-related spatial differences 

Although only one region of interest was selected for both tasks, confirming that the 

two tasks do have overlapping activation and can both be used for regulation training 

with neurofeedback, investigating the whole acquired brain slab revealed some task-
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specific activation differences. Specifically, motor imagery recruited more rostral 

parts of SMA, more specifically also known as SMA-proper, whereas caudal parts, or 

pre-SMA, were engaged in mental calculation. This is in line with the already known 

functions of these two subregions, with SMA-proper being associated with 

sensorimotor tasks, such as motor imagery (Schwartze et al., 2012). Pre-SMA, on the 

other hand, cannot directly control movement as it has no direct connection with M1 

(Luppino & Rizzolatti, 2000), so it is less likely to be involved in motor imagery. It has, 

however, been shown to be involved in more complex cognitive tasks (Ruan et al., 

2018), with mental calculation being one of them (Klein et al., 2013). 

Laminar responses 

Given the success of up-regulation to two different tasks and even differential 

activation to two different levels in at least some participants, it was possible to also 

investigate potential laminar-specific responses to the two tasks. Both tasks showed a 

clear activation gradient from deep to superficial layers. It is likely that this is to a large 

extent an effect of the used gradient echo EPI sequence, which is known for its 

susceptibility to large draining veins (Huang et al., 2021; Yu et al., 2019). Further 

analysis and replication studies with other sequences would be needed to tease apart 

EPI effects from neuronally-specific laminar effects. A stronger activity in the 

superficial layers would be in line with the results of a recent study (Persichetti et al., 

2020) investigating the laminar effects of finger tapping and finger imagery within 

M1. The same study further investigated the effects using a different scanning 

sequence, VASO, which revealed additional effects in the deep layers, but only for the 

finger tapping task. The largely lacking activation in other laminar depths of the 

present study is perhaps not surprising given that both tasks consisted of imagery 

rather than overt (motor) execution and given the close similarity between SMA and 

M1 cytoarchitecture (Luppino et al., 1993; Matelli & Luppino, 1991; Ruan et al., 

2018).  

One of the aims of the present study was also to investigate whether we could use these 

two tasks to provide laminar-specific neurofeedback. Although both tasks showed a 

clear preference for the superficial layers and providing laminar-specific 
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neurofeedback would therefore be possible, the subregions of the selected region of 

interest show clear domination by an individual task. Using the current setup to target 

different networks by activating different layers within the same voxels of SMA is 

therefore not a viable option.  

Furthermore, the present study opted for an analysis pipeline that was relatively 

simple and as automated as possible to see what a real-time pipeline focusing on 

regulating a specific lamina could include and what kind of results it could provide. 

Using more complex tools that would perhaps provide more information about the 

results was therefore not planned. Additional analysis would nevertheless be needed 

to confirm the existing results and further investigate the effects of the two tasks. 

Among other questions, the data of the two participants who achieved significantly 

different neurofeedback values for the two target levels should be investigated to see 

if the activation strength difference can be observed on the laminar level. Other tasks 

and/or regions should also be investigated to form a more general overview of 

laminar-specific fMRI neurofeedback applications.  

Limitations 

This study’s tasks were chosen because they should not involve any voluntary external 

movement and should therefore include only covert performance. The participants 

were specifically instructed to avoid any kind of muscle tension or voluntary moves, 

but it was not strictly monitored if they indeed refrained from doing so. The 

participants could perhaps tense muscles while performing motor imagery. Similarly, 

they could hum words or use lips while performing mental calculation. In the future 

studies, hand muscle activity could be monitored using electromyography (EMG) 

during the motor imagery task. During the mental calculation task, monitoring of the 

mouthing could be performed with a camera, and humming could perhaps be 

monitoring by inspecting breathing patterns.  

Finally, the activation associated with either regulation task is currently 

undistinguishable from receiving, processing, or using the neurofeedback 

information. In future studies, transfer runs without neurofeedback could be used to 
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differentiate between the trials where neurofeedback information was used to guide 

regulation and the trials where it was not.  

Conclusion 

The present study confirms that participants can successfully upregulate SMA by 

performing motor imagery and mental calculation. Furthermore, it shows that the 

two tasks both activate superficial layers, but of distinct parts of SMA, meaning that 

they do not co-activate in the same subregions and can, thus, not be used to target 

different laminae. Future studies can nevertheless use either task to attempt, for the 

first time, to provide laminar-based neurofeedback in real time.  
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Summary 
In the past 20 years, fMRI neurofeedback has become a widely researched method of 

voluntarily altering region-specific brain activation. It has been shown that it can lead 

to both diverse cognitive improvement in healthy participants, as well as to clinical 

improvement in patients with various disorders. Especially the potential of 

neurofeedback to become a future clinical treatment option for different disorders has 

recently gained a lot of interest. Given that clinical neurofeedback is a relatively novel 

method, with a limited, albeit quickly growing body of evidence, the extent and quality 

of the benefits are not clear. Furthermore, the mechanisms leading to these benefits 

remain unclear. The present dissertation therefore aimed at capturing the existing 

proof of clinical benefits and effects and at expanding the knowledge and 

understanding of the neurofeedback mechanisms.  

Chapter 2 explores the currently reported clinical benefits of fMRI neurofeedback 

training, with a specific focus on the quality of reporting and effect size estimation. 

The knowledge gained from this chapter provides evidence of the positive (medium-

sized) effects on clinical symptoms across various disorders, but also highlights some 

much-needed improvement in reporting of the methods and results. Current reports 

use small groups, often lack important comparisons with control groups, and do not 

investigate the essential relation between regulation success and symptom 

improvement. It is also important to note that the studies reported in chapter 2 

include various disorders and different designs, making it difficult to draw specific 

conclusions regarding the effects in individual disorders.    

Chapter 3 focuses on exploring neurofeedback mechanisms with respect to self-

awareness. To better understand how neurofeedback information is processed and 

used for regulation improvement, participants were asked to perform motor imagery 

to two intensity levels across three sessions. Their regulation accuracy and changes 

across sessions were examined. Additionally, participants estimated their achieved 

activation and reported their confidence into their performance prediction after each 

trial. Participants seemed to have used neurofeedback information for regulation 
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improvement, meaning that they more accurately reached the goal target activation 

with training. They also became better at estimating their performance. Interestingly, 

they did not seem to become more confident about their predictions even when they 

were correct. Chapter 3 therefore contributes an important insight into the process of 

regulation learning, mainly showing that participants who are better at regulating, 

also seem to be better at predicting their performance but without concomitant 

increase in confidence. 

Chapter 4 also investigates the underlying mechanisms of neurofeedback, but this 

time on the laminar level. Participants were asked to perform motor imagery and 

mental calculation to two intensity levels, while receiving continuous neurofeedback 

information from SMA. All four participants could up-regulate successfully, with two 

participants reaching significantly different levels of activation. Laminar analysis 

revealed that both tasks activated SMA with a similar activation pattern, showing an 

increased activity towards superficial layers, but with a clear topological 

differentiation; motor imagery showed a preference for caudal and mental calculation 

for rostral parts of SMA. This has important implications for future laminar-based 

neurofeedback studies, showing that, although the two tasks are associated with 

different neural networks, they cannot be used to target different layers within the 

same region.  

Taking these results together, the present dissertation contributes to the field of 

neurofeedback by providing an overview of the currently available evidence of 

neurofeedback effectiveness for clinical applications. Furthermore, it adds important 

insights into the mechanisms of neurofeedback, which illuminate how participants 

use neurofeedback information for regulation learning and how the regulation is 

processed within sub-regions of the selected target area (SMA), including on the 

laminar level.  
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General discussion  
Clear and complete reporting is essential 

Besides the existing evidence of clinical effects associated with neurofeedback 

training, which has been thoroughly discussed in chapter 2, the same chapter also 

aimed at raising awareness and encouraging more clear and standardized reporting of 

performed studies and corresponding results.  

The field of fMRI neurofeedback is growing, with new studies published every month. 

The main challenges, however, are the fragmentation and the lack of standardization. 

Neurofeedback can be used for various applications and the exact mechanisms and 

the best approaches to get optimal results are still unknown. Narrowing the 

methodology and design too much would have detrimental consequences for the 

field. It is therefore important to strive for clear reporting to allow work replication, 

but also result comparison. One of perhaps the easiest ways is to follow a checklist 

such as CRED-NF (Ros et al., 2020), presented and used in Chapter 2, to ensure that the 

most basic information is provided. Clear and complete reporting should also be 

promoted by the reviewers and journals. Given that certain journals still limit the 

length of the manuscripts, which makes ensuring completeness difficult, researchers 

could surpass these limitations by providing a more detailed description in 

supplementary materials.  

Metacognition and neurofeedback in healthy 
participants 

One of the key elements of neurofeedback training is the provided information about 

regulation success and, consequently, how the participant uses this information. In 

theory, the participant should use the provided neurofeedback information to 

associate their subjective “feeling” of their performance with the provided calculated 

value. Over several trials, this newly learned association should allow the participant 

to better estimate their current activation in relation to the target, and adapt the 

activation, if necessary. Close monitoring of own performance and potential 
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adaptation of regulation strategies should lead to better, more accurate regulation. 

Finally, this should move the feedback information closer to the target. Chapter 3 

indeed shows this trend; participants not only improved their regulation accuracy, but 

also became better at estimating their performance.  

One potential concern however is the lack of confidence improvement, which might 

impact the performance when no neurofeedback is provided. It is unclear why the 

confidence did not increase as prediction accuracy did, but rather converged to a 

similar value over trials and participants. Indeed, participants started with a larger 

range of confidence reports, with some being highly confident in their initial 

performance and some not at all. This can be perhaps attributed to different 

personalities, given that none of the participants had any prior neurofeedback 

experience. Later, with training and more experience, their reports clustered around 

a similar medium confidence value. This might indicate that their confidence 

stabilized with experience but could not grow further due to the challenging nature of 

the task. It is possible that the participants simply did not train for long enough to grow 

more confident. Perhaps they did not yet feel that their performance was consistent 

enough. On the other hand, it is also possible that the used measure was simply not 

optimal as it did not allow for small changes. Although a scale between “guess” and 

“totally sure” seems relatively intuitive, it did include a limited number of potential 

answers between 50% and 100%, increasing in steps of 5%. If the slider was more 

liberal and perhaps even without provided values between the two extremes, the 

subtle differences could perhaps be detected. On the other hand, it is worth 

considering if such small differences really are informative. These theories are highly 

speculative and would require further investigation to truly understand how 

confidence relates to neurofeedback training.  

Some of the unanswered questions related to self-evaluation and confidence could 

perhaps be answered by a control group. The participants of this second group could 

perform the tasks without any feedback or with SHAM feedback. Both could indicate 

whether participants still improve their regulation, self-evaluation, and confidence 

when no (true) neurofeedback is provided. 
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While the study in chapter 3 did not include a control group, some fNIRS and 

behavioral data were collected for the participants during a separate session outside 

the scanner before the main scanning sessions. These data were not analyzed due to 

technical problems during the acquisition, but they closely followed the structure of 

the neurofeedback runs, apart from providing neurofeedback. The behavioral data 

would therefore be informative to see how the reports changed once the participants 

started receiving neurofeedback and could perhaps provide an important insight into 

initial confidence changes. 

Metacognition and clinical populations 

Encouraging results of chapter 3, related to the improved regulation and performance 

prediction, have important implications for future clinical applications, mainly in the 

scope of transfer effects. Strategies that proved to be useful in the scanner during 

neurofeedback training could be used by the patients in their daily lives. A good 

example for this is a study by MacDuffie and colleagues (MacDuffie et al., 2018) who 

provided neurofeedback to patients enrolled in cognitive-behavioral therapy. Patients 

used their therapy strategies to see the effects on their brain activity. This could be a 

great way to train patients in the future, with their strategies being tested and 

strengthened in the scanner and later used daily, but only if the patients show that 

they can self-evaluate the quality of the task performance outside of the scanner and 

therefore without feedback. Lack of confidence improvement throughout training 

could however prove to be a large challenge in an environment without 

neurofeedback.  

Another point to consider is the potential difference between healthy participants 

used in chapter 3 and clinical populations. It has been suggested that metacognitive 

processes are affected in various mental disorders (David et al., 2012; Dimaggio & 

Lysaker, 2015). Consequently, various metacognitive interventions are piquing 

interest as potential addition to standard treatments (Philipp et al., 2020). 

Metacognitive deficits are, for example, notably apparent in schizophrenia and 

psychosis (David et al., 2012). They are particularly problematic, since they often 

interfere with the prescribed treatment and can even prevent recovery, and should 
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therefore be explicitly addressed (Cella et al., 2015; Lysaker et al., 2019). This example 

illustrates the importance of not assuming the neurofeedback training success in 

healthy populations would directly translate to (all) clinical populations. On the other 

hand, it has been shown that clinical populations have, just like healthy participants, 

performers and non-performers and their (lack of) success could not necessarily be 

related to their symptoms. Investigating metacognitive awareness during 

neurofeedback training in clinical populations, if done carefully and systematically, 

could therefore not only teach us about neurofeedback training success and symptom 

improvement in a particular population, but also about the deficits and traits of that 

population that could potentially aid other types of therapy.  

Laminar-based neurofeedback in healthy 
participants 
Chapter 4 hoped to answer quite a few questions. By using two different tasks within 

the same region, it shed some light on how SMA works and how different tasks are 

processed. For the first time, laminar-specific effects were investigated both within 

SMA, but also while providing neurofeedback information. Finally, the results enabled 

us to see if laminar-based studies would even be feasible in the future.  

Chapter 4 showed that using motor imagery and mental calculation cannot be used 

within the same region to regulate different laminar depths, since both tasks mainly 

activated the superficial layers, but in distinct sub-regions of SMA. On the other hand, 

using just one of the two tasks could be used for laminar-specific neurofeedback. More 

research is necessary to evaluate whether other tasks and brain areas are better 

candidates for laminar neurofeedback.  

In practice, laminar-based neurofeedback means that neurofeedback information 

comes from a specific layer in a certain (sub-)region rather than a general region. It 

would provide a chance to specifically target a particular part of the task-related 

network and therefore offer a more precise influence on other regions through 

(directed) connectivity. Specifically, this would mean that if we were to alter region B 

by targeting region A, and the A’s input connections in region B would originate from 

the deeper layers of region A, it would make sense to target these deep layers with 
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neurofeedback training. In many regions “bottom-up” input targets middle layers 

while “top-down” activity targets superficial and deep layers. In laminar fMRI, 

exploiting the structure of these canonical microcircuits could potentially be used in 

the future to train directed interactions, i.e., from area A to area B vs from area B to 

area A. 

Clinical considerations of laminar-based 
neurofeedback 

The initial pilot studies testing the performance in a laminar-based neurofeedback 

setting would most likely be performed in healthy individuals. Even if proven 

successful, some caution is advised when applying the same methods to clinical 

applications, given the potential cortical differences between healthy and clinical 

populations. For example, fMRI cortical thickness analysis revealed laminar thinning 

in ADHD observed in the dorsal attention network (and some other regions) 

(Hoekzema et al., 2012). A recent postmortem study showed that the density and 

diameter of myelinated axons in orbitofrontal cortex was significantly reduced in 

individuals with autism across all layers, but specifically in deep layers, when 

compared to healthy individuals (Liu et al., 2020). Cytoarchitectural abnormalities of 

the entorhinal cortex have also been observed in schizophrenia, such as poorer 

lamination, neuronal misplacement and abnormal orientation of pyramidal cells in 

deeper layers (Arnold et al., 1991). A more recent in-vivo study in patients with 

schizophrenia also observed cortical thinning in supragranular (i.e., above layer IV) 

layers (Wagstyl et al., 2016). These examples highlight the importance of 

understanding each disorder’s influence on the brain structure and connections – 

these might not be equivalent to the ones observed in the healthy population and the 

results and potential benefits might therefore differ substantially.  

Practical considerations of laminar-based 
neurofeedback  

Finally, one of the questions associated with the pilot study presented in chapter 4 was 

to see if future studies could actually provide laminar-based neurofeedback in real 

time. Such a study would demand an advanced setup far exceeding the already 
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complex setup of neurofeedback studies. In the case of chapter 4, which involved a fast 

and reliable connection between the scanner, acquisition PC, analysis PC, and 

stimulation PC, additional functions would need to be included. Region of interest 

would not only need to be determined, but also segmented before the first functional 

run and layers would need to be defined. One way to bypass this would be to use 

preprocessed data from a previous session and automatically align it to the data of the 

current session. The analysis software would also need to be able to process 

submillimeter data (anatomical data in Turbo-BrainVoyager, for example, needed to 

be up-sampled to 1mm3 isotropic in chapter 4).  

Special attention would need to be given to motion. Although the data are motion-

corrected in real time, providing feedback from only one layer would make the region-

of-interest far thinner. Movement could very easily cause that the signal would no 

longer come from the predetermined region. This could prove to be challenging in 

patient populations or any other participant not used to lie extremely still in an ultra-

high field scanner for a prolonged period of time.  

Another area to explore would also be the optimal imaging technique. Gradient echo 

sequences, although providing good sensitivity, are associated with a superficial layer 

bias driven by the pial veins, meaning that the measured BOLD signal is stronger in 

the superficial layers irrespective of the task (Huang et al., 2021; Yu et al., 2019). The 

bias needs to be addressed and corrected to decrease the signal noise used for 

neurofeedback, which is another potential challenge for the real-time analysis. Other 

sequences, such as vascular space occupancy (VASO) sequence could therefore be 

used instead. VASO in particular provides less sensitivity, but good specificity, since it 

is less susceptible to the veins close to the pial surface (Huber et al., 2015; Yu et al., 

2019). It has been shown to provide good results on the laminar level (Finn et al., 

2019; Huber et al., 2017, 2020), but has a major drawback when addressing 

neurofeedback applications: the acquisition time is once to twice longer, making the 

refresh rate of the neurofeedback information (when equal to TR) much slower (Huber 

et al., 2017) and therefore providing significantly less data in a single session. The 

VASO sequence would thus be best suited for intermittant feedback integrating 

laminar activation results across the time points of a neurofeedback block. 
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This hopefully illustrates the complexity of setting up a neurofeedback study 

providing laminar-specific information and the potential obstacles before laminar 

neurofeedback can become a reality. It is also essential to note that the results of 

chapter 4 do not necessarily translate to other regions. Imagery tasks in SMA 

produced strong response from superficial layers and similar has also been shown for 

M1 (Persichetti et al., 2020); V1 on the other hand showed that imagery can be 

decoded from deep layers (Bergmann et al., 2019). Different task and region 

combinations therefore require individual studies in the future.  

Conclusion  

The present dissertation provides new important insights to expand the current 

knowledge of the fMRI neurofeedback field. It focuses on clinical effects and 

discovering the fundamental principles of neurofeedback. In the second chapter, the 

current evidence of the association between regulation learning and improvement of 

clinical symptoms is examined and confirmed. The underlying mechanisms 

supporting neurofeedback are explored in chapters 3 and 4. Chapter 3 explores to 

what extent participants are aware of their performance during neurofeedback 

training by looking into the relationship between self-regulation and self-evaluation 

of performance. Chapter 4 focuses on the source of neurofeedback signal on a smaller 

(i.e., sub-millimeter) brain scale than previously shown. It explores laminar effects 

and contributions to the neurofeedback signal to see if laminar-based neurofeedback 

could be possible in the future.  

Implicitly, the knowledge gathered in the dissertation also helps building the 

foundation of understanding why certain participants perform better than others, and 

how design, strategies, or even the source of neurofeedback signal could be improved. 

These questions need to be answered if we one day want to see fMRI neurofeedback as 

a potential standard clinical treatment tool.   
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Knowledge valorization 
Introduction 

Science has always, directly or indirectly, impacted society. Discovering fundamental 

agriculture techniques helped the nomadic tribes settle down and form first villages. 

The engineers of the Roman aqueducts discovered a way to provide fresh water to 

cities and towns. In only a couple of centuries, electricity and medicine improved 

people’s lives in countless ways. Importantly, these developments did not happen 

with one single experiment and were often discovered by pure coincidence. Small 

discoveries aided the development of the various scientific fields by being the base for 

other discoveries, which eventually meaningfully impacted society.  

The present thesis can be seen in a similar way. The knowledge presented here, but 

also communicated through scientific articles and presented at various scientific 

conferences, is first and foremost informative for other fMRI neurofeedback 

researchers. Its main purpose is to contribute new insights to the pre-existing general 

knowledge of the field and aid understanding and further investigations.  

Main objectives and results 

In chapter 2, the existing evidence of clinical benefits was presented after 

summarizing all fMRI neurofeedback studies in clinical populations published before 

November 2019. The results of the studies were in general encouraging. Multiple 

studies not only showed that participants could use neurofeedback to learn how to 

regulate their brain activity, but also reported corresponding clinical symptom 

improvements. Furthermore, none of the studies showed negative, adverse effects. 

Some clear limitations were nevertheless found. Neurofeedback effects have already 

been investigated in a wide variety of clinical applications, but the number of studies 

per disorder was scarce and the presented studies usually included just a handful of 

participants, which is too little to show robust effects. Larger, well-controlled studies 

are therefore needed to replicate and confirm the results of these smaller, often 

piloting studies. 
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Results across different studies and applications from chapter 2 varied, with certain 

disorders (such as depression) showing more evidence and stronger effects than 

others. This could be due to the limited number of studies and recruited participants, 

but also due to the inconsistent impact in individual participants regardless of the 

disorder. Indeed, one of the main questions in the field is why neurofeedback training 

seems to work so well in some participants, but not at all in others. Chapter 3 therefore 

addresses one of the potential factors that might influence performance: self-

awareness. Neurofeedback performance was combined with reports of self-evaluated 

performance predictions and prediction confidence. The results showed that 

participants do become better at regulating their brain activity and estimating their 

performance through neurofeedback training, but they do not become more 

confident in their predictions. We also showed that the participants who were better 

at predicting their performance also tended to perform better during the regulation 

task. This implies that self-awareness, monitoring and altering of their performance 

during the task leads to better performance, which is an important addition to the 

general understanding of how neurofeedback information is processed and used 

during regulation. Expanding this research in the future could also help predict which 

participants or patients might respond well to neurofeedback training, therefore 

providing an essential information for real-life clinical applications that is currently 

lacking. 

Finally, chapter 4 explored how the brain regulates the activity in a certain region 

depending on a task. Participants were asked to perform motor imagery and mental 

calculation while receiving neurofeedback information from supplementary motor 

area (SMA). Although the two tasks engage different networks of brain regions, they 

both activated the superficial layers of the selected region, but with clear topological 

preference. The results provide first insights into the source of neurofeedback 

information within SMA, but also shed some light on working mechanisms and 

connections of the region. The outcome is particularly interesting in combination 

with the results of chapter 3, since both studies targeted the same region and used 

motor imagery as a task. Furthermore, chapter 4 also showed that laminar-based 

neurofeedback study could be possible using either of the two tasks, with the 
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neurofeedback information being provided from the superficial layers. It is, on the 

other hand, currently not possible to use the two tasks to target different networks by 

selecting different layers of the same SMA sub-region.  

Relevance and Short-term impact 

As a standard part of our work, researchers tend to focus on answering very specific 

questions, which makes keeping track of the more general picture and progress made 

in the field an interesting challenge. Chapter 2 therefore collects all the currently 

reported results of clinical applications in the field in order to aid neurofeedback 

researchers to better estimate how much, of what quality, and what type of 

neurofeedback-related benefits have already been reported. It hopefully also 

encourages more detailed reporting of their own study designs and results, following 

the latest standards in conducting and reporting of neurofeedback studies, which 

would help to better evaluate the success of neurofeedback training in the future. 

Additionally, this chapter might be of interest to clinicians and general public. Both 

can gain knowledge about the potential benefits of fMRI neurofeedback, but also 

about the current state of the field in order to build realistic expectations about the 

future clinical impact.  

Importantly, chapter 2 played an important role also in bringing fMRI neurofeedback 

closer to real-life medical applications. The data collection for this chapter was 

initiated as a part of the required clinical evaluation for a medical device certification 

process. Although the chapter presents a wider scope of applications, the insights 

specific to depression were later used to develop and register a medical device called 

Turbo-BrainVoyagerMED (TBVMED) (BrainInnovation B.V., Maastricht, The Netherlands) 

which simplifies procedures and provides consistency in clinical trials using fMRI 

neurofeedback for the treatment of depressive symptoms. TBVMED is the first such 

device on the market and is already in use. The medical device itself and the results of 

the trial will therefore hopefully bring neurofeedback one step closer to becoming a 

standard treatment option in the clinical environment.   

Chapter 3 is relevant for researchers interested in understanding how participants 

perceive their own performance and how they learn to use both neurofeedback 



Chapter 6 

 224 

information and their own perception to further improve their regulation. This could 

also have important implications for future research. Finding and better 

understanding the source of performance differences would hopefully lead to more 

reliable performance of neurofeedback training in patient populations. One potential 

option is that the tasks or instructions would become better adapted to individuals to 

reach their potential. On the other hand, understanding the differences between 

performers and non-performers could guide and define future treatment-relevant 

stratifications. In clinical populations this would for example mean that a certain 

subpopulation with a specific set of symptoms or personality traits would be targeted 

with this type of treatment, ensuring reliable and meaningful results. Defining 

subpopulations would save time and resources, but also avoid potential frustration 

due to unsatisfactory results in subpopulations which would not be expected to 

respond well to neurofeedback treatment. Furthermore, since this chapter adds new 

insights to the field of self-awareness, it might also be of interest to a wider 

neuroscientific audience, mainly researchers in the field of metacognition.   

Finally, chapter 4 aims to understand where the neurofeedback information and the 

regulation itself are processed within a region. The knowledge gained in this chapter 

is important especially for researchers who are interested in different types of 

connections and in fundamental aspects of neurofeedback, but also for other 

researchers exploring laminar profiles with fMRI or to researchers more generally 

interested in the motor cortex, motor imagery, and/or mental calculation.  

Finally, by laying the foundation for future laminar-based neurofeedback studies, 

especially chapter 4 aims at further developing the field by pushing the current 

boundaries of what is possible in fMRI neurofeedback research. This includes laminar-

specific knowledge, but also the acquisition and analysis pipelines necessary to 

perform laminar-based studies in real time. Such studies could aim at very specific 

interregional connections instead of a full task- or symptom-related network, 

therefore providing more region- or symptom-specific applications.   
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Long-term impact, future outlook, and our 
responsibility as researchers 

Within the field of fMRI neurofeedback, the present work contributes to the further 

development of the field by exploring the effects and mechanisms of neurofeedback 

training. Although the knowledge gathered in the empirical chapters 3 and 4 of this 

thesis includes healthy participants and aims to address more fundamental questions, 

its main long-term goal lies in paving the necessary road and providing essential 

information to hopefully make fMRI neurofeedback a standard clinical tool in the 

future. Using the presented information in combination with the pre-existing 

knowledge and the insights of future research will in turn hopefully not only aid the 

scientific community, but also the general public.  

New insights, techniques and developments in the field of fMRI neurofeedback should 

and already do go towards clinical applications not just in theory, but also in practice - 

but not at any cost. Neurofeedback mechanisms should be well understood, and the 

effects should be carefully examined and confirmed. In order to prevent any harm and 

to ensure meaningful outcomes, rigid clinical testing in the form of clinical trials 

should be performed. Only then, neurofeedback could be widely used.  

The results of the initial clinical trials are already published, and a growing number of 

new trials are registered. Importantly, clinical trials consist of different phases, each 

testing different aspects, such as safety and dosage. The currently registered trials 

mainly represent the initial phases and are therefore only the beginning of the 

necessary process we need to establish the effectiveness of neurofeedback for 

individual disorders. It is very likely that in the future, neurofeedback could become a 

treatment option for just some, but not all investigated disorders. It is also possible 

that further limitations will be posed in terms of who is a suitable candidate, by 

systematically investigating which patient subpopulations of which disorder respond 

to the treatment. 

To provide neurofeedback as a standard treatment option to a wide population, the 

acquisition and analysis steps have to be sufficiently standardized, and clinicians or 

personnel trained. Without the necessary research, regulations and qualification of 
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the professionals, neurofeedback can provide suboptimal results or overpromise the 

end results. Neurofeedback can in turn quickly obtain a bad reputation, which could 

not only potentially harm the customers (e.g., monetarily), but also hurt the field itself 

by losing the trust of the wider society. Making sure that the effects and procedures 

are thoroughly investigated, reported, and standardized before (potentially) 

popularizing neurofeedback is therefore one of the main priorities and contributions 

of the researchers.  

Once these conditions are fulfilled, and provided that future clinical trials confirm the 

clinical benefits of fMRI neurofeedback, neurofeedback can become an additional 

treatment option for various mental disorders. Only then, the society would benefit 

from the present research and its contribution to the field. These benefits include 

decreasing the general burden of different disorders, but more importantly, the 

general quality of life for the treated patients would improve, and potentially positively 

affect their security in terms of employment and finance.  

Conclusion 

In summary, the present dissertation offers an important contribution to the field of 

fMRI neurofeedback by providing an overview of concrete level of clinical benefit 

evidence, but also by shedding some light on the underlying mechanisms. The results 

should therefore aid future research in developing an effective and robust alternative 

treatment for different disorders.  
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