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“For the integrity of the whole is impaired if a man break any link in the unity 

and coherence of either part or cause.” 

Marcus Aurelius (Jackson, 1906). 

 

 

1. The embedded mind 

This extract from Mark Aurelius' “Meditations” reflects the fundament of classical 

stoic psychology: Human behaviour can only be evaluated in relation to the natural 

chain of events, in which the underlying mental processes are embedded (Salles, 

2017). In classical stoicism, the human mind was viewed as being driven by the 

same natural forces which govern the environment (Ritter, Gründer, Gabriel, & 

Weber, 1971), and this natural chain of events became the most important variable 

for evaluating and adapting psychological states in relation to it (Weinkauf, 2001a, 

2001b). 

 

Much as stoicism, modern psychology developed from deterministic and 

materialistic philosophical traditions (Schultz & Schultz, 2008; Sharples, 1986) and 

like stoic psychology, many therapeutic methods today analyse and reshape 

cognitive concepts in order to alter emotional states (Beck, 2011; Forschner, 2018; 

Gross & Thompson, 2007). Not surprisingly, modern psychology has been 

influenced directly by stoicism at several points in history, notably during the 

development of cognitive therapy (Hoellen, 1986; Hollon et al., 2002; Robertson, 

2016). But despite these theoretical parallels between stoicism and contemporary 

psychology, modern experimental psychology had refrained from understanding 
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mental states in relation to a constant chain of external events, during its 

development towards an empirical science: Instead of trying to analyse dynamic 

interactions between the mind and its environment, prominently Ernst Heinrich 

Weber and Gustav Theodor Fechner related momentary samples of psychological 

events to discrete values of physical variables (Fechner, 1860; Schultz & Schultz, 

2008, pp. 78-84). This “psychophysical” approach allowed researchers to identify 

consistent relationships between psychological experiences and physical events (as 

operationalized by Wilhelm Wundt, see Figure 1), thereby receiving wide 

recognition from the scientific community. Over the following decades, the body of 

research in psychophysics grew tremendously, creating the basis for the rising field 

of cognitive psychology, and finally cognitive neuroscience, which turned its focus 

towards the neural basis of mental processes (Gazzaniga, Ivry, & Mangun, 2009). 

 

 
Figure 1: Wilhelm Wundt’s aesthesiometer. A measurement device in early psychophysics 
to study the tactile sensitivity in a controlled fashion, ca. 1883 (Stoelting, 1930). 
 

 

While during the twentieth century, neuroscientific models for mental processes 

were emerging rapidly, the majority of experimental protocols were designed to 
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detect brain activation associated with predefined stimuli or actions (Maley & 

Piccinini, 2016): Participants received for example visual stimulation and according 

brain activation in visual cortices could be revealed (Blakemore & Campbell, 1969), 

or they performed a certain mental action, e.g. mental calculation, and activation 

in task-related brain regions could be detected (Elul, 1969). Across various domains 

of neuroscience, these approaches produced extensive knowledge on the neural 

basis of mental processes, due to their ability to reduce the complexity of the brain 

by isolating variables of interest. But a disadvantage of these approaches was that 

the brain was treated as a system which simply reacts to information or creates 

output (Potter, El Hady, & Fetz, 2014). Hence, the majority of experimental 

procedures was tied to a separation of perception, action and subsequent reactions 

from the environment, thereby ignoring the embodied nature of the brain as a 

biological system that evolved while interacting with responsive and continuously 

changing surroundings.  

 

2. Dynamic feedback and the brain 

How fundamental the ongoing interplay between actions and consequences is 

implemented in the nervous system, can for example be inferred from the crucial 

involvement of neural feedback loops in human motor coordination: Ongoing 

motor behaviour is constantly evaluated and adapted based on dynamically 

changing feedback information from the visual or somatosensory system 

(Desmurget et al. (2001), Paillard (1996), see Figure 2 for an early recognition of 

this issue by René Descartes), even during strongly automatized actions as standing 

upright (Peterka & Loughlin, 2004). The importance of dynamic feedback 

integration is not restricted to processing of basic sensory inputs, but also holds for 

higher-level cognitive functions, including spoken language (Hickok, Houde, & 
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Rong, 2011; Tourville, Reilly, & Guenther, 2008) and social cognition (Decety & 

Lamm, 2006; Singer & Lamm, 2009). 

 

 
Figure 2: René Descartes’ depiction of motor control guided by visual feedback (Descartes, 

1677). Multisensory feedback integration forms a basic principle of the human nervous 

system and is a crucial component of complex motor behaviour. 

  

In experimental settings, dynamic feedback environments were primarily created 

by detecting changes in behaviour and adapting stimulation accordingly (Mané, 

Adams, & Donchin, 1989) or by providing biofeedback based on 

sympathetic/parasympathetic activity, as for example heart rate (Gatchel, Hatch, 

Maynard, Turns, & Taunton-Blackwood, 1979; Goldstein, Ross, & Brady, 1977; 

Whitehead, Drescher, Heiman, & Blackwell, 1977; Williamson & Blanchard, 1979) 
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or electrodermal activity (Crider, 1978; Nagai, Goldstein, Fenwick, & Trimble, 2004; 

Toomin & Toomin, 1975). But technical set-ups which measure and process 

correlates of neural activation in real-time, also created the possibility to provide 

feedback from ongoing brain activation using brain-computer interfaces (BCIs), 

which receive input from measurement devices that record markers of neural 

activity and facilitate this information to control an output device (Figure 3). 

 

 
 
Figure 3: Schematic comparison between a BCI for motor control and natural motor 
control. During natural motor control, motor cortex neurons send information to the spinal 
cord, where it is distributed to contract skeletal muscles. In the depicted BCI, motor cortex 
activity is recorded and transferred to an external computing device, which recomputes the 
incoming information using an artificial neural network to invoke movements of a robotic 
arm, adapted from Fetz (1999). 
 

3. Measuring neural processes for BCIs 

Taking a closer look at the first conceptual stage of a BCI, its input, already reveals 

the multifaceted possibilities of BCIs: Up to this date, BCIs have successfully been 

created by facilitating information from a variety of neural processing levels, i.e., 
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from the cellular level based on activity from single neurons (Chamorro, Levi, 

Rodríguez, Pinto, & Varona, 2009; Fetz, 1969; Moritz & Fetz, 2011) or local field 

potentials (for an overview see Maling and McIntyre (2016)), to markers of brain 

activation extracted from large neural clusters as functional or macro-anatomical 

regions of interest (e.g. Berman, Horovitz, and Hallett (2013); deCharms et al. 

(2005); Garrison et al. (2013); Greer, Trujillo, Glover, and Knutson (2014); Haller, 

Birbaumer, and Veit (2010); Zotev et al. (2011)), including sub-voxel activation 

pattern within these regions (Shibata, 2012; Shibata, Sasaki, Watanabe, & Kawato, 

2016), activation across whole functional networks (McDonald et al., 2017; Skouras 

& Scharnowski, 2018), or indices of inter-regional connectivity (Hwang et al., 2011; 

Liew et al., 2016; Pineda, Juavinett, & Datko, 2012; Yamashita, Hayasaka, Kawato, 

& Imamizu, 2017). 

 

Given the multitude of techniques that could potentially be used to create feedback 

from ongoing brain processes, it remains an open issue under which circumstances 

a specific neural marker is superior to others in certain clinical or research settings. 

For practical reasons however, non-invasive techniques such as scalp 

electroencephalography (EEG) and real-time functional magnetic resonance 

imaging (rtfMRI) have dominated human BCI applications so far, as they do not 

require potentially hazardous neurosurgical procedures like intracranial recording 

techniques (Morshed & Khan, 2014). 

 

But also fMRI and EEG gather distinct types of information and are therefore 

associated with certain restraints with regard to the information that they can 

provide. EEG records extracellular electrophysiological signals that dominantly 

reflect synaptic activity (Buzsáki, Anastassiou, & Koch, 2012). By relying on 

electrophysiological signals, EEG can track neural processes with a higher temporal 
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resolution compared to fMRI, which does not measure neural activity itself, but 

rather indirect markers of neural activity, i.e. fluctuations in haemoglobin-oxygen 

bindings in the cerebral blood system (Ogawa, Lee, Kay, & Tank, 1990; Ogawa et al., 

2000; Ogawa & Lee, 1990). This blood-oxygen-level dependent signal (BOLD signal) 

measured by fMRI reliably correlates with neuronal activity (Brinker et al., 1999; 

Mathiesen, Caesar, Akgören, & Lauritzen, 1998; Ogawa et al., 2000; Rees, Friston, 

& Koch, 2000). However, peaks of BOLD signal changes only occur at about 6 - 8 sec 

after a neural source event due to the sluggishness of the hemodynamic response 

(i.e. cerebral blood flow changes in response to neural activity; for a comprehensive 

overview on the relationship between neural activity and the BOLD signal see 

Logothetis, Pauls, Augath, Trinath, and Oeltermann (2001)). Together with the 

relatively slow sampling rate applied in fMRI of typically about 2 - 4 sec (Stroman, 

2016), the sluggishness of the hemodynamic response constitutes the major cause 

for the relatively poor temporal resolution of fMRI (Miezin, Maccotta, Ollinger, 

Petersen, & Buckner, 2000). 

 

In addition to differences in temporal resolution, fMRI and EEG differ with regard 

to their spatial resolution and brain coverage. The spatial resolution of EEG is 

hampered by the fact, that electrical signals travel through intracranial tissue into 

various directions: When arriving at the outer scalp skin, electrophysiological 

signals of interest are heavily scattered and corrupted by physiological noise. This 

causes a low spatial resolution of about 5 – 9 mm of EEG (Babiloni, Cincotti, 

Carducci, Rossini, & Babiloni, 2001; Burle et al., 2015; Nunez et al., 1994). 

Additionally, this also results in profound limitations with regard to brain coverage, 

as signals that originate from subcortical and deep temporal areas are too distorted 

by noise for sensible analysis (Grech et al. (2008); interestingly recent modelling 

approaches based on combined fMRI-EEG data are nevertheless able to utilize 
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activation from the amygdala for BCIs (see Keynan et al. (2019), but note that the 

selected fingerprint might reflect prefrontal activation strongly associated with 

amygdala activity). In contrast, the spatial resolution of fMRI typically lies around 2 

- 4mm and activation in subcortical structures can be tracked reliably (Auer & Auer, 

1998). Furthermore, through application of high-field fMRI even sub-millimetre 

spatial-resolution can be achieved (Duyn, 2012) and high-field rtfMRI 

neurofeedback BCIs have already successfully been implemented (Gröne et al., 

2015) 

 

4. Providing feedback based on markers of neural activation 

After a marker of neural processing has been extracted for a BCI, the retrieved 

information is facilitated in order to control an output device. If the behaviour of 

the output device is fed back to the subject, the subject can learn to adapt his own 

neural activity to gain control over the output device (Velliste, Perel, Spalding, 

Whitford, and Schwartz (2008), Figure 4), thereby using the behaviour of the output 

device as feedback on his own brain state.  

 

Taking into account that neural feedback loops form the mechanistic core process 

of learning and memory formation (notably as driving mechanism of operant 

conditioning, see Staddon and Cerutti (2003); Adams (1971), Adams, Goetz, and 

Marshall (1972)), the high potential for research and clinical applications of BCIs 

becomes evident. BCI set-ups that focus on providing participants with feedback on 

their current brain activation in order for them to achieve a certain neural target 

state, termed neurofeedback paradigms (Figure 5), have therefor been widely used 

(an up-to-date review on such neurofeedback approaches was recently created by 

Jeunet, Lotte, Batail, Philip, and Micoulaud Franchi (2018)). 
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Figure 4: Example of a BCI for visuomotor control. Neural activity from the motor cortex of 
a monkey is recorded and facilitated to guide movements of a robotic arm. When food is 
presented to the monkey, the animal adapts its motor cortex activity to reach for the food 
using the robotic arm (1 and 2) and move it back to his mouth (3 and 4). Visual feedback 
about the position of the robotic arm is thereby used by the monkey to guide his motor 
cortex activity. Velliste et al. (2008), 4:21 (1), 4:22 (2), 4:33 (3), 4:45 (4). 
 

 

 

While in humans, early EEG neurofeedback BCIs already appeared in 1960 (for a 

summary of the early history of EEG neurofeedback see Kamiya (2011)), 

contemporary BCI applications increasingly apply hemodynamic neuroimaging 

techniques as rtfMRI (early neurofeedback studies by Yoo and Jolesz (2002)), due 

to the higher spatial resolution of fMRI as well as its ability to reliably track 
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activation in limbic areas, key structures involved in major psychopathologies as 

mood disorders (Baumann et al., 1999; Carroll, Curtis, & Mendels, 1976; Chen, 

Suckling, Lennox, Ooi, & Bullmore, 2011), addiction (Everitt, Dickinson, & Robbins, 

2001; Koob, Sanna, & Bloom, 1998; Makris et al., 2008; Wikler, Norrell, & Miller, 

1972) and anxiety disorders (Modell, Mountz, Curtis, & Greden, 1989; Shin, Rauch, 

& Pitman, 2006; Stein, Goldin, Sareen, Zorrilla, & Brown, 2002).  

 

So far, rtfMRI neurofeedback paradigms (Figure 5) have most commonly provided 

participants with sensory (dominantly visual) neurofeedback (Arns et al. (2017); 

notably recent approaches also deliver neurofeedback to the brain using brain 

stimulation techniques as transcranial magnetic stimulation, see Sokhadze et al. 

(2014), Koganemaru et al. (2018)). By receiving visual neurofeedback, participants 

could learn to gain control over clinically relevant neural target processes as brain 

activation related to affective states (Johnston, Boehm, Healy, Goebel, & Linden, 

2010). By providing patients with the possibility to undergo neurofeedback guided 

self-regulation trainings, previous studies successfully showed that rtfMRI 

neurofeedback could elevate the psychiatric and neural symptomatology of 

patients with the most prevalent mental disorders in Europe (Alonso et al., 2004), 

i.e. mood disorders (Linden et al., 2012; Young, Misaki, et al., 2017; Young, Siegle, 

et al., 2017; Yuan et al., 2014), addiction (Canterberry et al., 2013; Hanlon et al., 

2013; Kim, Yoo, Tegethoff, Meinlschmidt, & Lee, 2015; Li et al., 2013) and anxiety 

disorders (Gerin et al., 2016; Nicholson et al., 2017; Scheinost et al., 2013; 

Zilverstand, Sorger, Sarkheil, & Goebel, 2015). 
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Figure 5: A common fMRI neurofeedback set-up. Changes in the blood-oxygen-level 
dependent signal are measured and processed in real-time. The mean signal change of a 
region of interest (ROI) is presented visually to the participant by colouring segments of a 
thermometer to indicate the magnitude of regional brain activation (Thibault, MacPherson, 
Lifshitz, Roth, & Raz, 2017).  
 

5. The neural basis of neurofeedback guided self-regulation  

But despite decades of applying neurofeedback in neuroscience, psychology and 

medicine, considerably little is known about the neural processes involved in 

neurofeedback-guided self-regulation. Although previous research suggests an 

interplay of reward processing, self-regulation and learning mechanisms in 

interaction with brain networks involved in the specific mental task driving the 
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feedback (Sitaram et al., 2017), studies that investigate underlying neural 

mechanisms of neurofeedback are sparse: While a recent meta-analysis reported 

extensive overlap of whole-brain activation across different neurofeedback studies 

in prefrontal, parietal, occipital as well as subcortical areas and deactivation of the 

default-mode-network (Emmert et al., 2016), this study did not control for general 

effects of self-regulation. Studies that aimed to disentangle the neural basis of 

neurofeedback in turn from the neural basis self-regulation itself, have done so only 

for very specific self-regulation tasks, e.g. for motor imagery (Marchesotti et al. 

(2017)). 

 

So far, theoretical accounts on the neural basis of neurofeedback had therefor to 

rely on accumulated evidence from different single studies with considerable 

variability in applied methods and study contents. In addition to the scarceness of 

structured evidence on the neural basis of neurofeedback guided self-regulation, 

the field also lacks evidence on the temporal properties of the neural processes 

that take place within involved networks. Taking into account how crucial timing is 

in operant conditioning (Grossberg, 1971; Staddon & Cerutti, 2003), these 

questions appear to be fundamental for the understanding how neurofeedback 

training can induce learning and reshape the brain.  

 

By examining the three main neuropsychological processes underlying 

neurofeedback training (Sitaram et al., 2017), i.e., feedback processing, self-

regulation and learning, the work presented in this thesis addresses open issues 

concerning the functional basis of neurofeedback trainings and ultimately strives to 

underline the practical relevance of these issues for the design of future 

neurofeedback interventions. Evidence on the neural and psychological basis of 
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neurofeedback was collected to provide an overview on how humans learn to gain 

control over provided neurofeedback signals in the following studies:  

 

Chapter 2 

The work presented in chapter two of this thesis focusses on effects of 

neurofeedback interventions that are modulated by differences in training styles. 

Specifically, the effect of providing an initial neurofeedback task with assumed 

lower task demands before switching to the main training was investigated. Ten 

participants underwent three rtfMRI neurofeedback sessions, in order to learn to 

regulate activation of the anterior insula (aINS) to three different target levels, 

either by performing the identical emotion regulation task over the whole training, 

or by first training to reach three target levels with motor-imagery-driven 

neurofeedback from the supplementary motor area (SMA). After evaluating the 

task difficulty of SMA and aINS neurofeedback, effects of the two training styles 

were compared with regard to self-regulation behaviour, self-regulation 

performance and psychological measures associated with positive learning 

outcomes. By connecting the gathered findings, this chapter aims to evaluate 

whether combining different neurofeedback tasks with varying task difficulty can 

improve the learning process during neurofeedback interventions. 

 

Chapter 3 

The work presented in chapter three of this thesis focusses on the neural basis of 

self-regulation during neurofeedback across different neurofeedback tasks and 

training time-points. Whole-brain activation and connectivity of the neurofeedback 

target regions to the whole brain in the participants undergoing the procedure 

described in chapter 2 are analysed. This chapter thereby aims to disentangle task 

general brain networks from tasks specific networks that become active during 
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neurofeedback guided self-regulation. In order to observe how the neural basis of 

self-regulation changes during neurofeedback over time, activation and 

connectivity were additionally compared between the different training sessions 

over the course of the whole three week intervention.  

 

Chapter 4 

The research presented in chapter four of this thesis focusses on the neural basis 

of feedback processing during neurofeedback. To contribute to an understanding 

of neurofeedback that holds value across different mental task domains, 

neurofeedback guided self-regulation was compared to self-regulation without 

neurofeedback across various mental tasks. Ten participants freely chose one self-

regulation task and underwent two training sessions during fMRI scanning, one 

with and one without receiving rtfMRI neurofeedback. During neurofeedback 

sessions, neurofeedback was provided based on activity in task-related, individually 

defined target regions. In both sessions, participants aimed at reaching and holding 

low, medium, or high brain-activation levels in the target region. To investigate the 

neural mechanisms specific to neurofeedback but independent from general 

effects of self-regulation, we compared whole-brain activation as measured with 

functional magnetic resonance imaging (fMRI) across different mental tasks 

involving gradual self-regulation with and without providing neurofeedback. 

Furthermore, activation in the striatum, a key region in feedback learning, was 

analysed and related to self-regulation performance, in order to detect effects 

specifically modulated by the information contained in the neurofeedback.  
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Chapter 2 - Two tasks are better than one: Initial motor-

imagery neurofeedback can increase efficacy of rtfMRI 

neurofeedback-guided emotion regulation trainings 
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imagery neurofeedback can increase efficacy of rtfMRI neurofeedback-guided emotion regulation trainings. 
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Abstract 

While evidence for the clinical relevance of neurofeedback-guided emotion 

regulation is steadily growing, a remaining draw-back of neurofeedback is its high 

cost intensity. Improving the effectiveness of neurofeedback interventions is 

therefore crucial for gaining clinical efficiency. To contribute to the efficacy of 

neurofeedback interventions, this proof-of-concept study investigates the effects 

of providing an initial neurofeedback task with assumed lower task demands before 

switching to the main training. Ten participants underwent three real-time fMRI 

neurofeedback-training sessions, in order to learn to regulate activation of the 

anterior insula (aINS) to three different target levels, either by performing the 

identical emotion regulation task over the whole training, or by first training to 

reach three target levels with motor-imagery-driven neurofeedback from the 

supplementary motor area (SMA). While achieving fine-grained control over the 

fMRI-signal level was more feasible for participants receiving SMA in comparison to 

aINS neurofeedback during the initial training, both groups were able to 

significantly improve their aINS regulation performance over the subsequent 

sessions. Although both groups did not differ in their ability to stabilize the 

neurofeedback signal at a certain target level, the group initially obtaining 

neurofeedback experience through training with a motor-imagery task showed an 

increased tendency to up-regulate the neurofeedback signal, which correlated with 

more effective training outcomes with regard to post-training positive affect. 

Findings were supported by participants’ self-evaluation on personal 

neurofeedback regulation abilities and motivation. 
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1. Introduction 

Since over four decades neurofeedback has been applied in various clinical settings 

(first systematic clinical data presented by Sterman and Friar (1972), see Blanchard 

and Young (1974)), including in the treatment of major affective disorders like 

depression (Hammond, 2005; Linden, 2014; Mehler et al., 2018; Quaedflieg et al., 

2015; Young et al., 2014), anxiety disorders (Moore, 2000; Zilverstand, Sorger, 

Sarkheil, & Goebel, 2015) and addiction (Dalkner et al., 2017; Ghosh, Jahan, & 

Singh, 2014; Hanlon et al., 2013; Rostami & Dehghani-Arani, 2015). In comparison 

to pharmacological, surgical or brain stimulation-based intervention methods, 

neurofeedback trainings most commonly require active engagement from patients 

during the intervention. Accordingly, besides the psychological target processes 

used to modulate the neurofeedback signal, differences in neurofeedback training 

outcomes have also been related to task-general psychological factors such as 

motivation (Nijboer, Birbaumer, & Kubler, 2010; Nijboer et al., 2008) and cognitive 

resources, like attention or memory span (Alkoby, Abu-Rmileh, Shriki, & Todder, 

2017; Daum et al., 1993; Schneider et al., 1992; Wangler et al., 2011). 

 

While real-time functional magnetic resonance imaging (rtfMRI) neurofeedback 

provides the possibility to feedback brain activation from single regions or networks 

deep in the brain, it is tied to a novel and challenging technical environment, not 

present in other treatment options which also require active self-regulation (e.g., 

as psychotherapy or meditation). In addition to acquiring specific self-regulation 

skills, this demands from participants to understand the working mechanisms of 

neurofeedback and its relationship to the psychological target process, thereby 

creating a complex learning situation. 
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To facilitate learning, training approaches that include different levels of task 

difficulty have been used since long in other learning environments (Diaz, Winsler, 

Atencio, & Harbers, 1992; Porter & Saemi, 2010; Van Zundert, Könings, Sluijsmans, 

& Van Merriënboer, 2012). The current study aims to determine whether 

comparable training approaches can also be beneficial for neurofeedback 

interventions. To answer this question, we provided participants with the 

possibility to gain neurofeedback experience during a lesser demanding 

neurofeedback task, before they continued with a more advanced neurofeedback 

task. We expected the benefits of this approach to be twofold: On the one hand, 

participants could in the beginning accommodate to the environment and focus on 

learning the practical working mechanisms of neurofeedback, potentially allowing 

more cognitive resources for training the psychological target process in later 

training runs. On the other hand, positive neurofeedback experience acquired 

during a task that was subjectively experienced as being more controllable, was 

expected to affect task-general psychological factors as motivation and self-

efficacy. 

 

Especially in a clinical context, these general psychological factors have been shown 

to be of major importance: Motivation is a crucial factor for the success of 

psychotherapeutic interventions (for an overview see Ryan and Deci (2008)). 

Furthermore, the relationship between self-efficacy and positive treatment 

outcomes has been repeatedly shown for affective disorders as social-anxiety 

disorder (Goldin et al., 2012), panic disorder (Bouchard et al., 2007; Gallagher et al., 

2013) and in addiction (Burleson & Kaminer, 2005; Loeber, Croissant, Heinz, Mann, 

& Flor, 2006) and is related to positive learning outcomes for interacting with novel 

technologies in general (Hevey, Smith, & McGee, 1998; Mitchell & Stuart, 1984). 

Finally, both motivation and self-efficacy have been shown to contribute in 
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preventing drop-out from treatment interventions (Mitchell & Stuart, 1984; Ryan, 

Plant, & O'Malley, 1995). 

 

Under these considerations, we investigated the effect of beginning a 

neurofeedback training with an initial task that we assumed to be less demanding 

for participants, compared to performing the same (more challenging) 

neurofeedback task over the whole training. To provide a comprehensive overview 

on training progression, we analysed differences between both groups with regard 

to neurofeedback regulation, changes in the psychological target process of the 

neurofeedback training and task-general psychological factors, i.e. motivation and 

self-efficacy. Two groups of participants underwent three real-time functional 

magnetic resonance (rtfMRI) neurofeedback training sessions with different 

training styles (Figure 1): 

 

Participants in the first group (n = 5), were asked to perform the same 

neurofeedback task across the whole training (constant task scenario). During all 

neurofeedback runs, participants in this group trained to regulate the blood-oxygen 

level dependent (BOLD) signal of the anterior insula (aINS) through regulation of 

positive emotions, aiming to stabilize its mean fMRI signal at three target activation 

levels (low, medium and high). 

 

For participants in the second group (n = 5) the neurofeedback tasks changed over 

the course of the training (changing task scenario): During the first session, 

participants in this group were asked to regulate activation of the supplementary 

motor area (SMA) through motor imagery, aiming to stabilize its mean fMRI signal 

at low, medium and high activation levels. The SMA has been widely used as target 

region in neurofeedback and brain-computer interfaces studies in general (Guo, 
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Zhao, Li, Yao, & Chen, 2012; Scharnowski et al., 2004; Subramanian et al., 2016; 

Weiskopf et al., 2004) and it has been recently demonstrated that participants are 

able to gradually increase its mean BOLD activation using motor imagery to 

different target levels (Mehler et al., 2019; Sorger, Kamp, Weiskopf, Peters, & 

Goebel, 2016). At the end of the first session, participants were provided with 

neurofeedback from the aINS and instructed to upregulate its BOLD-signal 

magnitude maximally by endogenously generating positive emotions, thereby 

getting familiarized with the actual psychological target process of the 

neurofeedback training, namely regulation of positive emotions. The subsequent 

two neurofeedback sessions started with neurofeedback of the SMA activation 

using motor imagery, but continued with modulation of the aINS using emotion 

regulation, in each case to three different target activation levels. 

 

While several neurofeedback studies reported successful up- or down-regulation of 

the insula (Caria et al., 2007; Emmert et al., 2014; Johnston et al., 2011; Rance, 

Ruttorf, Nees, Schad, & Flor, 2014), the aINS has also been implicated in 

neurofeedback based self-regulation in general (Emmert et al., 2016). We therefore 

expected it to be challenging for participants, to stabilize aINS activation around a 

specific target level, as aINS activation during neurofeedback training is not only 

driven by emotion regulation, but also fluctuates in reaction to the neurofeedback 

process in general. For patients, training to improve potentially dysfunctional 

psychological target processes can be expected to implicate a high cognitive load 

and potentially frustration. We therefor wanted to investigate whether a training 

approach with changing tasks, starting with a task that is experienced as less 

difficult, is especially suited, when task demands are high. 
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To investigate the learning progress during neurofeedback, the current study 

thereby focussed on the actual visual information displayed during the 

neurofeedback training. While activation changes in the strengths of the fMRI signal 

as observed in previous studies indicate the achieved modulation of a target region 

by participants (Mehler et al., 2019; Sorger et al., 2016), these fluctuations are not 

directly perceived as feedback by participants and are therefore only indirectly 

linked to the subjective level of control of participants and the resulting learning 

process. In order to provide a comprehensive overview on how the visual feedback 

was regulated by participants, a twofold analysis was performed: 

 

Firstly, we identified the ability of participants to gain fine-grained control over the 

neurofeedback signal, by calculating the absolute difference between the displayed 

activation level and the target activation level. While this performance marker 

indicated the total control that participants could exert over the signal, to perform 

fine-grained self-regulation participants had first to identify effective mental 

strategies that would boost the neurofeedback signal in comparison to baseline. 

 

Secondly, we therefore identified to what extend participants increased the 

neurofeedback signal, and investigated how these increases were related to self-

regulation performance (i.e. reaching the activation level and/or exceeding it). 

By subsequently relating these two main markers of neurofeedback regulation to 

measures of positive affect, we could investigate in how far the different aspects of 

neurofeedback regulation (boosting activation and achieving fine grained control) 

actually related to the corresponding psychological target processes, i.e. positive 

affect. 
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Specifically, we aimed at answering the following research objectives: 

 

1. Do we succeed in providing participants with a less challenging neurofeedback 

task in the beginning of the training, i.e., do participants show superior control over 

the neurofeedback signal from the SMA in comparison to neurofeedback from the 

aINS? 

 

2. Does a different initial neurofeedback task with lower task difficulty improve the 

efficacy of the neurofeedback training, i.e., does it improve the participants’ ability 

to reach a defined target level and stabilize the signal at this level? 

 

3. Does a different initial neurofeedback task with lower task difficulty affect the 

psychological target process more strongly and is this difference reflected in 

secondary psychological factors as motivation and self-efficacy? 

 

 

2. Methods and Design 

2.1 Participants 

Ten healthy female participants (age: Mean = 22.9 years, SD: 4.43 years; 1 left-

handed), all students of Maastricht University with normal or corrected-to-normal 

vision participated in the study. None of the participants had participated in a 

neurofeedback experiment before or was experienced in meditation. Participants 

were assigned to one of two training style groups (constant task scenario [CON] or 

changing task scenario [CHA]) using a minimization procedure for outcomes on 

relevant markers of cognitive function, MRI experience and emotional state (see 
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analysis section 3.1). Before each MRI scanning session, participants gave written 

informed consent to participate in the study. The experimental procedure was 

approved by the local Ethics Committee of the Faculty of Psychology and 

Neuroscience at Maastricht University and participants gave their written consent 

to participate in the study. 

 

2.2 Experimental procedure 

All participants took part in a two-hour psychometric test session before the start 

of the neurofeedback training. Based on results of this behavioural session, 

participants were assigned to one of the two training-style groups (Figure 1). After 

acquisition of anatomical MRI and localization procedure (details below), the CHA 

group started the first session with SMA neurofeedback to achieve three target 

levels (low [20% of the individual maxPSC], medium [50% of the individual maxPSC] 

or high [80% of the individual maxPSC]) using motor imagery and finished the first 

session with a single run of neurofeedback guided up-regulation of the aINS (Figure 

1 A). In the subsequent two sessions, the CHA group started with a single run of 

motor-imagery-guided SMA neurofeedback aimed at reaching the target levels and 

continued with neurofeedback-regulation to target levels using positive emotion 

regulation (Figure 1 B). After undergoing the same acquisition procedure of 

anatomical MRI and localization procedure, the CON group performed three 

sessions of aINS neurofeedback-regulation to target levels using positive emotion 

regulation across all neurofeedback runs (Figure 1 A, B). All neurofeedback sessions 

of a participant were scheduled in subsequent calendar weeks. 
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Figure 1: Study design. A. Neurofeedback training focus across sessions: The constant task 
group (magenta outline) performed the same emotion regulation task across all 
neurofeedback runs, while for the changing task group (red outline) the neurofeedback 
training focus varied across sessions, changing from motor imagery (receiving SMA 
neurofeedback, green) to emotion regulation (aINS neurofeedback). A. Training differences 
in the first sessions: During the first three runs, both groups regulated the neurofeedback 
signal to three different target levels, but differed with regard to the neurofeedback 
modality. The constant task group received aINS neurofeedback, while the changing task 
group at first received SMA neurofeedback (green), switching in the last run to up-
regulation of the aINS. B. Training differences in the second and third sessions: Both groups 
aimed at regulating the provided neurofeedback signal to three different target levels and 
differed only with regard to the neurofeedback modality in the first run. Runs outlined in 
black were used for comparing neurofeedback performance.  
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2.3 Visual stimulation and instructions 

2.3.1 Localization procedures 

aINS localizer.  Pictures with positive affect and high arousal (mean normative 

ratings for female participants in valence 8.23 [SD 0.23], arousal mean =  4.78 [SD 

0.74]) and neutral valence and average arousal (valence mean = 4.95 [SD 0.07], 

arousal 3.17 [SD 0.68]) from the International Affective Pictures System (IAPS, Lang, 

Bradley, and Cuthbert (1997)) were presented in randomized fashion in blocks of 

four pictures (1.5 s per picture, 6 sec per picture block, 12 picture blocks per valence 

category), alternating with 12 s fixation periods. The first fixation period had a 

duration of 16 s (resulting in 448 s in total). Participants were instructed to observe 

the pictures and emerging emotions. This localization paradigm has previously been 

shown to localize regions involved in positive affect that can be up-regulated via 

generation of positive emotions guided by neurofeedback and the right anterior 

insula was most commonly activated across participants (Johnston et al., 2011). 

 

SMA localizer.  To determine the SMA involved in motor imagery, participants were 

presented with a white fixation cross during rest, which turned red when 

participants were asked to imagine performing a movement as vivid as possible. 

Rest blocks (16 s) alternated with motor-imagery blocks (20 s) until participants had 

performed twelve motor-imagery blocks. The first rest period had a duration of 20 

s (resulting in 452 s in total). 

 

During neurofeedback runs, rest blocks (20 s) alternated with neurofeedback blocks 

(30 s) until participants had performed nine neurofeedback blocks, the first rest 

block had a duration of 90 seconds to accommodate participants to the scanning 

situation (resulting in 540 s in total). During the whole neurofeedback run, a 
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thermometer-like display was displayed (Figure 2), consisting of ten equally sized 

segments. During rest periods, only the thermometer (white on black background) 

was visible and participants were instructed not to think of anything particular. 

During neurofeedback trials, a certain segment of the thermometer was marked 

red and participants were instructed to increase the appearing neurofeedback 

signal (depicted by segments filled in grey) and stabilize it at the height of the target 

level. Apart from the last run of the first session for the CHA group (where only the 

highest segment [10] was marked red), the selected segments were 2, 5 and 8, 

alternating in random order. 

 

 
Figure 2: Neurofeedback display and markers of performance 
Neurofeedback was provided by filling rectangular segments of a vertical thermometer 
grey, according to the current BOLD-signal magnitude in a participant's neurofeedback 
target region. During active task conditions, one segment of the thermometer was marked 
red, indicating the target activation level. During target-level runs, segments 2, 5 and 8 were 
marked interchangeably in a block-like fashion. Participants trained to increase the 
neurofeedback signal until they reached the target level and then stabilize the signal. They 
could deviate from the task goal by failing to reach the target level or by exceeding it.  
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2.3.2 Self-regulation instructions 

In the psychometric session, participants in both groups were informed that they 

would train to achieve control over brain activation within a region of their brain 

involved in emotion regulation, and were briefly introduced to the target-level 

design. Instructions for both groups differed only with regard to task instructions 

during the actual neurofeedback sessions, where the CHA group was additionally 

provided with instructions for SMA self-regulation through motor imagery and 

neurofeedback. 

 

For regulating the aINS neurofeedback signal, participants were provided with the 

information, that the neurofeedback signal originated from a brain region involved 

in positive emotions. It was suggested to participants to increase the signal by 

imagining or remembering positive events but that they were free to explore and 

identify their personal strategy, which was most effective to reach the different 

target levels. For regulating the SMA-neurofeedback signal, participants were 

provided with the information that the neurofeedback signal originated from a 

brain region involved in initiating movements. It was suggested to participants to 

increase the signal by imagining a movement while focusing on the somatic-

experience accompanied by this movement, but that they were free to explore and 

identify their personal strategy, which was most effective to reach the target level. 

To down-regulate the neurofeedback signal across both types of training, 

participants were instructed to vary the intensity of their mental operation or to 

focus on something task-irrelevant. 
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2.4 Data acquisition 

2.4.1 Psychometric measures and questionnaires acquired during 

the pre-testing session 

During the psychometric pre-testing session, positive trait affect was acquired using 

the Positive Affect Negative Affect Scale Trait (PANAS Trait), positive scale (Watson, 

Clark, & Tellegen, 1988), for motivation to participate in the training the 

questionnaire of current motivation, QCM (Freund, Kuhn, & Holling, 2011). Full-

scale IQ was estimated using the matrix reasoning and the vocabulary subscale of 

the Wechsler Adult Intelligence Scale (WAIS-IV).  

 

2.4.2 Post-scanning questionnaires 

At the end of each neurofeedback session, the affective state of participants was 

acquired using the PANAS State (Watson et al., 1988), motivation during the 

experiment using the QCM (Freund et al., 2011) and an estimate of neurofeedback 

skills and self-efficacy using the Neurofeedback Skills Questionnaire (NSQ). The NSQ 

is a questionnaire developed to measure self-efficacy to control a provided 

neurofeedback signal, as well as the extend of explicit knowledge on how to control 

the signal (see Supplementary Material SI). The NSQ consists of two parts: First, a 

qualitative part based on semi-structured questions assesses the content of self-

regulation strategies as well as the efficacy of the strategies to regulate the 

neurofeedback signal. Second, a quantitative part based on Likert scales to assesses 

self-efficacy and knowledge of effective self-regulation strategies. 
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2.4.3 (F)MRI data 

All MR images were recorded using a 3-T Siemens Magnetom Prisma MRI system 

(Siemens, Erlangen, Germany) with a 64-channel receiver head coil. 

 

Structural Data acquisition 

All participants underwent a T1-weighted anatomical scan using a three-

dimensional (3D) magnetization prepared rapid-acquisition gradient-echo 

(MPRAGE) sequence (192 slices, slice thickness = 1 mm, no gap, TR =2250 ms, TE = 

2.21 ms, FA = 9, FOV = 256 x 256 mm2, matrix size = 256 x 256) in every MRI session. 

 

Functional Data acquisition 

Functional images were acquired with a T2*-weighted echo-planar imaging (EPI) 

sequence. Except for the number of acquisitions (aINS localizer: 448 volumes; SMA 

localizer: 452 volumes; neurofeedback runs: 540 volumes), identical scanning 

parameters were used for all functional measurements (48 slices, slice thickness = 

2 mm, 1 mm gap, TR = 1000 ms, TE = 30 ms, FA = 50, FOV = 210 x 210 mm2, matrix 

size = 70 x 70, multi-band acceleration factor = 3, slice encoding direction = anterior 

to posterior). 

 

3. Analysis 

3.1 Matching 

Participants were assigned to one of two training style groups using a minimization 

procedure (sequential balancing, Borm, Hoogendoorn, den Heijer, and Zielhuis 

(2005)) with the factors previous participation in MRI experiments, estimated IQ 

(weighted sum of vocabulary and matrix reasoning of WAIS-IV, Pearson Education, 
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Inc., San Antonio, TX), positive trait affect (PANAS-Trait, Watson et al. (1988), 

positive scale), motivation to participate in the training (Freund et al., 2011). 

 

3.2 Neurofeedback preparation and generation 

3.2.1 Analysis of anatomical data 

Analysis of anatomical data was performed in Brainvoyager QX Version 2.8 

Anatomical data sets were corrected for spatial intensity inhomogeneity. For all 

participants, the anatomical data set from the first session was transferred into 

ACPC space and the anatomical data set from the second and third session was 

automatically aligned to the ACPC version of the first data set. For post-hoc analysis, 

anatomical data-sets were accordingly transferred into Talairach space (Talairach 

& Tournoux, 1988). 

 

3.2.2 Creation of neurofeedback target regions 

Neurofeedback target regions were defined in Turbo-Brain Voyager (V2.8, Brain 

Innovation B.V., Maastricht, the Netherlands) based on activation during the 

localizer runs: During the first neurofeedback session, a general linear model (GLM) 

was calculated on the pre-processed (motion corrected, linear trend removed and 

aligned to anatomical scans in ACPS space) functional data obtained during the 

localizer runs. From the corresponding contrast (positive pictures vs. rest [aINS 

localizer] and motor imagery vs. rest [SMA localizer], functional voxels were 

selected based on the maximal F-values located in the anatomically defined areas 

in which the specific regions of interest were defined (aINS for emotion regulation 

and SMA for motor imagery, Table 1, Figure 3). Around the peak voxel of an 
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activation cluster all touching voxels in the same functional slice were selected (3*3 

voxel in one slice), as well as the corresponding voxels in the slices below and above 

the central-voxel (resulting in a square shaped ROI: 3*3*3 voxel in total). The 

central voxel of the square was interpolated to 1*1*1 voxel and saved in ACPC 

space (this was done in order to guide ROI selection during subsequent sessions, 

see Supplementary Figure SII)). 

 

In the second and third session, a short resting-state localizer scan was performed 

(10 volumes) to determine the position of functional slices. Functional data was 

aligned to the T1-weighted images of the respective session, which was aligned to 

the anatomical images of session one in ACPC space. Subsequently, the region of 

interest was created by selecting  3*3*3 voxel in direct proximity to the central 

voxel of the first session’s ROI, that corresponded to the respective anatomically 

defined areas of each neurofeedback condition (SMA or aINS). 

 

This approach supported the selection of corresponding functional voxels despite 

slight differences in slice positioning across sessions. Furthermore, this allowed to 

create regions of interest of the same size in 2D functional space, despite several 

interpolations between 2D and 3D space with differing voxel sizes (3-mm isovoxel 

for functional data, 1 mm isovoxel for T1-weighted scans), slight differences in sizes 

remained due to differences in slice orientation and manual selection errors (see 

Tables 1 and 2). For further offline-analysis, the 2D functional ROIs where 

interpolated to 3D volumes of interest (VOIs) and transferred into ACPC space. 
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3.2.3 Generation of neurofeedback information 

The neurofeedback signal was calculated by following the general procedure 

previously validated for neurofeedback target-level designs by Sorger et al. (2016): 

In short, the percent signal change (PSC) of the current pre-processed volume of 

the consecutive runs was calculated as mean activation of all voxels within the 

particular ROI, with respect to a local baseline. For the current study, the percent 

signal change (PSC) of a given volume was calculated as the temporarily smoothed 

(by a factor of 6; i.e., the mean of the current and the five previous time-points) to 

stabilize the feedback signal acquired with the relatively high TR of 1000 ms. The 

average activation during the preceding rest block constituted the baseline for the 

consecutive neurofeedback block. The PSC was then normalized by a maximum PSC 

(maxPSC), which was defined as follows: For emotion regulation, the maxPSC was 

set to 1% for all participants, to verify comparability between groups. For SMA 

regulation, the maxPSC was determined based on the mean percent signal change 

in the selected voxels of the localizer run (mean = 1.4%, SD = 0.42%; Table 1,2). The 

PSC at each TR was transformed into a feedback value on a scale between 0 and 10, 

where 10 corresponded to maxPSC and each segment to 10% of the maxPSC in 

relation to the previous baseline period, so that the target levels 3, 5, 8 

corresponded to 30%, 50% and 80% of the maxPSC. In the thermometer display 

provided to participants, values below zero and above 10 were displayed as ”0” and 

”10”, respectively. 

 

3.3 Post-hoc analysis of neurofeedback data 

Analysis of neurofeedback performance was performed in MATLAB (v8.1 R13; The 

MathWorks, Natick, USA), besides analysis of variance (ANOVA), which was 

performed in SPSS (IBM Corp. Released 2013. SPSS, Version 22.0. Armonk, NY: IBM 
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Corp). Values of feedback magnitude were extracted from the neurofeedback 

stimulation images (as presented to the participant during the neurofeedback 

experiment), resulting in one value of neurofeedback magnitude per scanned 

volume during modulation periods. For each scanned volume during modulation 

periods, one index of self-regulation accuracy was created by calculating the 

absolute difference between the target level and the feedback magnitude actually 

achieved by the participant (Figure 2).  

 

3.3.1 Comparing regulation performance between SMA and aINS 

neurofeedback (data of session 1) 

The difference in absolute distance to target level (i.e. the absolute difference 

between the achieved activation and the respective target level) between groups 

was tested using an independent samples t-test on the participants’ mean absolute 

distance to target level for SMA neurofeedback and aINS neurofeedback (Figure 3). 

To determine the relationship between feedback magnitude and desired target 

level, a linear trend line was fitted between the target level values  (20% 50%, 80%) 

and the actual mean PSC achieved using Pearson’s r. Gradual up-regulation 

performance of individual participants was investigated by obtaining Pearson’s r 

between single- trial means of feedback magnitude and the corresponding target 

levels. Obtained correlation coefficients were subsequently Fishers z-transformed 

for comparability. To examine potential interactions between gradual up-

regulation of the feedback signal and the neurofeedback modality provided in the 

initial session of each training style (CON: Emotion regulation, aINS feedback; DIF = 

Motor imagery, SMA feedback) on the population level, a two way between 

subjects ANOVA was calculated on the mean feedback magnitude for the factors 

FEEDBACK CONDITION (SMA, aINS) and TARGET LEVEL (low, medium, high). 
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Table 1: Properties of the neurofeedback target regions of session one. Position of 
individual participants' neurofeedback target regions during the first session in Talairach 
space, corresponding maxPSC values used for neurofeedback generation. Coordinates are 
in Talairach space. 
 

                               
Figure 3: 3D reconstructions of neurofeedback target regions used for SMA and aINS 
performance comparison A. Volume representations of neurofeedback target regions 
during the first neurofeedback session for the constant task group (left side, aINS, magenta) 
and the changing task group (right side, SMA, green), shadings indicate individual 
participants. Regions are overlaid on the average group anatomy. 
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3.3.2 Comparing regulation performance between training styles  

i. Consistency of aINS ROIs between groups 

Before comparing group performances during aINS neurofeedback, consistency of 

aINS ROIs across all sessions was assessed by interpolating the 2D functional ROIs 

to 3D volumes of interest (VOIs) and transferring them into ACPC and Talairach 

space (Table 2, Figure 4). Subsequently, the overlap of voxels between sessions was 

assessed within participants (logical AND). Separately for all combinations of 

sessions, the percentage of all voxels that overlapped from in a given comparison 

was calculated within participants, as for example: (overlapping voxel [session 2 & 

3] / total amount of voxel [session 2 + 3])*100. Finally, consistency across sessions 

was compared between groups using independent samples t-test. 

 

ii. Comparing aINS regulation performance between training styles (session 2 & 3) 

To examine the effect of training and time on fine grained control over the feedback 

signal from the aINS (Table 2), a two-way between subjects ANOVA was performed 

on the mean absolute distance to target level with the factors TRAINING STYLE 

(constant task, changing task) * TIME (Session 2, 3). To examine the effect of 

training and time on fine-grained up-regulation of the feedback signal, a three-way 

between subjects ANOVA was performed on the mean feedback magnitude for the 

factors TRAINING STYLE (constant task, changing task) * TIME (Session 2, 3) * 

TARGET LEVEL (low, medium or high). Gradual up-regulation performance of 

individual participants was investigated by obtaining Pearson’s r between single-

trial means of feedback magnitude and the corresponding target levels during the 

last session. Obtained correlation coefficients were subsequently Fishers z-

transformed for comparability. 
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Table 2: Neurofeedback target regions for the affective core training. Three-dimensional 
volume representations of neurofeedback target-regions of each participant and across 
groups for the affective core training. The table contains the positions of all aINS regions in 
Talairach space and respective size in voxel, all maxPSCs = 1%. Non-underlined participants: 
CON group; Underlined participants = CHA group. Coordinates are in Talairach space.  
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Figure 4: 3D reconstructions of aINS neurofeedback target regions. aINS target regions of 
single participants across time (session 1 = bordeaux, 2 = orange, 3 = blue; see Table 2). 
Colored numbers represent  participant numbers. Outline type of single participants 
indicate group (dashed: constant task; solid: changing task). Within participants, all target 
ROIs overlapped with target ROIs of the following training session (i.e. session 1 with 2 or 
session 2 with 3; black), and for nine of ten participants target regions overlapped across all 
sessions (white), see Table 4. Regions are overlaid on the average group anatomy in 
Talairach space. 
 

 

3.3.1 Psychological outcomes measures 

i. Relationship between aINS neurofeedback performance and positive affect 

PANAS scores for positive affect were determined as described in Watson et al. 

(1988). To examine whether the mental operations used by participants to 

modulate the neurofeedback signal were reflective of the psychological target 

processes (positive affect), we investigated whether the magnitude of the 

neurofeedback signal during the last session (where participants were at the 

maximum of their neurofeedback-regulation abilities) could predict positive affect 

directly after the training by calculating the correlation between the mean 

magnitude of the neurofeedback signal during the last session, to PANAS scores 

after the training. Furthermore, to examine whether the effectiveness of the 

training differed between groups, we investigated whether neurofeedback 

performance during the last session could predict positive affect differentially 

between both groups. For this reason, the Pearson’s correlation coefficients 

between the mean absolute distance to target level and the PANAS positive score 

was calculated within groups and compared according to Eid, Gollwitzer, and 

Schmitt (2010). 
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ii. Secondary psychological outcome measures 

QCM scores were determined as described in Freund et al. (2011). 

Scores for the quantitative sub-scale of the NSQ were determined as described in 

Supplementary Material SI. Categories for answers on the qualitative sub-scale of 

the NSQ were created as follows: Mental processes driving the neurofeedback 

signal in the aINS were categorized according to a recent meta-analysis on anterior 

insula function (n = 811; Kurth, Zilles, Fox, Laird, and Eickhoff (2010)), that reported 

insula activation across the categories “emotion”, “empathy”, “olfaction”, 

“gustation”, “interoception, “pain”, “somatosensation”, “motion”, “attention”, 

“language”, “speech, “working memory”, “memory”. For grouping regulation 

strategies applied to increase the aINS neurofeedback signal, general cognitive 

categories were excluded (“attention”, “working memory”, “memory”, “language” 

/ “speech”), as these processes were implicated in most strategies applied by 

participants. Additionally, the meta-analysis revealed no specific activation peaks 

for “attention”, “language” and “motion” in the insula, indicating that these 

categories highly covary with other categories. “Motion” was therefor also omitted 

and “pain” due to its antagonistic relationship with positive affect. Strategies 

described by participants were therefore allocated to belong to one of the following 

categories: Focus of attention on positive affect, empathy, olfaction, gustation, 

interoception. For each session, it was noted how many different mental categories 

participants explored and how effective the categories appeared to be for 

participants. 
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4. Results 

4.1 Matching 

Both groups were matched with regard to estimated IQ (weighted sum of 

vocabulary and matrix reasoning of WAIS-IV, Pearson Education, Inc., San Antonio, 

TX), positive trait affect (Positive and Negative Affect Schedule Trait version 

(PANAS-Trait), Watson et al. (1988), positive scale), motivation to participate in the 

training (Freund et al., 2011) and did not differ significantly on any of the variables, 

Table 3. 

 

 
Table 3: Matching variables. Descriptive statistics for matching variables between groups 
and results for between groups difference tests. Groups were matched on IQ, positive trait 
affect (PANAS-Trait positive), motivation to participate in the training (QCM) and MRI 
experience and gender (all participants were female).  
 

4.2 Differences between SMA and aINS neurofeedback  

In the first session, regulation of neurofeedback from the aINS (by means of positive 

emotion regulation) was associated with larger absolute distance between the 

target activation level and the actually achieved magnitude of the neurofeedback, 

in comparison to regulation of SMA neurofeedback (by means of motor imagery), 

although the difference was not significant (absolute distance: aINS mean = 4.24, 

SE = 0.11; SMA mean = 3.92, SE =0.18; p = 0.16, Cohen’s d = 1.0; Figure 5 A). On the 
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level of single participants, results were supportive for group findings: All 

participants in the SMA group showed lower mean absolute distance to the target 

level than 80% participants receiving aINS feedback (Table 4). 

 

The aINS neurofeedback group did not achieve an overall gradual increase with 

target level in the first session (feedback magnitude: low target level mean = 2.45, 

SE = 0.62; medium target level mean = 2.81, SE = 0.50; high target level mean = 

2.42, SE = 0.33; r = -0.07, p = 0.96, Figure 5 B). The SMA neurofeedback group 

significantly increased the feedback magnitude accordingly to the relative height of 

the target level (feedback magnitude: low target level mean = 2.97, SE = 0.71; 

medium target level mean = 3.61, SE = 0.40; high target level mean = 4.10, SE = 

0.72; r = 0.997, p = 0.05. On average, magnitude of the neurofeedback signal was 

higher for the SMA neurofeedback group (feedback magnitude: aINS mean = 2.57 

SE = 0.44; SMA mean = 3.57, SE = 0.43) but the ANOVA revealed no significant 

differences on population level (main effect FEEDBACK MODALITY: F(1,8) = 2.61, p 

= 0.15, main effect TARGET LEVEL: F(2,16) =0.94, p = 0.41; Interaction FEEDBACK 

MODALITY * TARGET LEVEL: F(1,8) = 0.93, p = 0.42. 
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Table 4: Task performance of individual participants during session one  
Task performance with regard to achieved mean absolute distance to target-level and 
gradual up-regulation ability on single-trial level (correlation between neurofeedback 
magnitude and target levels).  
 
 

Consistency within groups regarding gradual up-regulation ability was further 

investigated by analysing gradual-upregulation ability on the level of single 

participants (correlation of mean single-trial neurofeedback magnitude with target 

levels): Nearly all participants in the SMA group (4/5) but only two participants in 

the aINS group achieved a positive trend correlation (r > 0.01) with target levels 

(CON mean r(z-value) = -0.004; SE = 0.11; CHA mean r(z-value) = 0.23; SE = 0.15; 

Table 4). 
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Figure 5: Task performance differences between SMA and aINS neurofeedback (session 
1). Group differences in the first session between the constant task group (aINS 
neurofeedback, emotion regulation, magenta) and the changing task group (SMA 
neurofeedback, motor imagery, green). A. Absolute distance to target levels and B. gradual 
up-regulation of the neurofeedback signal with increasing target level on group level and C. 
for individual participants. Across all measures of task performance, the changing task group 
showed superior performance in the first session within the current sample. Error bars 
depict the standard error of the mean. 

4.3 Differences between training styles 

4.3.1 Consistency of ROIs 

All participants showed overlap between VOIs of consecutive sessions (i.e. session 

1 and 2; session 2 and 3), 9/10 participants showed overlap across all sessions and 

the groups did not differ significantly with regard to percentage overlap of voxel for 
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all possible combinations of VOIs:  Session 1 & 2, Session 1 & 3, Session 2 & 3, and 

across all sessions (Table 5). 

 

 
Table 5: Consistency of neurofeedback target regions over time during aINS level 
modulation: Three-dimensional volume representations of neurofeedback target-regions 
showed considerable overlap within each participant and across groups over the 
neurofeedback training. The table contains the positions and cluster extensions of voxel-
cluster shared between all aINS target-level modulation runs for individual participants and 
across groups in Talairach space. 

4.3.2 Regulation of the neurofeedback signal 

ANOVA of absolute distance in the second and third session (Figure 6 A) revealed 

no significant group difference (CHA mean = 4.11, SE = 0.12; CON mean = 4.12, SE 

= 0.12;  F(1,8) = 0.02, p = 0.96) but participants improved significantly over time 

pooled across both groups (Session 2 mean = 4.28, SE = 0.09; Session 3 mean = 3.95, 

SE = 0.08;  F(1,8) = 11.78, p = 0.02) and the interaction between GROUP * TIME was 

not significant (F(1,8) = 0.163, p = 0.70). On the level of individual participants, 

results were supportive for group findings: 9/10 participants showed lower mean 
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absolute distance to the target level in the third session compared to the second 

session (Figure 6 B). 

 

ANOVA on neurofeedback magnitude in the second and third session (Figure 7) 

revealed a significant difference between groups (CHA mean = 3.63, SE = 0.25; CON 

mean = 2.63, SE = 0.25; F(1,8) = 8.16, p = 0.02), no significant main effect for session 

(Session 2 mean = 2.78, SE = 0.32; Session 3 mean = 3.48, SE = 0.22;  F(1,8) = 2.7, p 

= 0.14), no significant difference between target levels (Low target level mean = 

3.21, SE = 0.24; Medium target level mean = 3.18, SE = 0.22; High target level mean 

= 3.00, SE = 0.19; F(2,16) = 0.49, p = 0.62) and no significant interactions (GROUP * 

SESSION: F(1,8) = 2.56, p = 0.15; GROUP * TARGET LEVEL: F(2,16) = 0.32, p = 0.73; 

SESSION * TARGET LEVEL: F(2,16) = 3.44, p = 0.06; ; GROUP * SESSION * TARGET 

LEVEL: F(2,16) = 0.28, p = 0.97). Single-trial analysis results were reflective of the 

low gradual up-regulation performance across groups, although both groups 

showed a slight improvement over time (Session2: CON mean rz = -0.07; CHA mean 

rz = -0.11; Session3: CON mean rz = 0.04; CHA mean rz =-0.01).
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Figure 6: Differences betw
een training styles in absolute distance to the target-level (session 2 and 3) . Training differences in 

the second and third session, A. for the constant task group (m
agenta) and the changing task group (red) in absolute distance to 

target levels on group level and B. for individual participants. Across both groups, participants im
proved significantly over tim

e 
but no significant difference betw

een groups could be detected. Error bars depict the standard error of the m
ean.   
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To investigate how the group difference in mean neurofeedback magnitude was 

related to task performance, negative deviations from the target level 

(neurofeedback magnitude lower than the target level) and positive deviations 

from the target level (neurofeedback magnitude exceeding the target level) were 

compared separately between groups across sessions. The CHA group showed on 

average a higher ability to reach the target level (mean negative deviations from 

the target level: CHA mean = -2.74, SE = 0.18; CON mean = -3.23, SE = 0.12; p = 

0.14), but tended to exceed the target level (mean positive deviations from the 

target level: CHA mean = 1.37, SE = 0.97; CON mean = 0.90, SE = 0.15; p = 0.06), 

although the differences were not significant between groups. 
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Figure 7: Differences in gradual up-regulation of the aINS neurofeedback signal (session 2 
and 3). Training differences in the second and third session, A. for the constant group 
(magenta) and the changing task group (red) in gradual up-regulation of the neurofeedback 
signal on group level and B. for individual participants Across both groups, participants 
failed to up-regulate the signal in accordance to the height of the target level but the 
changing task group showed a significantly higher mean magnitude of the neurofeedback 
signal across session (significant main effect), which was driven by significant group 
difference during session 2. Error bars depict the standard error of the mean.  
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4.3.3 Neurofeedback regulation and positive affect 

Both groups did not show an pronounced trend increase in self-ratings of positive 

affect over the course of training (Figure 8 A, PANAS positive, Session 1: CHA mean 

= 33.60, SE = 1.75; CON mean = 33.40, SE = 1.89; Session 2: CHA mean = 35.6, SE = 

2.34; CON mean = 29.60, SE = 3.08; Session 3: CHA mean = 31.00, SE = 3.83; CON 

mean = 29.80, SE = 2.67 and the groups did not differ significantly after the training 

(p = 0.61). At the end of the training, up-regulation of the aINS was associated with 

increased positive affect across both groups (r = 0.65, p = 0.04; Figure 8 B). 

Correlation analysis between final aINS neurofeedback task performance and 

positive affect after the training revealed no pronounced relationship between 

absolute distance to target level and positive affect after the training across both 

groups (r = -0.46, p = 0.17; Figure 8 C). When separating both groups, the two 

groups showed an inverse relationship between absolute distance with task 

performance (CHA r = -0.93, p = 0.02; CON r = 0.94, p = 0.01; Figure 8 D). The 

difference between correlation coefficients was significant (p = 0.001). 

 

To increase the neurofeedback signal, both groups shared the two most prevalent 

categories of mental content for emotion regulation: Focussing on the experience 

of positive affect (9/10) and interoception (6/10), participants from both groups 

focussed on olfactory experiences (3/10), while only participants of the CHA group 

additionally focussed on somatosensory experiences (3/5) and one participant in 

the CON group additionally focussed on gustatory experiences (Table 6). Overall, 

participants in the CHA group could report more content modalities to increase the 

neurofeedback signal (CHA mean = 13, SE = 0.40; CON mean = 9, SE = 0.58) and the 

individual strategy rated as most effective for increasing the signal was indicated as 

being more reliable by participants in the CHA group (Maximal up-regulation 

effectiveness: CHA mean = 3.60, SE = 0.25; CON mean = 3.20, SE = 0.37), as well as 
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the strategy used for decreasing the neurofeedback signal (CHA mean = 3.20, SE = 

0.20; CON mean = 3.00, SE = 0.32). To assess how well participants were able to 

down-regulate the feedback signal when they exceeded the target level, maximum 

effectiveness of down-regulation was reported as well. The down-regulation 

strategies applied by participants were: Distraction (focusing on another mental 

operation than the mental operation which was used to increase the signal) or 

disengagement (reducing the mental effort for performing the mental activity). 

 

 
Figure 8: Relationship between positive affect and aINS neurofeedback. 
A. Mean ratings in positive affect per group over the course of training reveal no training 
effect, but marginally higher mean positive affect for the changing task group. B. 
Relationship between neurofeedback magnitude during the last session and positive affect 
at the end of training. Up-regulation of the aINS was associated with increased positive 
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affect after the training. C. Relationship between absolute distance to target-levels during 
the last session and positive affect at the end of training across groups. D. Relationship 
between absolute distance to target levels during the last session and positive affect at the 
end compared between groups. The changing task group showed a stronger positive 
relationship between fine grained modulation of the signal and positive affect at the end of 
training.  
 

 
Table 6: Mental strategies applied for aINS modulation during the final training session. 
The table summarizes all mental imagery modalities applied by participants for up-
regulating the aINS during the final training session and reliability ratings of strategies that 
were rated as being most efficient for up- or down regulating the neurofeedback signal. 
 

4.3.4 Task-general psychological measures 

Only the CHA group showed a trend increase in motivation (QCM, Session 1: CHA 

mean = 4.40, SE = 0.19; CON mean = 4.45, SE = 0.45; Session 2: CHA mean = 4.63, 

SE = 0.17; CON mean = 4.48, SE = 0.37; Session 3: CHA mean = 4.71, SE = 0.16; CON 

mean = 4.38, SE = 0.38). Both groups showed a trend increase in self-rated 

neurofeedback skills (NSQ quantitative scale, Session 1: CHA mean = 3.17, SE = 0.16; 

CON mean = 3.00, SE = 0.17; Session 2: CHA mean = 3.61, SE = 0.18; mean = 3.08, 

SE = 0.21; Session 3: CHA mean = 3.72, SE = 0.12; CON mean = 3.38, SE = 0.28). Over 

the course of training, differences between both groups got more pronounced 
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(Figure 9 A, B), but differences between groups were not significant at the end of 

training (QCM: p = 0.54; NSQ, quantitative scale: p = 0.10).  

 

 
Figure 9: Changes in general psychological measures of interest over the training. Mean 
ratings in general psychological measures of interest over the course of training compared 
between groups. A. Mean ratings in motivation: The changing task group showed slightly 
increased motivation at the end of training. B. Neurofeedback self-efficacy: Both groups 
increased in neurofeedback self-efficacy over the course of training, while the changing task 
group showed higher self-efficacy during all sessions.  
 
 

5. Discussion 

The current project aimed to determine whether step-wise increases in task 

difficulty can be beneficial for the outcome of neurofeedback trainings, by 

comparing neurofeedback performance between two different training styles, 

training with a constant task in comparison to training with changing tasks and 

difficulty levels. In the present study, both groups trained to regulate activation in 

the aINS to three different target levels. Gradual up-regulation ability, the relation 

between neurofeedback and the psychological target process, positive affect, and 

differences in task-general psychological measures were evaluated. 
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5.1 Differences in task difficulty between neurofeedback modalities 

To understand whether we succeeded in providing the CHA group with a lower level 

of task difficulty as starting point, we compared the ability to stabilize the 

neurofeedback signal around three target levels across the two initial 

neurofeedback tasks, which differed with regard to self-regulation modality 

between groups: motor-imagery-guided by SMA neurofeedback for the CHA group 

and positive emotion regulation to modulate aINS activation for the CON group 

(Figure 5). 

 

Within the current sample, control over SMA neurofeedback was achieved more 

reliably by participants than control over aINS neurofeedback. The CHA group was 

able to up-regulate the neurofeedback more strongly, while stabilizing it more 

accurately around target levels, compared to the CON group. While the CHA group 

was able to significantly increase the SMA neurofeedback in a linear fashion 

according to the target levels, the CON group failed to do so for the aINS. 

While several previous studies have demonstrated successful regulation of the aINS 

in the sense of increasing or decreasing its activation through emotion regulation 

guided by neurofeedback (Caria et al., 2007; Johnston et al., 2011; Zilverstand et 

al., 2015), this is to our knowledge the first study that describes attempted fine-

grained modulation on aINS activation through neurofeedback. In turn, SMA 

neurofeedback has already been tested for target-level neurofeedback and 

previous studies demonstrated that participants are able to modulate SMA 

activation to different target activation levels when provided with neurofeedback 

(Mehler et al., 2019; Sorger et al., 2016). 
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5.2 Effects of training styles 

5.2.1 Effects of training styles on neurofeedback regulation 

The groups did not differ significantly with regard to absolute distance-to-target 

level or ability to differentiate between target levels (Figure 6). Over the course of 

training, both groups significantly decreased the absolute distance to the target 

level, suggesting that both groups learned to interact with the feedback in a 

meaningful way. As the task performance was considerably low across both groups, 

the failure to detect a difference in overall task performance might have been 

influenced by a floor effect caused by the complexity of the neurofeedback task, as 

well as by low statistical power due to the limited sample size. 

To explore in more detail, whether the two groups showed differences in their self-

regulation behaviour, we investigated the tendency to up-regulate the feedback 

signal, i.e., whether participants were able to identify a mental strategy that 

increased activation in the aINS in comparison to baseline, the ability to reach / 

hold activation at the target level, as well as the ability to not exceed the target 

level. 

 

Analysis of the mean feedback magnitude revealed that participants in the CHA 

group significantly increased the neurofeedback signal more strongly than the CON 

group across both sessions, mainly during session 2 (Figure 7). Post-hoc analysis on 

feedback magnitude in relation to the target level revealed a trend for the CHA 

group to reach / hold the target level more adequately, but also to overshoot. 

Overall, these group differences suggest that participants in the CHA group 

identified more effective strategies to increase the signal, thereby facing more 

difficulties in stabilizing the signal around the target level. This notion is in 

accordance with changes in positive affect ratings over time (Figure 8 A).  
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5.2.2 Effects of straining styles on positive affect 

To investigate the efficacy of the neurofeedback training with regard to emotional 

self-regulation, we analysed the relationship between magnitude of the 

neurofeedback signal, neurofeedback performance and positive affect scores after 

training (Figure 8). Rating scores alone were not reflective of training differences or 

changes over time. But positive affect after the training was tied to the magnitude 

of the neurofeedback: A higher mean magnitude of the neurofeedback signal 

during the last session was associated with increased positive affect after the 

training. This relationship supports that the neurofeedback signal indeed reflected 

positive emotional states and is in accordance with a recent large scale study on 

endogenous generation of positive affect by Engen, Kanske, and Singer (2016). 

Here, higher valence (positive or negative), correlated with aINS activation.  

 

Additionally, only the CHA group showed a stronger positive correlation between 

neurofeedback task performance (i.e. reaching and holding a target activation 

level) and positive affect after the training. On the one hand, this could suggest that 

gaining control over the neurofeedback signal was experienced as more rewarding 

for the CHA group, leading to mood improvements after the training. On the other 

hand, these findings could also reflect that both groups developed different 

emotion regulation styles with different effects on the emotional system. A more 

thorough analysis on neurofeedback performance supported that both groups 

showed slightly different self-regulation behaviour: The CHA grouped tended to 

exceed the target level more often than the CON group, i.e. participants engaged 

more strongly in positive emotional states than needed to reach the target level. 

The CON group in turn tended to engage less in positive emotions than needed to 

reach/hold a target level compared to the CHA group. Furthermore, participants in 

the CHA group identified more strategies to up-regulate the neurofeedback signal 
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and rated their most effective up- or down regulation strategies as more reliable 

than the CON group (Table 6). However, considering the sample size of this proof 

of concept study, the correlation differences are exploratory and have to be 

validated in further research. 

 

5.2.3 Effects of straining styles on task general psychological 

processes 

To understand whether differences in training outcomes were reflected in 

differences in task-general psychological variables, we compared self-ratings on 

neurofeedback self-efficacy and motivation over the course of training on a 

descriptive level (Figure 9), taking into account the sample size. Overall, participants 

showed a general increase in self-efficacy over time, as in accordance with the 

observed improvements in task performance across groups, while only the CHA 

group increased in motivation over time. Comparing both groups, the CHA group 

showed higher neurofeedback self-efficacy during all sessions and a growing trend 

of increased motivation over time, with the group difference being most 

pronounced after the last session. Overall, results are reflective of the observed 

learning effect and suggest a slight advantage for starting the learning process with 

a less demanding initial task, although group differences were not significant at the 

end of training. 

5.3 Implications and future directions 

The paradigm of the current study revealed to be very challenging for participants: 

Although learning effects were present, participants were not able to modulate the 

aINS neurofeedback signal in accordance with target levels. This is likely due to the 

choice of the region of interest, as the aINS is part of the network generally involved 
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in neurofeedback and activation in the aINS has repeatedly been demonstrated to 

show increased activation during neurofeedback based self-regulation, across 

different mental tasks (Emmert et al., 2016) and unintentional increases in aINS 

activation can therefore be expected during neurofeedback guided self-regulation. 

The prevalence of group differences in detecting an effective strategy to up-

regulate the neurofeedback region, supported by the observed relation between 

neurofeedback magnitude and positive affect, self-regulation strategies, 

motivation and self-efficacy, suggest that the CHA group benefited more strongly 

from the training in this challenging task environment. The significantly more 

positive correlation between neurofeedback performance and positive affect 

additionally supports, that for the CHA group the reward provided by 

neurofeedback had been related to the psychological target process: Positive 

affect. Taken into account the considerably small sample size from which the results 

were acquired, expected effects were small. Nevertheless, the current effects were 

consistent across different markers of performance and thereby provide 

converging evidence across participants. 

 

While in our study, the CHA  group received a different neurofeedback tasks in the 

begin of the training, providing other (non-neurofeedback) self-regulation tasks 

before the neurofeedback training could possibly also support neurofeedback 

performance.  For example, general cognitive self-regulation training or training 

with other biofeedback modalities could be used to improve training schemes 

further, but systematic analyses are pending. 

 

Considering that many different forms of self-regulation could in theory be 

combined to facilitate treatment effects, the question which mental mechanisms 

are transferred between different forms of self-regulation arises. On the one hand, 
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it has been shown that neurofeedback guided self-regulation shares a common 

neural basis with other forms of self-regulation in executive control regions 

(Emmert et al., 2016; Marchesotti et al., 2017; Sitaram et al., 2017) and regions 

related to introspection, notably the anterior insula. General skills in self-regulation 

could therefore potentially be trained and transferred from one self-regulation 

method to another. Interestingly in the context of the current training, only 

participants from the CHA group reported to focus on somatosensory experience 

during the final emotion regulation training session. While somatosensory 

experience of imagined movements was implicated in the motor imagery localizer 

for both groups, only the CHA group performed extensive motor imagery during 

the first session, thereby potentially broadening the search space for finding 

effective mental strategies for emotion regulation later on. 

 

While some neurofeedback studies have succeeded in helping participants to 

transfer skills acquired during neurofeedback to self-regulation without 

neurofeedback (Auer, Schweizer, & Frahm, 2015; Nicholson et al., 2017) or even to 

different tasks (Gevensleben et al., 2014; Zhang, Yao, Zhang, Long, & Zhao, 2013), 

understanding the psychological basis of transfer mechanisms can be crucial for 

establishing long lasting effects of neurofeedback interventions. In this context, the 

results of the current study support a broader scope on analysing and designing 

neurofeedback interventions, by not only focusing on the psychological target-

processes or its neural reflection, but also taking the transferable aspects of self-

regulation into account. 
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5.4 Conclusion 

Overall, the current study extended the field by showing that providing participants 

with a different initial task with lower task difficulty can increase the effectiveness 

of a neurofeedback training. While in general, longer neurofeedback interventions 

can be expected to show more profound training outcomes, both groups in the 

current study spend the exact same amount of time in the MRI environment. 

Designs including an initial neurofeedback task with lower task difficulty should 

therefore be considered for increasing the cost efficacy of neurofeedback trials, by 

speeding the learning process. However, the current design is just a first proof of 

concept and future studies are needed to determine the most effective design, by 

examining different mental tasks and levels of task difficulty. 
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Supplementary  Material 

 
SI: The Neurofeedback Skills Questionnaire (NSQ) 
 
The Neurofeedback Skills Questionnaire (NSQ) was developed to assess self-
efficacy and self- regulation skills during neurofeedback trainings. Results are 
described in Chapter 2. It consists of the following, independently scored scales:  
 
 
1. Scale I. Mental Strategies 
 
1.1 Summary  
 
This subscale aims to assess how many mental strategies a participant has explored 
and how many effective mental strategies a participant has discovered to control 
the neurofeedback.  
 
It includes open questions regarding the mental content of applied regulation 
strategies as well as Likert scales that indicate the effectiveness of these strategies 
to control the neurofeedback signal. Strategies used for up-regulating and for 
down-regulating the neurofeedback signal are listed separately. For the current 
study, participants could indicate up to eight regulation strategies.  
 
1.2 Items 

Please answer the following questions on feedback during emotion regulation. 

Please describe as many strategies as you can think of to [increase / decrease] the 
feedback (if some strategies are similar try to summarize them under one term) 
and rate how effective this strategy was for you: 

Strategy 1: [Empty space for strategy description] 

[Does not work – rarely works – works sometimes – works most of the time – works always] 

Strategy 2: [Empty space for strategy description] 

[Does not work – rarely works – works sometimes – works most of the time – works always] 

… 
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1.3 Scoring 
 
Firstly, mental strategies are categorized into predefined, theoretically motivated 
categories, as common practice for qualitative data analysis. Notably, between 
different neurofeedback studies considerable variability in mental tasks and 
neurofeedback target regions exists. For this reason, mental strategies applied by 
participants should be grouped according to existing empirical evidence on the 
mental processes specific to the given neurofeedback task / target area.   
 
Secondly, the total amount of categories explored by participants should be 
summed. For example, in the case of aINS in chapter 2 of this thesis categories used 
to group answers were positive affect, olfaction, gustation, interoception, 
somatosensory experience. If a participant performed somatosensory imagery (e.g. 
imagining a pleasant touch) and olfactory imagery (e.g. imagining smelling flowers), 
this would result in a score of 2 (see Table 6). This value indicates how many mental 
domains were explored in order to identify an effective strategy.  
 
Thirdly, Likert scores of the mental strategies should be coded as:  
Does not work = 0; Rarely works = 1; Works sometimes = 2; Works most of the time 
= 3; Works always = 4. 
 
Fourthly, the maximum Likert scale rating is used as an index on whether 
participants could identify a strategy that provided full control over the signal or 
not. 
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2. Scale II. Experienced Control 
 
2.1 Summary  
 
The second scale was constructed to create a comprehensive marker of how 
participants estimate their ability to control the neurofeedback. Included questions 
should sample experiences of control in the neurofeedback setting, i.e. self-efficacy 
(including feeling of control and perceived success) and self-evaluation of acquired 
knowledge (including whether participants learned strategies to or up-/-down 
regulate the signal and whether they could predict the temporal delay between 
their mental actions and feedback changes). 
 
2.2 Items 
 
All items are answered with a Likert scale: 

[Strongly Disagree – Disagree somewhat – Neutral – Agree somewhat – Agree Strongly] 
 
 
 
2.2.1 Sorted by main categories 
 
Cluster 1A: Feeling of control 
1A1  When I changed my thoughts the feedback also changed 
1A2  The feedback followed my thoughts 
1A3   The feedback increased when I wanted it to increase 
1A4  The feedback decreased when I wanted it to decrease 
1A5   I could determine the speed at which the feedback signal would increase 
1A6  I could determine the speed at which the feedback signal would decrease 
 
 
Cluster 1B: Perceived success 
 
1B1   I was able to control the feedback 
1B2   I could reach the lowest target level when I had to 
1B3  I could reach the medium target level when I had to 
1B4   I could reach the highest target level when I had to 
1B5    I could hold the feedback near the lowest target level when I had to 
1B6   I could hold the feedback near the medium target level when I had to 
1B7    I could hold the feedback near the highest target level when I had to 
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Cluster 2A: Mental strategies  
 
2A1  I would know how to change my thoughts in order to increase the feedback 
2A2   I would know how to change my thoughts in order to decrease the feedback 
2A3      When the feedback changed, I could explain to myself 

why this was the case 
2A4      The feedback often changed without any obvious reason (Inverse scored)   

 
 

Cluster 2B: Temporal relationships  
2B1  The feedback often changed faster than I expected (Inverse scored) 
2B2  The feedback often changed slower than I expected (Inverse scored) 
2B3  I could predict how long it would take for the feedback to decrease when I 

change my thoughts 
2B4   I could predict how long it would take for the feedback to increase when I         
  changed my thoughts 
 
 
 
2.2.2 Pseudo-Randomized order 
 
1 (1A1)  When I changed my thoughts the feedback also changed 
2 (2B1) The feedback often changed faster than I expected (Inverse scored)   
3 (1A3)  The feedback increased when I wanted it to increase 
4 (1B4)  I could reach the highest target level when I had to 
5 (1B1)  I was able to control the feedback 
6 (2B2) The feedback often changed slower than I expected (Inverse scored)   
7 (1B5) I could hold the feedback near the lowest target level when I had to 
8 (1A5) I could determine the speed at which the feedback signal would increase 
9 (1B2)  I could reach the lowest target level when I had to 
10 (2B3)  I could predict how long it would take for the feedback to decrease when         

  I changed my thoughts  
11 (1B6) I could hold the feedback near the medium target level when I had to 
12 (2A1) I would know how to change my thoughts in order to increase the  

feedback 
13 (1A4) The feedback decreased when I wanted it to decrease 
14 (2A2) I would know how to change my thoughts in order to decrease the  
                feedback 
15 (1B7) I could hold the feedback near the highest target level when I had to 
16 (1A6) I could determine the speed at which the feedback signal would decrease 
17 (2A4) The feedback often changed without any obvious reason (Inverse scored) 
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18 (1B3) I could reach the medium target level when I had to 
19 (1A2) The feedback followed my thoughts 
20 (2B4) I could predict how long it would take for the feedback to increase when  

  I changed my thoughts 
21 (2A3) When the feedback changed, I could explain to myself why this was the  

  case 
 
 
 
2.3 Scoring 
 
Likert scores of the mental strategies should be coded as:  Strongly Disagree  = 1; 
Disagree somewhat = 2; Neutral = 3; Agree somewhat = 4; Agree Strongly = 5. Items 
2 (2B1), 6 (2B2) and 17 (2A4) are scored inversely. Finally, values are summed.  
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Figure SII: ROI selection procedure. During the first neurofeedback session (top) a general 
linear model (GLM) was calculated on functional data obtained during the localizer runs and 
the functional data is aligned to the anatomical data of session one. The peak voxel of the 
activation cluster in the  region of interest (aINS for emotion regulation and SMA for motor 
imagery) was selected. Subsequently, all voxels touching the peak voxel were selected (3*3 
voxel in the same slice, as well as the corresponding voxels in the slices below and above).  
The resulting region of 3*3*3 voxel constituted the neurofeedback target region of session 
one. Furthermore, the peak voxel was interpolated to 3-volume space and saved. In the 
second and third session (bottom) a short resting-state localizer scan was performed to 
determine the position of functional slices. Anatomies of session two / three were aligned 
to the anatomical image of session one in ACPC space. Subsequently, functional data was 
aligned to the anatomical scan of the respective session. Subsequently, the neurofeedback 
regions were created by selecting  3*3*3 voxel in direct proximity to the central voxel 
corresponding to the aINS or SMA (i.e. selecting grey matter voxels). 
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Chapter 3 - A stable network that adapts flexibly: 
Whole-brain activation and target-region connectivity 
during rtfMRI neurofeedback across different mental 
tasks and time 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Based on: 
Skottnik,  L., Sorger,  B., Benjamins, C., & Goebel, R.  (in preparation). A stable network that adapts flexibly: Whole-

brain activation and target-region connectivity during rtfMRI neurofeedback across different mental tasks and 

time. 
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Abstract 

Although neurofeedback has been applied in a broad variety of clinical and research 

settings, comparably little is known about changes induced by neurofeedback 

beyond the neurofeedback target region, especially with regard to changes in brain 

connectivity. To contribute to this issue, we examined the neural basis of 

neurofeedback guided self-regulation using two different fMRI markers of 

functional processing: Activation and instantaneous connectivity of the 

neurofeedback target region. To test the stability of involved networks across 

different neurofeedback tasks and time, ten participants underwent three real-

time fMRI neurofeedback training sessions, in order to learn to regulate activation 

of the anterior insula (aINS) to three different target levels, either by performing 

the identical emotion regulation task over the whole training, or by first training 

motor imagery with neurofeedback from the supplementary motor area (SMA) 

during session one. By comparing brain activation between the two different 

mental tasks, we could replicate recent findings on the involvement of a domain-

general network in neurofeedback, while additionally revealing differential 

activation in task-specific regions selectively involved in emotion regulation and 

motor imagery. Across both neurofeedback tasks, neurofeedback target regions 

showed significant increases in connectivity that overlapped with brain activation 

shared between both tasks, supporting the domain general function of the involved 

network. During subsequent sessions, activation and connectivity  remained largely 

constant. Differences between sessions where observed for activation and 

connectivity of default-mode network nodes and the anterior striatum. These 

results demonstrate that during neurofeedback a stable network is recruited, that 

adapts to different mental tasks and undergoes subtle changes over time, 

supporting the potential of neurofeedback as a reliable tool for research and clinical 

interventions. 
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1. Introduction 

During the last decade, a growing body of research has started to examine the 

underlying basis of self-regulation guided by neurofeedback. Several studies have 

demonstrated vast activation beyond the neurofeedback target region during 

neurofeedback (Johnston et al., 2011; Marchesotti et al., 2017) and a recent meta-

analysis has demonstrated that an extensive network of regions is shared between 

different mental tasks when self-regulation is guided by neurofeedback (Emmert et 

al., 2016). Multiple theoretical frameworks have been proposed to interpret the 

functional roles of involved regions (see Sitaram et al. (2017) for an overview) but 

extensive research on how different nodes of the network interact during 

neurofeedback is still pending. While previous studies have mainly focussed on 

understanding brain activation during neurofeedback, considerably less is known 

on how neurofeedback alters brain connectivity especially using the high spatial 

resolution of fMRI and its ability to observe connectivity alterations to subcortical 

regions. It is not yet understood how during neurofeedback task-specific networks 

(e.g. motor circuits recruited during motor-imagery neurofeedback) interact with 

networks recruited for cognitive control and feedback processing, and even less is 

known about how these networks are modulated through neurofeedback 

interventions over time. 

 

Observing neurofeedback-induced changes on the network level is crucial from at 

least two perspectives: First, research on the neural underpinnings and effects of 

neurofeedback could benefit strongly from a network perspective on self-

regulation during neurofeedback, as frequently neural working mechanisms are 

only observable on the level of connectivity but not prominent in analysis of 

regional activation (Gerchen & Kirsch, 2017). When examining functional plasticity 

in the brain, connectivity analysis could also provide fundamental insights into 
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training induced changes:  Recent studies on learning have shown, that acquisition 

of novel skills lead to reorganization of connectivity profiles (Büchel, Coull, & 

Friston, 1999; Daw, Niv, & Dayan, 2005). Second, several contemporary real-time 

functional magnetic resonance imaging (rtfMRI) neurofeedback approaches 

provide participants with neurofeedback information based on connectivity 

between brain regions instead of mean activation within a target region (Haller et 

al., 2013; Kim, Yoo, Tegethoff, Meinlschmidt, & Lee, 2015; Liew et al., 2016; 

Megumi, Yamashita, Kawato, & Imamizu, 2015; Yamashita, Hayasaka, Kawato, & 

Imamizu, 2017). Such connectivity neurofeedback approaches could in the future 

be fine-tuned based on connectivity pattern of networks involved.  

 

Notably, relatively little research has been performed with regard to 

neurofeedback-induced plasticity in brain connectivity. Previous research has 

focussed on analysing connectivity during neurofeedback within a certain mental 

task domain, e.g. during neurofeedback-guided mental speech (Rota, Handjaras, 

Sitaram, Birbaumer, & Dogil, 2011), auditory processing (Haller et al., 2013) or 

emotion regulation (Lee et al., 2011). Although previous research has shown, that 

different neurofeedback tasks are associated with activation in the same network 

(Emmert et al., 2016), it is an open issue how this network interacts with regions 

specifically involved in a certain mental tasks, which connectivity pattern underlie 

these interactions and how the emerging connectivity pattern changes over time.  

When examining such alterations in functional networks thoroughly, it has to be 

considered that interregional co-activations occur dynamically across different 

timescales (Sporns, 2011). Several connectivity approaches take this temporal 

complexity of brain activation into account, notably dynamic causal-modelling 

(DCM, K. J. Friston, Harrison, and Penny (2003)) and granger causality modelling 

(GCM, Roebroeck, Formisano, and Goebel (2005)). While multiple approaches have 
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been developed to estimate functional coupling under consideration of temporal 

lags between regional activation (see K. J. Friston (2011) for an overview), GCM 

allows to investigate connectivity of one brain region to the whole brain, i.e. 

without restricting analysis to an a priori defined set of regions, while still providing 

the possibility for differentiating between lagged and instantaneous connectivity, 

as far as the temporal resolution of fMRI allows. 

 

Considering the restricted amount of available information on brain connectivity 

during neurofeedback, GCM constitutes a powerful tool for exploring the 

connectivity of neurofeedback target regions without biasing results a priori. By 

applying GCM, early research on whole-brain connectivity during neurofeedback 

revealed the complexity of involved processes: Through examining the effective 

connectivity density profile of the neurofeedback target region (in this case the 

anterior insula, aINS) over five neurofeedback sessions, Lee et al. (2011) showed 

that neurofeedback training led to an early increase in overall aINS connectivity 

followed by a subsequent decrease with strengthening of remaining connections. 

Despite this network pruning over the course of training, the aINS still showed 

significant effective connectivity to over 20 cortical and subcortical hubs during the 

last session, which were either influenced by or were influencing the aINS. 

Additionally, analysis on training-related changes in functional connectivity during 

mental speech and neurofeedback have suggested increased functional 

connectivity between activation in the neurofeedback target region and 

prefrontal/parietal areas formerly implicated in language production (Rota et al., 

2011). But considering that various specialized sub-networks are suggested to be 

involved in self-regulation with neurofeedback (see Haller et al. (2013) for a 

description of the network component structure of fMRI signals during 
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neurofeedback), more fine-grained analysis of the underlying network mechanisms 

is pending. 

 

This project aims to contribute to understanding the network mechanisms of 

neurofeedback interventions, by first, differentiating regions involved in the 

specific mental task used to control the neurofeedback target from the general 

basis of self-regulation in neurofeedback, and second, by investigating training 

related changes in activation and connectivity of the neurofeedback target region 

as revealed by GCM. To perform this analysis we used the MRI data collected during 

the neurofeedback training described in chapter 2 of this thesis. Due the small 

sample size and low statistical power of this proof of concept study, we did not 

expect to detect major modulations in directional connectivity on the group level. 

Considering also that previous studies already described alterations in directional 

connectivity (Lee et al., 2011) or standard functional connectivity measures (Rota 

et al., 2011), a particular focus of this study was instantaneous connectivity as 

revealed by GCM (i.e. connectivity that represents synchronicity between regional 

brain activation rather than directional causal influences). 

 

In a first neurofeedback session, half of our sample (n=10) got familiarized with the 

rtfMRI neurofeedback environment by training to gain control over the mean 

blood-oxygen-level dependent signal of the supplementary motor area (SMA) using 

motor imagery, while the other half of the sample trained to regulate the anterior 

insula (aINS) using positive emotion regulation. In two subsequent neurofeedback 

sessions, both groups continued with aINS/positive emotion regulation. This data 

design enabled us to observe neural correlates of neurofeedback shared between 

different neurofeedback tasks (session one), while also providing the possibility to 

observe later changes in the neural basis of emotion-regulation neurofeedback in 
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the whole sample (session two and three), when participants were already 

familiarized with the neurofeedback environment and could focus on increasing the 

effectiveness of their self-regulation skills. By providing participants with rtfMRI 

neurofeedback and analysing whole-brain activation and connectivity during 

neurofeedback, we specifically aimed at answering the following research 

questions: 

 

1. Which regions are specifically recruited during motor imagery and emotion 

regulation, and which regions are shared between these two mental tasks?  

 

2. Does the set of regions activated during the neurofeedback training work 

together as a network to support regulation of the neurofeedback target, i.e. do 

activated regions show functional coupling / connectivity to the neurofeedback 

target region? 

 

3. How does whole-brain activation and connectivity of the neurofeedback target 

region change over the course of a neurofeedback training? 

 

 

2. Methods and Design 

2.1 Participants 

Ten healthy female participants (age: Mean = 22.9 years, SD: 4.43 years; 1 left-

handed), all students of Maastricht University with normal or corrected-to-normal 

vision participated in the study (see chapter 2 for details). None of the participants 

had participated in a neurofeedback experiment before or was experienced in 
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meditation. Participants were assigned to one of two training style groups (constant 

task scenario [CON] or changing task scenario [CHA]) using a minimization 

procedure for outcomes on relevant markers of cognitive function, MRI experience 

and emotional state (see analysis section 3.1). Before each MRI scanning session, 

participants gave written informed consent to participate in the study. The 

experimental procedure was approved by the local Ethics Committee of the Faculty 

of Psychology and Neuroscience at Maastricht University. 

 

2.2 Experimental procedure 

All participants took part in a two-hour psychometric test session before the start 

of the neurofeedback training. Based on results of this behavioural session, 

participants were assigned to one of the two training-style groups (see also chapter 

2, Figure 1). After acquisition of anatomical MRI and localization procedure (details 

below), the CHA group started the first session with SMA neurofeedback to achieve 

three target levels (low [20% of the individual maxPSC], medium [50% of the 

individual maxPSC] or high [80% of the individual maxPSC]) using motor imagery 

and finished the first session with a single run of neurofeedback guided up-

regulation of the aINS. In the subsequent two sessions, the CHA group started with 

a single run of motor-imagery-guided SMA neurofeedback aimed at reaching the 

target levels and continued with neurofeedback-regulation to target levels using 

positive emotion regulation. After undergoing the same acquisition procedure of 

anatomical MRI and localization procedure, the CON group performed three 

sessions of aINS neurofeedback-regulation to target levels using positive emotion 

regulation across all neurofeedback runs. All neurofeedback sessions of a 

participant were scheduled in subsequent calendar weeks. 
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2.3 Visual stimulation and instructions 

2.3.1 Localization procedures 
aINS localizer.  Pictures with positive affect and high arousal (mean normative 

ratings for female participants in valence 8.23 [SD 0.23], arousal mean =  4.78 [SD 

0.74]) and neutral valence and average arousal (valence mean = 4.95 [SD 0.07], 

arousal 3.17 [SD 0.68]) from the International Affective Pictures System (IAPS, Lang, 

Bradley, and Cuthbert (1997)) were presented in randomized fashion in blocks of 

four pictures (1.5 s per picture, 6 sec per picture block, 12 picture blocks per valence 

category), alternating with 12 s fixation periods. The first fixation period had a 

duration of 16 s (resulting in 448 s in total). Participants were instructed to observe 

the pictures and emerging emotions. This localization paradigm has previously been 

shown to localize regions involved in positive affect that can be up-regulated via 

generation of positive emotions guided by neurofeedback and the right anterior 

insula was most commonly activated across participants (Johnston et al., 2011). 

 

SMA localizer.  To determine the SMA involved in motor imagery, participants were 

presented with a white fixation cross during rest, which turned red when 

participants were asked to imagine performing a movement as vivid as possible. 

Rest blocks (16 s) alternated with motor-imagery blocks (20 s) until participants had 

performed twelve motor-imagery blocks. The first rest period had a duration of 20 

s (resulting in 452 s in total). 

 

During neurofeedback runs, rest blocks (20 s) alternated with neurofeedback blocks 

(30 s) until participants had performed nine neurofeedback blocks, the first rest 

block had a duration of 90 seconds to accommodate participants to the scanning 

situation (resulting in 540 s in total). During the whole neurofeedback run, a 

thermometer-like display was displayed (Figure 2), consisting of ten equally sized 
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segments. During rest periods, only the thermometer (white on black background) 

was visible and participants were instructed not to think of anything particular. 

During neurofeedback trials, a certain segment of the thermometer was marked 

red and participants were instructed to increase the appearing neurofeedback 

signal (depicted by segments filled in grey) and stabilize it at the height of the target 

level. Apart from the last run of the first session for the CHA group (where only the 

highest segment, [10], was marked red), the selected segments were 2, 5 and 8, 

alternating in random order. 

 

2.3.2 Self-regulation instructions 
In the psychometric session, participants in both groups were informed that they 

would train to achieve control over brain activation within a region of their brain 

involved in emotion regulation, and were briefly introduced to the target-level 

design. Instructions for both groups differed only with regard to task instructions 

during the actual neurofeedback sessions, where the CHA group was additionally 

provided with instructions for SMA self-regulation through motor imagery and 

neurofeedback. 

 

For regulating the aINS neurofeedback signal, participants were provided with the 

information, that the neurofeedback signal originated from a brain region involved 

in positive emotions. It was suggested to participants to increase the signal by 

imagining or remembering positive events but that they were free to explore and 

identify their personal strategy, which was most effective to reach the different 

target levels. For regulating the SMA-neurofeedback signal, participants were 

provided with the information that the neurofeedback signal originated from a 

brain region involved in initiating movements. It was suggested to participants to 

increase the signal by imagining a movement while focusing on the somatic-
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experience accompanied by this movement, but that they were free to explore and 

identify their personal strategy, which was most effective to reach the target level. 

To down-regulate the neurofeedback signal across both types of training, 

participants were instructed to vary the intensity of their mental operation or to 

focus on something task-irrelevant.  

 

2.4 Data acquisition 

All MR images were recorded using a 3-T Siemens Magnetom Prisma MRI system 

(Siemens, Erlangen, Germany) with a 64-channel receiver head coil. 

 

Structural data acquisition 

All participants underwent a T1-weighted anatomical scan using a three-

dimensional (3D) magnetization prepared rapid-acquisition gradient-echo 

(MPRAGE) sequence (192 slices, slice thickness = 1 mm, no gap, TR =2250 ms, TE = 

2.21 ms, FA = 9, FOV = 256 x 256 mm2, matrix size = 256 x 256) in every MRI session. 

 

Functional data acquisition 

Functional images were acquired with a T2*-weighted echo-planar imaging (EPI) 

sequence. Except for the number of acquisitions (aINS localizer: 448 volumes; SMA 

localizer: 452 volumes; neurofeedback runs: 540 volumes) identical scanning 

parameters were used for all functional measurements that were optimized with 

regard to sampling frequency of 1000ms, which resulted in a higher temporal 

resolution compared to standard EPI sequences, thereby supporting specificity of 

connectivity analysis (48 slices, slice thickness = 2 mm, 1 mm gap, TR = 1000 ms, TE 

= 30 ms, FA = 50, FOV = 210 x 210 mm2, matrix size = 70 x 70, multi-band 



 113 

acceleration factor = 3, slice encoding direction = anterior to posterior).  Regarding 

acquisition of non-MRI data, see chapter 2. 

 

 

3. Analysis 

3.1 Matching 

Participants were assigned to one of two training style groups using a minimization 

procedure (sequential balancing, Borm, Hoogendoorn, den Heijer, and Zielhuis 

(2005)) with the factors previous participation in MRI experiments, estimated IQ 

(weighted sum of vocabulary and matrix reasoning of WAIS-IV, Pearson Education, 

Inc., San Antonio, TX), positive trait affect (Positive and Negative Affect Schedule 

Trait version (PANAS-Trait), Watson, Clark, and Tellegen (1988), positive scale), 

motivation to participate in the training (Freund, Kuhn, & Holling, 2011), see 

chapter 2 for details. 

3.2 Neurofeedback preparation and generation 

3.2.1 Analysis of anatomical data 

Analysis of anatomical data was performed in Brainvoyager QX Version 2.8 

Anatomical data sets were corrected for spatial intensity inhomogeneity. For all 

participants, the anatomical data set from the first session was transferred into 

ACPC space and the anatomical data set from the second and third session was 

automatically aligned to the ACPC version of the first data set. For post-hoc analysis, 

anatomical data-sets were accordingly transferred into Talairach space (Talairach 

& Tournoux, 1988). 
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3.2.2 Creation of neurofeedback target regions 

Neurofeedback target regions were defined in Turbo-Brain Voyager (V2.8, Brain 

Innovation B.V., Maastricht, the Netherlands) based on activation during the 

localizer runs (see Figure SII of chapter 2 for a visualization of the procedure): 

During the first neurofeedback session, a general linear model (GLM) was 

calculated on the pre-processed (motion corrected, linear trend removed and 

aligned to anatomical scans in ACPS space) functional data obtained during the 

localizer runs. From the corresponding contrast (positive pictures vs. rest [aINS 

localizer] and motor imagery vs. rest [SMA localizer], functional voxels were 

selected based on the maximal F-values located in the anatomically defined areas 

in which the specific regions of interest were defined (aINS for emotion regulation 

and SMA for motor imagery). Around the peak voxel of an activation cluster all 

touching voxels in the same functional slice were selected (3*3 voxel in one slice), 

as well as the corresponding voxels in the slices below and above the central-voxel 

(resulting in a square shaped ROI: 3*3*3 voxel in total). The peak voxel was 

interpolated to 1*1*1 voxel and saved in ACPC space (this was done in order to 

guide ROI selection during subsequent sessions). 

 

In the second and third session, a short resting-state localizer scan was performed 

(10 volumes) to determine the position of functional slices. Functional data was 

aligned to the T1-weighted images in of the respective session, which was aligned 

to the anatomical image of session one in ACPC space. Subsequently, the region of 

interest was created by selecting 3*3*3 voxel in direct proximity to the central voxel 

of the first session’s ROI, that corresponded to the respective anatomically defined 

areas of each neurofeedback condition (SMA or aINS). This approach supported the 

selection of corresponding functional voxels despite slight differences in slice 

positioning across sessions. Furthermore, this allowed to create regions of interest 
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of the same size in 2D functional space, despite several interpolations between 2D 

and 3D space with differing voxel sizes (3-mm isovoxel for functional data, 1 mm 

isovoxel for T1-weighted scans); slight differences in sizes remained due to 

differences in slice orientation and manual selection errors (see chapter 2 for a 

detailed description of the ROIs). For further offline-analysis, the 2D functional ROIs 

where interpolated to 3D volumes of interest (VOIs) and transferred into ACPC 

space.  

 

3.2.3 Generation of neurofeedback information 

The neurofeedback signal was calculated with following the general procedure 

previously validated for neurofeedback target-level designs by Sorger, Kamp, 

Weiskopf, Peters, and Goebel (2016): In short, the percent signal change (PSC) of 

the current pre-processed volume of the consecutive runs was calculated as mean 

activation of all voxels within the particular ROI, with respect to a local baseline. For 

the current study, the percent signal change (PSC) of a given volume was calculated 

as the temporarily smoothed (by a factor of 6; i.e., the mean of the current and the 

five previous time-points) to stabilize the feedback signal acquired with the 

relatively high TR of 1000 ms. The average activation during the preceding rest 

block constituted the baseline for the consecutive neurofeedback block. 

 

The PSC was then normalized by a maximum PSC (maxPSC), which was defined as 

follows: For emotion regulation, the maxPSC was set to 1% for all participants, to 

verify comparability between groups. For SMA regulation, the maxPSC was 

determined based on the mean percent signal change in the selected voxels of the 

localizer run (mean = 1.4%, SD = 0.42%; see chapter 2). The PSC at each TR was 

transformed into a feedback value on a scale between 0 and 10, where 10 
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corresponded to maxPSC and each segment to 10% of the maxPSC in relation to the 

previous baseline period, so that the target levels 3, 5, 8 corresponded to 30%, 50% 

and 80% of the maxPSC. In the thermometer display provided to participants, 

values below zero and above 10 were displayed as ”0” and ”10”, respectively. 

 

3.3 Post-hoc analysis of (f)MRI data 

All analysis was performed using BrainVoyager QX (v2.8, Brain Innovation, 

Maastricht, the Netherlands). 

 

3.3.1 (f)MRI Pre-Processing 
Anatomical data sets were corrected for spatial intensity inhomogeneity. For all 

participants, the anatomical data set from the first session was transferred into 

ACPC space and the anatomical data sets from the second and third sessions were 

automatically aligned to the ACPC version of the first data set. All data sets were 

spatially normalized by Talairach transformation. All functional data sets 

underwent slice scan-time correction, linear trend removal and temporal high-pass 

filtering (two cycles per time course). Three-dimensional (3D) head-motion 

detection and correction was applied by spatially aligning all functional volumes of 

a session to the first functional volume of the first run within that session. Finally, 

all functional runs were spatially normalized to Talairach space and interpolated to 

a 3-mm3 voxel resolution. For whole-brain and masked analysis, functional data was 

smoothed in 3D with a 6-mm FWHM Gaussian kernel. 
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3.3.2 Activation within and across neurofeedback modalities 
To reveal activation specific to a certain neurofeedback task, as well as activation 

shared across different neurofeedback tasks, a twofold analysis was performed on 

the data of session one, in which both groups performed different neurofeedback 

tasks (CON: emotion-regulation with aINS neurofeedback; CHA: motor-imagery 

with SMA neurofeedback): 

 

First, to take into account the low sample size within each neurofeedback modality 

(n=5), at first an exploratory analysis was performed: A whole-brain fixed-effects 

general-linear model (FFX GLM) was carried out within each neurofeedback 

modality (emotion regulation / aINS neurofeedback and motor imagery / SMA 

neurofeedback), including the factors neurofeedback target levels (low: 20%, 

medium: 50%, high: 80% of the individual maxPSC), as well as six motion 

parameters as confounding predictors. Resulting maps were Bonferroni corrected 

at a threshold of p = 0.005. To identify regions that were activated in the aINS group 

and the SMA group, an intersection analysis was performed on the multiple-

comparison corrected t-maps: Significant activation clusters were transformed into 

3D volumetric representations in Talairach space, using a cluster threshold of 540 

anatomical voxel, and intersections between the 3D volumes of both groups were 

defined (logical AND). This approach constituted a first exploratory investigation of 

the overlap that aimed to determine the detectability of the neurofeedback 

network in small samples (n = 5) and its spatial consistency across neurofeedback 

modalities. 

 

Second, to apply a stricter statistical criterion, a random-effects-analysis GLM (RFX) 

was calculated across all participants, including the factor target levels (low, 

medium, high) and neurofeedback modality (emotion and motor imagery), as well 
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as six motion parameters as confounding predictors. To prevent type two errors 

due to the sample size, analysis was restricted to voxels within 15mm radii around 

cortical and 20mm radii around two subcortical meta-analytic peak voxels centred 

in the thalamus (with the resulting mask also including the basal ganglia), that 

marked activation increases across several neurofeedback studies compared to rest 

(Emmert et al., 2016). Additionally, overlap between feedback modalities with this 

network was specified by performing a conjunction analysis of RFX activation of the 

two neurofeedback conditions. 

 

3.3.3 Connectivity within and across neurofeedback modalities 
To investigate which regions synchronize activation with the target region during 

neurofeedback (i.e. not only showing generally increased activation during 

neurofeedback periods), a twofold analysis was performed: 

 

First, for each participant, Granger causality maps (GCMs) were computed from 

signal time courses of the first session between voxels in the neurofeedback target 

region and the rest of the brain in the scanned volume. The average time course 

within modulation periods of individual neurofeedback regions was taken as a 

reference to estimate the instantaneous non-directed correlation and the directed 

correlation by considering it as a potential target of influence from voxels from the 

rest of the brain, as well as a potential source (for an overview of the procedure see 

Goebel, Roebroeck, Kim, and Formisano (2003), Roebroeck et al. (2005)). 

Subsequently, significant instantaneous and directed connectivity of the target 

region was identified using a t-test against 0 on all individual connectivity maps 

(cluster corrected at p = 0.001) within each feedback modality as well as across all 

participants. This step was performed separately for instantaneous and directed 

connectivity maps. This analysis resulted in six group maps (emotion, motor 
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imagery, respectively for directional and instantaneous connectivity). The created 

maps showed voxels that underwent functional coupling with the neurofeedback 

target region while discarding major directional influences (instantaneous 

connectivity) or directional connectivity. Connectivity maps of individual 

participants were inspected for major interference of global variations in signal 

intensity.  

 

Second, to determine whether regions showing the previously described activation 

increases and decreases during neurofeedback also functionally interact with the 

neurofeedback target region, intersections between connectivity and activation 

cluster were investigated: Cluster with significant connectivity to the target region 

on the group level were transferred into volumetric representations and their 

intersections with volumetric representations of significant FFX activation clusters 

shared between both training groups was determined (logical AND; see Table 1, 

“shared cluster“).  

 

3.3.4 Activation during emotion regulation over time 
To reveal activation constant and changing over time during emotion-regulation 

neurofeedback, a twofold analysis was performed: 

 

First, to reveal activation across the whole brain constant across and different 

between sessions, while taking account the low sample size (per session and group: 

n = 5), at first an exploratory analysis was performed: Within each learning style 

group (constant [CON] and changing [CHA]) and full-sample emotion regulation 

session (session two and three) one FFX GLM analysis was performed using the 

factors neurofeedback target-level (low, medium, high) and six motion parameters 

as confounding predictors. Effects were modelled using a boxcar function, which 
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was convolved with the Two-Gamma hemodynamic impulse function (K. Friston et 

al., 1998). This resulted in four activation maps for [neurofeedback > baseline], one 

per group and session. The maps were each Bonferroni corrected at a threshold of 

p = 0.005. To identify regional activation present within each group and session, an 

exploratory intersection analysis was performed on the multiple-comparison 

corrected t-maps: Significant activation clusters within each session and group 

were transformed into 3D volumetric representations in Talairach space, using a 

cluster threshold of 540 anatomical voxel, and intersections between the 3D 

volumes of both groups were defined (logical AND). This approach constituted a 

first exploratory investigation of the overlap that aimed to determine the 

detectability of the neurofeedback network in small samples (n = 5) and its spatial 

consistency across training time-points and training styles. 

 

Second, a stricter statistical criterion was applied for analysing activation pattern 

during session two and three: A RFX GLM analysis was carried out across all 

participants, including the factors neurofeedback (target-level low, medium, high) 

and time (session two and three) and six motion parameters as confounding 

predictors. Effects were modelled using a boxcar function, which was convolved 

with the Two-Gamma hemodynamic impulse function (K. Friston et al., 1998). To 

prevent type two errors analysis was restricted to voxels within 15mm radii around 

cortical (anterior cingulate cortex [ACC], ventrolateral and dorsolateral PFC [vlPFC 

/ dlPFC],  temporo-parietal cortex, parietal cortex) and 20mm radii around and two 

subcortical (centred in the thalamus, with the resulting mask also including the 

basal ganglia) meta-analytic peak voxels, that marked activation increases across 

several neurofeedback studies (Emmert et al., 2016). Additionally, overlap across 

feedback modalities with this network on the group level was further investigated 

by subsequently performing a conjunction analysis of Session three and Session 
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two. Activation changes over time were investigated by contrasting Session three > 

Session two. 

 

3.3.5 Connectivity over time 
To reveal whether whole-brain connectivity of the neurofeedback target region 

changes over time, a twofold analysis was performed: 

 

First, to determine statistically significant connectivity profiles within each full 

emotion regulation training session (session two and three, each n=10), a t-test 

against 0 on all individual GCM connectivity maps within the given session was 

performed (separately for instantaneous and directed connectivity maps). 

Subsequently, connectivity maps of individual participants were inspected for 

major influences of variations in global signal intensity. While global variations in 

signal intensity have been shown to reduce the specificity of connectivity estimates 

(Murphy & Fox, 2017), overcorrection of global effects also carries the risk of 

inducing false negatives into analysis (i.e. correcting true effects, see 

Weissenbacher et al. (2009)). Due to the risk of corrupting real condition effects, 

only individual participants’ connectivity maps showing target region connectivity 

to all voxels of the brain at an participant threshold of FDR(q) < 0.01 were 

reprocessed with additional adjustment for mean intensity (MIA) of functional 

datasets. To understand whether subsequent results were influenced by unspecific 

effects of the MIA, the respective participants’ data was additionally adjusted for 

mean intensity at the other timepoint as well and compared with uncorrected 

results.  

 

Second, after verification of significant group results (only present for 

instantaneous connectivity) an exploratory analysis was conducted to describe the 
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instantaneous connectivity pattern within groups as well as within sessions, to 

provide more nuanced insights into potential mechanisms underlying the results of 

the main statistical analysis: After estimating instantaneous connectivity maps for 

all participants, sessions and groups in relation to neurofeedback target region as 

described before (resulting in 30 connectivity maps in total), within each time-point 

and group shared connectivity pattern were revealed using a t-test against 0 with a 

threshold of p = 0.005 and p = 0.1 to provide a descriptive overview on the small 

sample connectivity pattern (n=5).  

 

 

4. Results 

4.1 Activation within and across neurofeedback modalities 

To reveal activation specific to a certain neurofeedback task, as well as activation 

shared across different neurofeedback tasks, a twofold analysis was performed on 

the data of session one, in which both groups performed different neurofeedback 

tasks (CON: emotion-regulation with aINS neurofeedback; CHA: motor-imagery 

with SMA neurofeedback): 

 

First, comparing whole-brain FFX GLM results for neurofeedback > rest within each 

task modality (Figure 1, A Table 1) revealed activation of both neurofeedback tasks 

in the general locations consistent with previous meta-analytical evidence on a 

particular network activated during neurofeedback (Emmert et al., 2016), 

specifically in prefrontal areas (including the bilateral aINS, vlPFC, dlPFC, ACC and 

SMA), lateral parietal lobe (LPL; including the intraparietal sulcus, IPS) and lateral 
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occipital cortex (LOC) and the left anterior striatum, and additionally deactivation 

in the posterior insula (pINS).  

 

 
Table 1: Whole-brain activation during session one, FFX results. The table contains 
location, extension and statistical properties of significant clusters revealed by whole-brain 
FFX analysis (neurofeedback > rest) thresholded at Bonferroni corrected p < 0.005, including 
clusters with over 540 anatomical voxel (coordinates in Talairach space) for clusters showing 
overlap between both neurofeedback modalities, clusters only active during emotion 
neurofeedback and clusters only active during motor-imagery neurofeedback. Remarks: L, 
left; R, right, otherwise bilateral. 
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Figure 1: Whole-brain FFX activation results of emotion and motor-imagery 
neurofeedback.  The figure displays whole-brain activation during motor imagery with SMA 
neurofeedback and emotion regulation with aINS neurofeedback during session one 
compared to rest. A. Groups showed different activation pattern in mental task-specific 
regions (Emotion regulation was associated increases in anterior frontal areas, as well as 
more pronounced deactivation of the DMN and the occipital lobe, while motor imagery was 
associated by modulations in lateral parietal areas and increased brainstem activation). 
Both neurofeedback modalities showed (de-) activation in cortical and subcortical clusters 
associated with neurofeedback guided self-regulation (turquoise/white). Results are 
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overlaid on the average group anatomy. B. Three dimensional reconstructions of main 
overlap clusters (over 300 voxel size) closely resembled recent meta-analytical findings on 
neural correlates of neurofeedback with additional deactivation in the pINS (black), see 
Table 1 for details. Remark: Colour variations of clusters in B for visibility. 
 
 
 
During emotion regulation also dlPFC and frontopolar activation was observable as 

well as deactivation in the occipital cortex, left posterior insula (pINS) cortices and 

the precuneus, a major hub of the default-mode network (DMN), while during 

motor imagery distributed activation and deactivation in occipito-parietal areas 

could be observed as well as increased brainstem, inferior temporal gyrus and right 

anterior striatum activation. Intersection analysis (Figure 1, B; , Table 1) revealed 

overlapping activation of both neurofeedback task modalities in the bilateral lateral 

PFC (including aINS), lateral parietal cortex, SMA, ACC/medial frontal gyrus (MFG), 

cerebellum, left anterior striatum, right lateral occipital cortex and deactivation in 

the right pINS. 

 

Second, RFX GLM analysis within the neurofeedback network (Emmert et al., 2016) 

supported group overlap results, revealing significantly increased activation in main 

hubs of the network when pooled across both task modalities (Figure 2), for details 

see Table 2. A conjunction analysis of within group RFX results did not result in 

significant conjunction clusters, a contrast analysis of emotion regulation > motor 

imagery did not reveal significant differences between task modalities in the 

neurofeedback network. 
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Table 2: Brain activation in the neurofeedback network across neurofeedback 
modalities during session one, RFX results. The table contains location, extension 
and statistical properties of significant clusters revealed by RFX analysis 
(neurofeedback > rest) in 15 mm proximity to cortical activation peaks and 20 mm 
of the subcortical activation peak of the neurofeedback network described by 
Emmert et al. (2016). Results were FDR corrected with q < 0.05 (coordinates in 
Talairach space). Remarks: L, left; R, right, otherwise bilateral. 
 

 

 
Figure 2: Neurofeedback network RFX results across emotion and motor-imagery 
neurofeedback. The figures displays RFX results across motor imagery/ SMA neurofeedback 
and emotion regulation/ aINS neurofeedback in session one compared to rest, for areas 
previously described as being reliably activated during neurofeedback by Emmert et al. 
(2016) overlaid on the average group anatomy. Across both neurofeedback modalities, 
significant activation was detected in the vlPFC, aINS, striatum, SMA/premotor cortex and 
lateral PL, see Table 2 for details.  
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4.2 Connectivity within and across neurofeedback modalities 

To investigate which regions synchronize activation with the target region during 

neurofeedback (i.e. not only showing generally increased activation during 

neurofeedback periods), a twofold analysis was performed: 

 

First, t-tests against zero within neurofeedback modalities revealed no significant 

directed connectivity but significant instantaneous connectivity between an 

occipital cluster and the neurofeedback target region (SMA) during motor imagery 

(Figure 3, A; Table 3), but no significant connectivity during emotion regulation (for 

the aINS). A distributed network of regions with significant connectivity could be 

observed when pooling over both neurofeedback modalities, including the 

precuneus, cerebellum, occipital cortex, ACC, temporoparietal junction (TPJ), vlPFC 

and dlPFC (Figure 3, B; Table 3).  

 

Second, intersection analysis between connectivity to target regions across groups 

and activation increases in the neurofeedback network revealed that the majority 

of regions with increased activation also show increased connectivity to the 

respective neurofeedback target region: Increased activation and connectivity 

overlapped in the ACC, IFG, lateral prefrontal cortex, cerebellum and occipital lobe 

and deactivation with connectivity to the pINS, the lateral parietal lobe and the 

pINS (Figure 3, Table 4). 

 

 



 128 

        
Figure 3: Instantaneous connectivity of the neurofeedback target regions during emotion 
and motor-imagery neurofeedback. The figure displays instantaneous connectivity of the 
respective neurofeedback target region during motor imagery (SMA, green) and emotion 
regulation (right aINS, purple) guided by neurofeedback overlaid on the average group 
anatomy. A. Connectivity of SMA during motor-imagery neurofeedback to cuneus and right 
lateral occipital cortex (no significant connectivity of the aINS during emotion regulation), 
see Table 3. B. Connectivity pooled across both neurofeedback modalities revealed 
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significant connectivity across both respective target regions (SMA or aINS) to a network of 
cortical and subcortical clusters of the neurofeedback network C. Three-dimensional 
reconstructions of connectivity across groups overlapped in most clusters with whole-brain 
FFX activation results (overlap with activation: yellow/red; Overlap with deactivation: blue), 
see Table 4.  
 
 

 
Table 3: Instantaneous connectivity results for session one. The table contains location, 
extension and statistical properties of clusters with significant connectivity to the respective 
neurofeedback target region during neurofeedback periods, cluster corrected at p < 0.001, 
for connectivity during motor imagery/SMA neurofeedback, emotion regulation/aINS 
neurofeedback and connectivity pooled across both neurofeedback modalities. Remarks: L, 
left; R, right, otherwise bilateral.  
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Table 4: Overlap between whole-brain activation and connectivity of the respective 
neurofeedback target region during session one. The table contains location and extension 
of overlap between connectivity maps and whole-brain activation (FFX) shared between 
both neurofeedback modalities. Remarks: L, left; R, right, otherwise bilateral. 
 

 

4.3 Activation during emotion-regulation neurofeedback over time 

To reveal activation stable and changing over time during emotion regulation / aINS 

neurofeedback, twofold results were acquired: 

 

First, whole-brain FFX GLM analysis carried out within each group (learning 

schedule either constant (CON) or changing (CHA)) revealed stable (de-)activation 

in the neurofeedback network and emotion regulation regions across both groups 

and sessions (Figure 4, A; Table 5), with overlapping activation increases in the 

bilateral aINS, vlPFC, dlPFC, fronto-polar cortex, bilateral inferior temporal gyrus, 

distributed parietal areas, lateral occipital cortex (LOC) as well as shared 

deactivation in the DMN (vmPFC, precuneus/ posterior cingulate) and the bilateral 

pINS. Comparing session two and three, both groups shared extended deactivation 

in the OFC and the anterior default mode network (vmPFC) only during the last 

session. Overall, FFX maps of groups and sessions showed high consistency in 
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cortical (de-)activation clusters of the neurofeedback network, but not in 

subcortical areas, where the anterior striatum was activated significantly only by 

the CHA group during both sessions, and striatal activation changed from extensive 

bilateral anterior striatum activation during session two to a more defined 

activation in the right anterior striatum during session three (Supplementary Figure 

SI).  

 

Second, the RFX GLM analysis across all participants (Figure 4, B; Table 6) restricted 

to voxel in proximity of activation peaks of the neurofeedback network supported 

the involvement of a general network of regions involved not only across tasks, but 

also across time, with distributed activation increases across the neurofeedback 

network, specifically in the bilateral dlPFC, vlPFC, SMA, and deactivation in the 

bilateral pINS, while conjunction analysis and contrast analysis between Session 

three and Session two did not reveal any significant conjunction or differences. 
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Figure 4: Effect of time on brain activation during aINS neurofeedback (session two and 
three). A. Activation specific to or shared between session two and three during 
neurofeedback compared to rest overlaid on the average group anatomy (FFX results). The 
figure shows overlap in significant activation clusters during aINS neurofeedback between 
the CON and the CHA group during session two (yellow, purple) and session three (red, 
blue). During both sessions, the groups shared activation in cortical clusters of the 
neurofeedback network (white) and deactivation in the pINS (black), but notably not in 
subcortical clusters. Session three was associated with more extensive deactivation in the 
DMN and the anterior PFC across both groups. B. Three dimensional reconstructions of 
activation during aINS-neurofeedback in the neurofeedback network across sessions 2 and 
3 (RFX results). Activation increases in lateral prefrontal, parietal and occipital regions and 
deactivation in the pINS.
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Table 5: W
hole-brain activation during session tw

o and three, FFX results. The table contains location, extension and statistical 
properties of significant clusters shared betw

een both training groups from
 w

hole -brain FFX analysis (neurofeedback > rest) 
thresholded at Bonferroni corrected p < 0.005, including clusters w

ith at least 540 anatom
ical voxel (coordinates in Talairach 

space) for clusters only shared w
ithin session tw

o/three or across both sessions. Rem
arks: L, left; R, right, otherw

ise bilateral. 
See supplem

entary Figure SI for a visualization. 
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Table 6: Brain activation in the neurofeedback network during emotion-regulation 
neurofeedback across sessions 2 and 3, RFX results. The table contains location, extension 
and statistical properties of significant clusters revealed by RFX analysis (neurofeedback > 
rest) in 15 mm proximity to cortical activation peaks and 20 mm of the subcortical activation 
peak of the neurofeedback network described by Emmert et al. (2016). Results were FDR 
corrected with q < 0.05 (coordinates in Talairach space). Remarks: L, left; R, right, otherwise 
bilateral. 
 

4.4 Connectivity during emotion-regulation neurofeedback over 
time 

To reveal whether whole-brain connectivity of the neurofeedback target region 

undergoes changes over time, a twofold analysis was performed: 

 

First, analysis connectivity on the full-sample emotion regulation sessions two and 

three (t-test against 0; Figure 5, A; Table 7) revealed no significant directed 

connectivity. In session two, significant instantaneous connectivity was present to 

hubs of the neurofeedback network, i.e. right ACC, vlPFC, aINS, bilateral dlPFC, TPJ, 

LPL, and occipital cortex (OC) / cerebellum, left medial temporal gyrus (MTG), while 

during session three no significant instantaneous connectivity was present. 

Subsequent inspection of individual connectivity maps revealed that one 

participant time-point (P04, session three, CHA group) showed significant 
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connectivity between the target region and all voxels of the brain at a threshold of 

FDR(q) < 0.01 imposing a major influence on group statistics (supplementary Figure 

SII): After adjustment for mean intensity of this data-set, group results for 

instantaneous connectivity in session three showed high consistency (i.e. overlap) 

with connectivity results of session two: Major hubs of the neurofeedback network 

showed significant connectivity to the target region, i.e. right vlPFC and MTG, 

bilateral ACC, dlPFC, aINS, LPL, OC / cerebellum, posterior cingulate cortex (PCC), 

precuneus, left dLPFC, and anterior striatum. Connectivity cluster of session two 

and three overlapped in the right ACC, vLPFC, aINS, bilateral dlPFC, precuneus, LPL 

and OL / cerebellum. To test whether significant connectivity clusters that were 

unique to session three could be attributed to unspecific effects of the mean 

intensity adjustment, analysis of session two was repeated with mean intensity 

adjustment but revealed no additional activation in the PCC, left insula and striatum 

(supplementary Table  SIII). Overall, connectivity between the target region and the 

neurofeedback network instead decreased, suggesting that task-relevant variance 

was excluded by the mean intensity adjustment in this case. 

 

Second, the exploratory analysis on instantaneous connectivity of the 

neurofeedback target region within groups as well as within sessions 

(supplementary Figure SII) revealed slightly higher overall connectivity of the target 

region during motor imagery / SMA neurofeedback (CHA group) compared to 

emotion regulation / aINS neurofeedback (CON group) during session one. Over 

time (sessions one to three), there was no visible trend difference between both 

groups. In the MIA corrected data (session two to three, CHA group) a modulatory 

influence of MIA was visible: In session two, MIA led to overall reduced connectivity 

to the neurofeedback network (see also supplementary Table  SIII), additionally 

supporting that MIA reduced relevant variance in session two. In session three, MIA 
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had the opposite effect, i.e. artificially low significance at  p = 0.1 disappeared after 

MIA and overall connectivity to the neurofeedback network increased strongly. 

 

 
Table 7: Instantaneous connectivity results for session two and three. The table contains 
location, extension and statistical properties of clusters with significant connectivity to the 
neurofeedback target region (aINS) during neurofeedback periods, cluster corrected at p < 
0.001, for connectivity during Session two and three. Remarks: L, left; R, right, otherwise 
bilateral. 
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Figure 5: Instantaneous connectivity of the neurofeedback target regions during aINS 
neurofeedback. A. Significant connectivity of the neurofeedback target region (right aINS, 
turquoise) across both training schemes during emotion-regulation neurofeedback overlaid 
on the average group anatomy. During session two (orange) and three (red), the aINS 
showed connectivity to cortical hubs of the neurofeedback network (overlap between 
sessions: white). Sessions differed in which DMN hubs showed connectivity to the target 
region, and during session three the target region showed additional connectivity to the left 
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aINS and anterior striatum. B. Three-dimensional reconstructions of connectivity clusters 
shared between session two and three. Across both sessions, the target region showed 
extensive connectivity to cortical regions implicated in cognitive control (dlPFC, vlPFC, aINS, 
ACC and LPL), visual feedback processing (ACC, OC) and a core hub of the DMN (precuneus).  
 
 
 

5. Discussion 

5.1 Summary 

This exploratory project investigated the effects of neurofeedback training on 

whole-brain activation, connectivity of the neurofeedback target region and the 

stability of involved networks across different neurofeedback tasks and time.  

 

By analysing functional activation during motor imagery SMA neurofeedback and 

emotion-regulation aINS neurofeedback, we could replicated recent meta-

analytical findings that revealed a domain-general network of regions involved in 

neurofeedback guided self-regulation, including prefrontal / parietal regions 

associated with cognitive control and subcortical / occipital regions associated with 

feedback processing, while we additionally were able to dissociate task-specific 

regions selectively involved in emotion regulation and motor-imagery 

neurofeedback (Figure 1, Figure 2). By analysing instantaneous connectivity pattern 

within and across these two neurofeedback modalities, we could show that regions 

with higher activation during neurofeedback compared to rest also show increased 

connectivity in the early phase of neurofeedback training (Figure 3). 

 

Over time, activation pattern compared to rest remained largely constant (Figure 

4). Specifically the network of regions reliably activated across different 
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neurofeedback tasks appeared to be stable over time, with slight modulations in 

subcortical areas by training style, i.e. a trend for striatum activation being more 

pronounced in the group training with a changing neurofeedback task. The main 

difference between session two and three was more pronounced deactivation of 

the default mode network during the last session that was shared between groups. 

 

In accordance, instantaneous connectivity between the target region and the rest 

of the brain remained stable over the course of training, with differences between 

sessions two and three only being pronounced in connectivity to the DMN, as well 

as increased connectivity to the striatum during the last session (Figure 5). 

Exploratory analysis of connectivity split between groups revealed that over time, 

extensive whole-brain connectivity of the aINS was observed for both groups at the 

end of training.  

 

5.2 Mental-task specific mechanisms contributing to neurofeedback 
trainings 

Interestingly, while both tasks shared a defined network of regions, motor specific 

activation could be observed during the SMA neurofeedback task: Here, activation 

in the posterior parietal lobe, the cerebellum and the brainstem increased, all 

regions associated with motor imagery (Jahn et al., 2008; Marchesotti et al., 2017) 

and with regard to the cerebellum and the posterior parietal lobe, commonly active 

during motor imagery during motor-imagery-guided control of brain-computer 

interfaces (Marchesotti et al., 2017). 

 

The observed pronounced activation increases in fronto-polar regions during 

emotion regulation are in turn in line with a vast body of research suggesting the 
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crucial involvement of anterior prefrontal areas as in emotion regulation (Engen, 

Kanske, & Singer, 2016; Etkin, Büchel, & Gross, 2015; Ochsner, Silvers, & Buhle, 

2012), and the continues involvement of lateral prefrontal areas during emotion 

regulation in both groups supports this notion. Additionally, in accordance with 

altered DMN and occipital activation during emotion regulation in session one, a 

recent large scale study on endogenous generation of affective states has reliably 

shown modulations in these areas and suggests that such activation could reflect a 

locus of attention directed towards internal processes (Engen et al., 2016). 

However, since the constant training group achieved on average significantly lower 

feedback magnitudes, especially during session one (see chapter 2 for results on 

feedback magnitude), both groups differ with regard to received visual stimulation 

which could have influenced occipital activation.  

  

With regard to connectivity, selective differences were less pronounced. But the 

trend towards higher general connectivity of the SMA compared to the aINS during 

the first session (shown in the exploratory analysis), could reflect increased task-

relevant functional interactions between the SMA target area to regions involved 

in neurofeedback processing and self-regulation. Potentially, such high connectivity 

of the neurofeedback target region in the beginning of a training could be a marker 

for early self-regulation success, supported by the superior task performance 

during motor imagery.  

 

Subsequently, pooling both tasks revealed strong connectivity of the 

neurofeedback network to the target areas, which overlapped with activation 

increases and were located near meta-analytic peak voxel (Emmert et al., 2016). 

Considering that activation increases in the neurofeedback network have been 

observed across several different neurofeedback tasks (Emmert et al. (2016), 
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chapter 2 and 3), it could be expected, but is nevertheless remarkable, that pooling 

connectivity pattern from functionally very different regions as the aINS and the 

SMA are in such high accordance with activation increases observed across a range 

of neurofeedback tasks: First, this demonstrates the consistency of the 

neurofeedback network across different neurofeedback tasks with an additional 

neural marker, i.e. connectivity. Second, it shows how reliable neurofeedback 

works in guiding self-regulation by coupling nodes of the same network even to 

functionally very different neurofeedback target areas, and even when different 

mental task are used. 

 

But despite shared activation and connectivity, participants could control the SMA 

neurofeedback better than the aINS neurofeedback (see chapter 2), so that one 

could expect the SMA group to have achieved a higher degree of synchronicity 

between activation in the neurofeedback target region and other brain regions 

involved in neurofeedback processing and self-regulation. While our (exploratory) 

between group analysis supports this notion by showing overall higher connectivity 

of the SMA than the aINS training during session one, it cannot be differentiated 

between connectivity differences resulting from the use of different mental tasks 

and differences caused by differences in task demand during the first session. 

 

5.3 Changes in the neurofeedback network over time 

Although activation remained largely stable across time, whole-brain analysis 

revealed modulated DMN activation during the last session accompanied by 

alterations in which hubs of the DMN connected to the neurofeedback target 

region. Given the crucial role of the DMN in processing of self-referential thoughts 

(Buckner, Andrews-Hanna, & Schacter, 2008; Buckner & Carroll, 2007) and the 
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endogenous generation of emotional states (Engen et al., 2016), this could be 

related to changes in introspection and emotional self-regulation. Furthermore, 

particularly the decreased activation of the DMN could reflect more focused task 

engagement of participants, as the DMN is considered to infer with processing in 

the external attentional system (Fornito, Harrison, Zalesky, & Simons, 2012). 

 

On the other hand, prefrontal and parietal activation clusters of the neurofeedback 

network remained active across sessions and training styles, suggesting a crucial 

role of these regions across different stages of learning. Notably, the subcortical 

cluster of the neurofeedback network showed a trend for stronger striatal 

activation in the CHA group, which could reflect increased up-regulation of the 

striatum as part of the network involved in positive affect (Engen et al., 2016), in 

accordance with the higher mean neurofeedback magnitude of the CHA group (see 

chapter 2) or a more rewarding neurofeedback experience. 

 

Additionally, instantaneous connectivity between the striatum and the target 

region was observed across both groups during the last session but not in session 

two. As discussed in chapter 2, task performance also significantly improved from 

session two to three (decreased distance between the neurofeedback signal and 

target level) so that participants received more positive feedback over time. 

Increased connectivity between the striatum and the target region could therefore 

reflect associative learning between rewarding experience and modulations in 

target region activation. Taking into account the consistency of target region 

connectivity to prefrontal and parietal control areas, this suggests that regions in 

the network described by Emmert et al. (2016) synchronize their activation with 

activation of the target region during neurofeedback. However, the functional 
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relevance of such synchronicity during neurofeedback will have to be investigated 

in future research. 

5.4 Limitations and future directions 

By gaining insight into the instantaneous connectivity of the neurofeedback target 

region, i.e. functional connectivity that excludes major directional influences, we 

revealed regions which synchronize their activation during neurofeedback with the 

neurofeedback target region as visible at the sampling rate of 1sec. However, it is 

worth mentioning that while instantaneous connectivity can provide a reliable 

estimate of joint activation between regions below the sampling frequency, 

directional influences above the sampling frequency cannot be excluded and 

therefore could contribute to our findings (for a discussion on this matter see 

Goebel et al. (2003)). Future research additionally applying electrophysiological 

measurements should further expand on these findings, to determine how far the 

observed fMRI connectivity profile still includes non-instantaneous components 

which cannot be excluded due to the temporal resolution of fMRI. 

 

Overall, it remains to be noted that the gathered results stem from a small sample 

and our exploratory observations must therefore be interpreted with caution. This 

unfortunately affected the possibility to detect statistically significant effects that 

required considerable power as RFX comparisons between neurofeedback 

modalities and timepoints. A specific conclusion to be drawn from our observations 

is, therefore, that the previously reported neurofeedback network (Emmert et al., 

2016) can be detected in small groups of participants at different training stages. 

The spatial consistency of recruited brain areas thereby makes the neurofeedback 

network itself a potential target for neuromodulation techniques. Targeting the 

neurofeedback network with for example neurostimulation could help to facilitate 
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the effects of neurofeedback in the future. To further investigate interactions 

between task difficulty, learning progression, connectivity and activation, future 

studies should analyse effects of task difficulty over longer periods of time and with 

larger sample sizes.  

 

5.5 Conclusion 

Overall, the acquired results allow several conclusions: Firstly, activation in a core 

network of regions recruited during neurofeedback is not only stable across 

different neurofeedback tasks, but also over time. Secondly, activation in this core 

network is complemented by additional activation in task-specific regions. Thirdly, 

activation in this network is not a mere reflection of independent neural processes, 

but involved regions synchronize their activation with activation in the 

neurofeedback target region. Fourthly, while over time the same set of key regions 

is recruited, the implicated network is fine-tuned in response to the training.  

 

On the one hand, the activation pattern emerging during neurofeedback therefor 

constitutes a neural mechanism, which shows highly stable behaviour. The 

recruited network thereby flexibly adapts to different characteristics of the training 

situation and undergoes subtle changes in connectivity and activation in response 

to the training. Neurofeedback therefor involves a predictable neural mechanisms 

that can flexibly be applied to a variety intervention settings.   
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Supplementary Material 

 
 

Figure SI. Whole-brain activation (left) and deactivation (right) for neurofeedback 
compared to rest for session two and three split between groups (FFX results). Note that 
only the CHA group shows significantly increased striatum activation, results are Bonferroni 
corrected at p = 0.001. 
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Figure SII. Exploratory analysis of instantaneous connectivity of neurofeedback target 
regions. A and B show the effect of thresholding (p < 0.01 and p < 0.005) on connectivity 
before adjustment for mean intensity (MIA) for aINS neurofeedback (red outline) and SMA 
neurofeedback (green outline). During session three the CHA group showed low significance 
even during overly liberal thresholding compared to all other group time-points. C and D 
show group results after mean intensity adjustment (MIA) for P08 (participant of the CHA 
group) who showed a pronounced influence of global intensity fluctuations on 
instantaneous connectivity. The dataset of the corresponding participant in session two was 
additionally reprocessed with MIA for comparability of emotion-regulation training effects. 
After MIA, analysis of session two showed a slight loss in statistical sensitivity; for session 
three sensitivity significantly improved (see also Table SIII). A cluster threshold of 200 
structural voxel was applied to all group time-points.
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Chapter 4 - Success and failure of controlling the rtfMRI 

neurofeedback signal are reflected in the striatum 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

Based on: 
Skottnik, L., Sorger, B., Kamp, T., Linden, D., & Goebel, R. (2019). Success and failure of controlling the real-time 

functional magnetic resonance imaging neurofeedback signal are reflected in the striatum. Brain and Behavior, 

9(3), e01240. 
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Abstract 
Over the last decades, neurofeedback has been applied in variety of research 

contexts and therapeutic interventions. Despite this extensive use, its neural 

mechanisms are still under debate. Several scientific advances have suggested that 

different networks become jointly active during neurofeedback, including regions 

generally involved in self-regulation, regions related to the specific mental task 

driving the neurofeedback and regions generally involved in feedback learning 

(Sitaram et al., 2017). To investigate the neural mechanisms specific to 

neurofeedback but independent from general effects of self-regulation, we 

compared brain activation as measured with functional magnetic resonance 

imaging (fMRI) across different mental tasks involving gradual self-regulation with 

and without providing neurofeedback. Ten participants freely chose one self-

regulation task and underwent two training sessions during fMRI scanning, one 

with and one without receiving neurofeedback. During neurofeedback sessions, 

feedback signals were provided in real-time based on activity in task-related, 

individually defined target regions. In both sessions, participants aimed at reaching 

and holding low, medium or high brain-activation levels in the target region. During 

gradual self-regulation with neurofeedback, a network of cortical control regions as 

well as regions implicated in reward and feedback processing were activated. Self-

regulation with feedback was accompanied by stronger activation within the 

striatum across different mental tasks. Additional time-resolved single-trial analysis 

revealed that neurofeedback performance was positively correlated with a delayed 

brain response in the striatum that reflected the accuracy of self-regulation. 

Overall, these findings support that neurofeedback contributes to self-regulation 

through task-general regions involved in feedback- and reward processing. 
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1. Introduction 

Despite its extensive use over several decades and broad evidence for 

neurofeedback induced changes that extend beyond the neurofeedback training 

environment (including on memory  (Young et al., 2017), affect (Scheinost et al., 

2013; Zilverstand, Sorger, Sarkheil, & Goebel, 2015), attention (Zilverstand et al., 

2017), perception (Amano, Shibata, Kawato, Sasaki, & Watanabe, 2016) and motor 

performance (Subramanian et al., 2011)) the neural mechanisms underlying 

neurofeedback are subject of an ongoing debate (for an overview see Sitaram et al. 

(2017)). In a recent meta-analysis, whole-brain activation during real-time 

functional magnetic resonance imaging (rtfMRI) neurofeedback was compared 

across different neurofeedback studies (Emmert et al., 2016). Activation during 

neurofeedback training was observed in areas implicated in self-regulation and 

cognitive control, as well as in areas recruited during visual feedback learning, even 

if these areas were not actually the target of the self-regulation training. The 

activated network encompassed the dorsolateral (DLPFC) and ventrolateral 

prefrontal cortex (VLPFC), the temporo-parietal cortex and the thalamus, anterior 

insula (aINS), the posterior section of the anterior cingulate cortex (pACC), visual 

areas and the basal ganglia, with several local maxima distributed over the 

striatum. Activity in these regions most likely reflects several different processes, 

including the preparation and execution of mental strategies supporting self-

regulation of brain activity, reward processing, self-evaluation of performance 

based on feedback information and the updating of strategies, but an extensive 

body of research is still needed to disentangle these processes. To discriminate the 

neural basis of neurofeedback from networks also recruited during other forms of 

self-regulation training, it remains to be understood which regions shared between 

different neurofeedback tasks are specific to neurofeedback and which are 

reflective of self-regulation per se. 
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Marchesotti et al. (2017) detected a selective activation increase in the striatum 

during motor imagery with neurofeedback when comparing meta-analytic 

activation maps of motor imagery with and without providing neurofeedback and 

Johnston, Boehm, Healy, Goebel, and Linden (2010) had reported increased 

activation in the ventral striatum with progression in neurofeedback training for 

up-regulating negative affect by providing neurofeedback from individual areas 

that showed increased activation in response to negative affective image. In 

congruence with these reported activation increases in the striatum during 

neurofeedback, several theoretical frameworks note that BCI 

control/neurofeedback rewards subjects for a certain mental operation or neural 

state, notably by underling the crucial involvement of operant/instrumental 

conditioning in neurofeedback (Fetz, 2007), by interpreting BCI control training as 

skill learning that is heavily dependent on plasticity in the basal ganglia (Birbaumer, 

Ruiz, & Sitaram, 2013) or by underlining the importance of feedback loops for 

biofeedback learning in general (Lacroix & Gowen, 1981) While early EEG-

neurofeedback studies lacked direct evidence for involvement of the striatum in 

neurofeedback due to the limitations of EEG in coverage of subcortical areas (Grech 

et al., 2008), contemporary approaches on EEG and fMRI neurofeedback agree with 

regard to the central role of striatal reward learning (Birbaumer et al., 2013; 

Davelaar, 2018). 

 

In the present study, we extended the aforementioned line of research by 

comparing self-regulation with and without neurofeedback with a special focus on 

the striatum, a key region involved in feedback and reward processing (Balleine, 

Delgado, & Hikosaka, 2007; Bartra, McGuire, & Kable, 2013; Kohrs, Angenstein, 

Scheich, & Brechmann, 2012), the central hub of dopamine based reinforcement 
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learning  (Robbins & Everitt, 1996) where feedback information is processed and 

further utilized to guide actions (O'Doherty et al., 2004; Samejima, Ueda, Doya, & 

Kimura, 2005) and constituting the main hub for long term motivation of behaviour 

based on reward learning (Tricomi, Balleine, & O’Doherty, 2009), making the 

understanding of how neurofeedback affects the striatum a crucial element of 

understanding the facilitating effects of neurofeedback in general. 

 

As neurofeedback is most commonly used to guide a participant’s self-regulation 

by reinforcing activation states via operant conditioning with positive feedback 

(Birbaumer et al., 2013; Fetz, 2007) , we therefor predicted that striatum activation 

would constitute a crucial marker for differentiating between self-regulation with 

neurofeedback and self-regulation without neurofeedback, as it reflects external 

reward information that is utilized to guide ongoing behaviour (Balleine et al., 

2007), which is lacking in self-regulation without neurofeedback. 

 

While the striatum is a functionally heterogeneous structure (parcellation studies 

suggest that ventral/anterior portions are more strongly involved in evaluating 

incoming reward, whereas medial to dorsal sections rather bias actions based on 

previously processed rewards (Balleine et al., 2007; Jung et al., 2014; O'Doherty et 

al., 2004), different functional processes in the striatum transition smoothly into 

each other (Haber, Fudge, & McFarland, 2000) and timing of incoming rewards 

constitutes a crucial influence across different processing stages in the striatum 

(Cardinal, 2006; Gustavo, Soares, & Paton, 2015; McClure, Berns, & Montague, 

2003; Pagnoni, Zink, Montague, & Berns, 2002) So while previous studies have 

mainly concentrated on localizing the regions involved in neurofeedback, we 

additionally applied a time-resolved analysis on the blood oxygen level dependent 
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(BOLD) signal of the striatum, to determine the temporal properties of feedback 

processing. 

 

Up to this date, most neurofeedback paradigms focused on decreasing or 

increasing activation within a certain brain region (Caria et al., 2007; Hamilton, 

Glover, Hsu, Johnson, & Gotlib, 2011), functional connectivity between brain 

regions (Megumi, Yamashita, Kawato, & Imamizu, 2015), directional connectivity 

between brain regions (Haller et al., 2013), or frequency-bands (Gevensleben et al., 

2009; Mottaz et al., 2015). These paradigms reinforced subjects to modulate the 

neurofeedback signal into one direction, i.e., to either up- or down-regulate the 

neurofeedback signal maximally. We recently demonstrated feasibility of a novel 

type of neurofeedback paradigm in which participants focused on achieving and 

maintaining a specific target level of activation (Sorger, Kamp, Weiskopf, Peters, & 

Goebel, 2016): Participants aimed at reaching/maintaining a rtfMRI-neurofeedback 

signal (visualized by means of a thermometer display) corresponding to the brain-

activation level within individually defined brain regions at either 30%, 60% or 90% 

of their individual maximal activation capacity. We found that participants showed 

a significantly increased ability to gradually self-regulate activation in the 

neurofeedback target regions, when receiving visually presented neurofeedback 

information compared to gradual self-regulation without providing neurofeedback. 

In contrast to classical paradigms that train to maximize (de)activation or 

connectivity, participants trained according to the novel parametric activation 

paradigm received detailed neurofeedback information on the current brain-

activation level with every data point (here every 2s) visualized as deviation of the 

actual condition (actually achieved brain-activation level) from the different 

nominal conditions (instructed target brain-activation levels). Moreover, they could 

deviate from the task goal by both reaching too high or too low activation levels 
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(not given in the conventional, maximization paradigms).These features 

considerably increase the general task difficulty, and we would expect that 

successful task performance is being experienced as strongly rewarding (see 

DePasque Swanson and Tricomi (2014)). Another advantage of gradual feedback 

for studies into the mechanisms of self-regulation is that the visual information 

provided during neurofeedback is more important for successful task performance 

than in maximization paradigms, as participants not only need to learn how 

activation could be increased or decreased best, but also how the actual magnitude 

of activation can be held at a particular target level. Gradual feedback protocols are 

thus particularly suited for studies that look into the learning mechanisms 

underlying successful neurofeedback training. 

 

In the present study, we defined and applied a novel marker of self-regulation 

success to a dataset from the aforementioned self-regulation study by Sorger et al. 

(2016). This marker of self-regulation success represents the neurofeedback 

reward value as indicated by the visual information on the feedback display. In the 

study of Sorger et al. (2016), each participant chose one individual mental task for 

self-regulation and all participants trained to self-regulate their engagement with 

the chosen mental content gradually (chosen mental tasks included inner speech, 

motor imagery, mental calculation, visual imagery and auditory imagery). The inter-

individual heterogeneity of self-regulation strategies allows investigating the 

shared neural basis of neurofeedback. Participants underwent two self-regulation 

sessions during fMRI, one with and one without receiving feedback information 

from individually defined neurofeedback target regions. This allows us to control 

for effects of self-regulation that are unrelated to neurofeedback as for example 

observed during meditation (Kjaer et al., 2002; Tang, Hölzel, & Posner, 2015), and 

reveal regions more related to the actual processing of neurofeedback and the 



 163 

implicated reward information. As the neurofeedback signal was provided 

continuously, the constant influx of feedback information created a demanding 

situation for the processing of reward information: Neurofeedback was constantly 

updated, while being delayed over several seconds in relation to the mental action 

actually causing a change in the neurofeedback signal. As activation in the striatum 

is known to be strongly influenced by the temporal properties of reward 

information (Cardinal, 2006; Gustavo et al., 2015; McClure et al., 2003; Pagnoni et 

al., 2002), analysis has to take the temporal sensitivity of reward processing into 

account. Analysis of the available data therefore focused on the dynamic and 

delayed nature of the reward information provided by rtfMRI neurofeedback. This 

was achieved by extracting one value of neurofeedback performance for every data 

point acquired during gradual self-regulation periods (every 2s) and by relating this 

information to striatum activation in different time windows. 

Taking into consideration these ideas and in order to further study the neuronal 

mechanisms of rtfMRI neurofeedback, more particularly the role of the striatum, 

the present study focused on the following research objectives: 

 

i. Demonstrate joint activation of cortical control areas and areas related to 

feedback learning within a single sample during neurofeedback-guided self-

regulation compared to rest, thereby investigating the replicability of recent meta-

analytical findings (combining data of several neurofeedback studies (Emmert et 

al., 2016)) and their reliability in smaller samples. 

 

ii. Separate activation related to feedback processing from activation related to 

self-regulation during neurofeedback in the striatum and determine whether 

increased striatum activation during neurofeedback reflects a specific response to 

the information contained in the provided neurofeedback information. 
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iii. Disentangle which activation increases during neurofeedback indicate feedback 

processing and which are reflective of higher-order cognitive control processes 

involved in self-regulation. 

 

 

2. Methods and Design 

2.1 Participants 

All analysis was performed on the dataset acquired by Sorger et al. (2016): Ten 

healthy participants (mean age: 27.0 years, SD: 3.8 years, five female, one left-

handed), all students or staff members of the Faculty of Psychology and 

Neuroscience at Maastricht University with normal or corrected-to-normal vision 

participated in the study (see Sorger et al. (2016) for more detailed participant 

characteristics). None of the participants had participated in a neurofeedback 

experiment before. Before each MRI scanning session, participants gave written 

informed consent. The experimental procedure was approved by the local Ethics 

Committee of the Faculty of Psychology and Neuroscience at Maastricht University. 

 

2.2 Experimental procedure 

Preceding the first MRI measurement, each participant freely chose one individual 

mental task for self-regulation: Experimenters suggested various mental tasks 

(inner speech, motor imagery, mental calculation, visual imagery and auditory 

imagery) that had been proven to evoke robust brain activation in circumscribed 

brain regions in previous fMRI studies as possible activation strategies. Additionally, 
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the experimenters recommended several modulation strategies that could be 

applied by participants to alter the brain-activation level. Basically, these strategies 

allowed for changing certain aspects of mental-task performance parametrically 

(e.g., the speed, intensity or complexity). Participants selected their activation 

strategies and initial modulation strategies based on personal preference or feeling 

of best mastery. Chosen self-regulation tasks included inner speech, motor 

imagery, auditory imagery, and visual imagery. Importantly, no participant used 

voluntary emotion regulation as mental strategy, thereby fore coming that 

alterations in striatum activation were dominated by voluntarily generated 

affective states. 

 

Participants received no feedback in one fMRI session, whereas in the other session 

they were provided with real-time information on the current BOLD-signal level in 

a pre-defined mental task-related brain region. During neurofeedback sessions, 

participants were asked to modulate their BOLD signal to three different target 

levels using the chosen mental task. The no-feedback and feedback fMRI sessions 

took place on separate days for all participants. The order of the type-of-training 

conditions (no feedback-feedback or feedback-no feedback) was balanced across 

participants. Both scanning sessions consisted of four training (modulation) runs in 

which participants were visually instructed to modulate their BOLD-signal 

magnitude to the three different target levels. Each target-level condition appeared 

three times per run in randomized order resulting in a total of twelve trials per 

target-level and type-of-training condition. Each of the nine modulation blocks and 

each of the ten resting blocks that alternated with the modulation blocks lasted 26 

s resulting in a run length of 8 min and 14 s. A feedback scanning session started 

with a functional-localizer run in order to select a mental task-specific 

neurofeedback target region and to determine the individual maximum percent 
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signal change (maxPSC). In the functional-localizer run, two target-levels (50% and 

100%) were implemented (five trials per target-level condition). The two target-

level conditions appeared in alternating order. Again, the duration of the ten 

modulation trials and the eleven resting periods were 26 s adding up to a total run 

duration of 9 min and 6s. 

 

2.3 Visual stimulation and instructions 

Participants were instructed to keep their selected activation strategy constant 

across all functional runs (functional-localizer, no-feedback and feedback runs). 

Thus, they should not change their general activation strategy across time (and 

sessions). In order to modulate their BOLD signal to the different target levels, 

participants were asked to apply the modulation strategies. Importantly, in the 

feedback condition participants were instructed to consider the provided 

neurofeedback information and to explore which of the modulation strategies were 

most effective. Moreover, participants were explicitly allowed to adapt the 

suggested modulation strategies or even generate and test novel (‘own’) 

modulation strategies. During functional-localizer and no-feedback runs, 

participants were asked to try to evoke different brain-activation levels based on 

their current hypothesis on how the BOLD-signal magnitude can be altered 

systematically. 

 

During self-regulation (with and without feedback), a thermometer-like display on 

black background was used consisting of ten white rectangles stacked on top of 

each other (see Figure 1). Participants were instructed to adjust their BOLD-signal 

magnitude to a particular target level by displaying the outline of a certain rectangle 

in red for the duration of the modulation trial. Thus, the vertical position of the 
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colored rectangle represented the desired brain-activation target level. In the 

functional-localizer run, rectangle 5 (counted from bottom) corresponded to the 

50-% condition and rectangle 10 represented the 100-% condition of the individual 

maxPSC. In the modulation runs, rectangles 3, 6, and 9, corresponded to the low, 

medium and high target-level conditions, respectively.  

 

 
Figure 1 

Absolute distance of achieved activation level to instructed target activation level. 

Participants evaluated the appropriateness of their mental operation (and therewith their 

self-regulation success) based on the visually provided neurofeedback information. They 

could assess their self-regulation success by obtaining the absolute distance between the 

magnitude of the actually achieved activation level (provided neurofeedback information) 

and the instructed target activation level (indicated by the red rectangular). A smaller and 

larger distance to the target activation level represented a superior and inferior self-

regulation performance, respectively. 
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During resting periods, no rectangle was colored red. In the modulation runs of the 

feedback session, participants were additionally provided with continuously 

updated information about their current BOLD-signal level within the 

neurofeedback target region. This was realized by filling in (with gray color) the 

thermometer’s rectangles according to the actual current BOLD-signal level within 

the neurofeedback target region. Participants were instructed to reach and hold 

the desired brain-activation target level, thereby reducing the absolute distance 

between the BOLD-signal level and the target rectangle (see Figure 1). 

 

2.4 Data acquisition 

(f)MRI data were acquired using a 1.5-T whole-body (Magnetom Sonata; Siemens 

AG, Erlangen, Germany) or a 3-T head scanner (Siemens Allegra, Siemens AG). 

Participants’ heads were fixated with foam padding to minimize spontaneous or 

task-related motion. The proportion of participants undergoing 1.5 and 3T scanning 

was balanced (5/5) and each participant underwent the same field strength for 

both training sessions. 

 

Structural Data acquisition 

All participants received a high-resolution T1-weighted anatomical scan using a 

three-dimensional (3D) magnetization prepared rapid-acquisition gradient-echo 

(MPRAGE) sequence (1.5-T scanning: 192 slices, slice thickness = 1 mm, no gap, 

repetition time [TR] = 2000 ms, echo time [TE] = 3.93 ms, flip angle [FA] = 15, field 

of view [FOV] = 250 x 250mm2, matrix size=256 x 256, total scan time = 8 min and 

34 s; 3-T scanning: 192 slices, slice thickness = 1 mm, no gap, TR =2250 ms, TE = 2.6 

ms, FA = 9, FOV = 256 x 256mm2, matrix size = 256 x 256, total scan time = 8 min 

and 26 s). 
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Functional data acquisition 

Repeated single-shot echo-planar imaging (EPI) was performed. Except for the 

number of acquisitions (functional-localizer run: 273 volumes; modulation runs: 

247 volumes), identical scanning parameters were used for all functional 

measurements (TR = 2000 ms, TE = 40 ms, FA = 90, FOV = 224 x 224 mm2, matrix 

size = 64 x 64, number of slices = 25, slice thickness = 3 mm, 1 mm gap, slice order 

= ascending/interleaved). 

 

3. Analysis 

3.1 Neurofeedback preparation and generation 

3.1.1 Selection and definition of neurofeedback target regions 
After completion of the functional-localizer run, the first two volumes were 

discarded from further analysis to account for T1-saturation effects. Functional 

data were then pre-processed (motion correction, linear-trend removal, temporal 

high-pass filtering [three cycles/time course]). Eventually, a multiple-regression 

general linear model (GLM) was calculated voxel-wise applying predictors 

corresponding to the two target-level conditions (predictor time courses being 

derived from a boxcar function convolved with a standard hemodynamic response 

function [single-gamma function (Boynton, Engel, Glover, & Heeger, 1996)]. 

Candidate neurofeedback target regions were identified by contrasting the mean 

brain activation during both target-level conditions to the mean activation during 

the interleaved resting periods. From the obtained F-maps (p<0.05, Bonferroni-

corrected), a region of interest (ROI) was defined for each participant (for details of 

neurofeedback target regions see Sorger et al. (2016)). 
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3.1.2 Calculation of the feedback signal 
For an extensive description of how the neurofeedback signal was created the 

reader is referred to Sorger et al. (2016). In short, functional images were 

reconstructed and written to the scanner console’s hard disk in real-time during 

neurofeedback sessions. The real-time data analysis software (Turbo-BrainVoyager, 

Brain Innovation B.V., Maastricht, the Netherlands) was used to extract and 

average the BOLD-signal values of all voxels in the individual neurofeedback target 

region at each TR. The resulting means were normalized to the range [0–10], in 

relation to the preceding baseline period (constituting a value of 0) and an 

individual maximum percent-signal change value, derived from the localizer run 

(constituting a value of 10). The resulting value range was binned into 10 segments 

and all segments of the thermometer display up to the given feedback value were 

greyed. Feedback was updated every 2s. 

 

3.2 Post-hoc analysis of (f)MRI data 

3.2.1 (f)MRI data pre-processing 
To answer the specific research questions of the current paper, offline analysis of 

the (f)MRI data was performed using BrainVoyager QX (v2.8, Brain Innovation, 

Maastricht, the Netherlands). Anatomical data sets were corrected for spatial 

intensity inhomogeneity. For all participants, the anatomical data set from the first 

session was transferred into ACPC space and the anatomical data set from the 

second session was automatically aligned to the ACPC version of the first data set. 

Both data sets were spatially normalized by Talairach transformation. All functional 

data sets underwent slice scan-time correction and temporal high-pass filtering 
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(three cycles per time course). Three-dimensional (3D) head-motion detection and 

correction was applied by spatially aligning all functional volumes of a session to 

the first functional volume of the first run within that session. Finally, all functional 

runs were spatially normalized to Talairach space and interpolated to a 3-mm3 voxel 

resolution. For whole-brain and masked analysis, functional data was smoothed in 

3D with a 4-mm FWHM Gaussian kernel. 

 

3.2.2 Extraction of striatum time-series 
One region of interest (ROIs) for the striatum was defined for each hemisphere 

based on peak coordinates from a recent meta-analysis on reward processing in 

fMRI (see Figure 2). For both hemispheres, selected coordinates marked the 

maximal spatial overlap of activation increases in response to reward of 126 fMRI 

studies (Bartra et al., 2013). The MNI coordinates reported in the meta-analysis 

were converted into Talairach coordinates (Talairach & Tournoux, 1988) using the 

Yale BioImage Suite Package tal2mni tool (Lacadie, Fulbright, Rajeevan, Constable, 

& Papademetris, 2008). Spherical volumes of interest (one left- and one right-

hemispheric) with a 3-mm radius were created around the particular coordinates. 

Both ROIs were located in the anterior section of the corpus striatum, centered 

between caudate head and anterior putamen (left striatum: 123 voxels, x = −14, y 

= 7, z = −2, right striatum: 123 voxels, x = −11, y = 3, z = −3; see Figure 2). The 

described approach increased the probability of detecting reward-related 

activation in the brain while not making a priori assumptions regarding anatomical 

sub-regions of the striatum contributing to the processing. For further analysis, the 

resulting striatum ROI in the hemisphere of the individual neurofeedback target 

region was chosen for each participant. As cortico-striatal structural connectivity is 

known to be dominantly ipsilateral (see for example Innocenti, Dyrby, Andersen, 

Rouiller, and Caminiti (2016), Jarbo and Verstynen (2015)) this approach increased 
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the probability of detecting striatal activation specifically related to the cortical 

processes involved in the individual self-regulation task. For each ROI, eight time 

courses (from each of the four self-regulation runs per training condition) were 

extracted per participant. 

 

 
Figure 2: Definition of striatum regions of interest. The figure shows the right- and left-
hemispheric striatum regions of interest (R = right, L = left) overlaid on the mean of all 
individual anatomical data sets and slice positions of displayed coronal (orange) and axial 
(purple) slices. Regions of interests included all voxels in a 3-mm sphere centered around 
peak coordinates from a recent meta-analysis on reward processing representing maximal 
overlap of BOLD-signal increase in response to positive reward (Bartra et al., 2013). 
Provided coordinates are in Talairach space. 
 

Moment-to-moment neurofeedback stimulation images (as presented to the 

participant during the neurofeedback experiment) were re-created applying the 

same procedure as described in Sorger et al. (2016) for the feedback sessions and 

the same procedure was applied post-hoc for no-feedback sessions, resulting in one 

picture per TR/scanned volume during modulation periods for both types of 

training. Using in-house software written in MATLAB (v8.1 R13; The MathWorks, 

Natick, USA), values of feedback magnitude were extracted from picture files. For 

each TR, one index of self-regulation accuracy was created by calculating the 
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absolute difference between the target level and the feedback magnitude actually 

achieved by the participant. Subsequently, the time series of accuracy indices were 

convolved with a hemodynamic response function to create a self-regulation 

performance-predictor time course (representing the neurofeedback task accuracy 

at each TR across time) for subsequent correlation analysis with ROI time-courses. 

3.2.3 Statistical analysis 
3.2.3.1 Whole-brain analysis 
To determine whether our sample showed activation during neurofeedback in 

coherence with recent meta-analytical evidence on neurofeedback, we analyzed 

whole-brain data in BrainVoyager QX by computing a group random-effects general 

linear model (GLM), including the types of training (feedback, no feedback), target 

levels (low: 30%, medium: 60%, high: 90% of the individual maxPSC), as well as six 

motion parameters as confounding predictors to estimate beta values.  We 

employed a two-way within-subject design with target-level (low, medium and 

high) and type of training (no feedback and feedback) as factors. Subsequently, we 

compared activity increases during self-regulation with neurofeedback to passive 

viewing of neurofeedback was analysed (i.e. the resting condition) by contrasting 

activation across all target-level conditions during modulation periods with 

neurofeedback to baseline, during which participants passively observed 

fluctuations in the neurofeedback signal. 

 

3.2.3.2 Striatum region of interest analysis 
To determine whether striatum activation increases during rtfMRI neurofeedback-

based self-regulation compared to self-regulation without neurofeedback and 

whether this effect is influenced by the height of the desired target level, we 

performed a standard volume of interest analysis in BrainVoyager QX: Time-courses 

of all voxels within the meta-analytically defined striatum ROIs were averaged to 
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create one time-course of each functional run. By computing a group random-

effects general linear model (GLM) on the striatum ROI time-courses, including the 

HRF-convoluted predictors for types of training (feedback, no feedback), target 

levels (low: 30%, medium: 60%, high: 90% of the individual maxPSC), as well as six 

motion parameters as confounding predictors to estimate beta values. We 

employed a two-way within-subject design with target-level (low, medium and 

high) and type of training (no feedback and feedback) as factors. A two-way 

repeated measures analysis of variance (ANOVA, F-Test) with factors for target level 

and type of training was performed on the resulting striatum beta estimates. 

 

3.2.3.3 Time-resolved analysis of neurofeedback performance and striatal 
activation 
To investigate whether striatum activation during neurofeedback is modulated by 

the displayed information on self-regulation accuracy, performance-predictor time 

courses were correlated to striatum time courses. In order to also detect temporally 

delayed activation changes, the predictor time courses were shifted in time (see 

Figure 3). For all time-points during the modulation periods, predictor time courses 

were correlated to the striatum-ROI time courses within runs. One correlation 

coefficient was acquired separately for each temporal shift, with the maximum shift 

being seven TRs, resulting in eight correlation coefficients per run (including the 

correlation coefficient for the non-shifted time course). 

 

Correlation coefficients were subsequently Fisher z-transformed and first averaged 

within subjects and conditions. To create stable estimates of the correlation 

between the two variables with expected high variability, resulting correlation 

means were temporally smoothed by averaging the z-transformed correlation 

means within two time-windows that were sufficiently distant in time to capture 

different BOLD response peaks: The early time window (0-3 TR shifts) included 
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immediate BOLD changes with a margin for variability in BOLD timing and shape 

and delay in neural reactions. The late time window (4-7 TR shifts) included BOLD 

changes delayed for at least 8 s after an immediate BOLD response would be 

expected, so that BOLD changes in the late time window rather reflect a secondary 

stage of processing, as for example response preparation, not an immediate 

reaction to the rewarding feedback. 
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Figure 3: Time-resolved analysis of striatum activation in response to self-regulation 
success. The figure displays the logic of the performed correlation analysis. Simulated data 
during gradual self-regulation is shown: A. An HRF-convolved time series of performance 
indices is created from the absolute distance to the target activation level. Successful self-
regulation (i.e., accurate regulation of the feedback signal to the target activation level) is 
represented by a low value. B. When a corresponding activation increase in the striatum 
ROI is delayed (in this example 6 TR), the activation peak is not paired to the improvement 
in performance during correlation analysis. C. Only, when the striatum time-course is 
shifted 6 TRs backwards, the increase in striatum activation is aligned to the decrease in 
absolute distance during correlation analysis. 
 

 

This procedure resulted in one correlation coefficient per subject, time window and 

type of training (four correlation coefficients per participant). Z-transformed 

correlation coefficients were compared between types of training separately within 

the two time windows using student’s paired-sample t-tests and applying 

Bonferroni correction for multiple comparison correction. Effect sizes were 

calculated based on Cohens D (Cohen, 1988) adapted for paired measures (Morris 

& DeShon, 2002). 

 

3.2.3.4 Masked voxel-wise analysis of the neurofeedback network 
To identify activation increases during neurofeedback independent of self-

regulation across the whole neurofeedback network, the voxel-wise group random-

effects GLM was restricted to a mask constituting of voxels within 15mm radii 

around cortical and 20mm radii around the two subcortical meta-analytic peak 

voxels centred in the thalamus (with the resulting mask also including the basal 

ganglia), that marked activation increases across several neurofeedback studies 

compared to rest, using the peak voxels described by Emmert et al. (2016) in the 

pACC, aINS, vlPFC, dlPFC, temporo-parietal and occipital cortex and two subcortical 

peak coordinates that constituted local maxima of several subcortical substructures 
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(putamen, caudate, nucleus accumbens, globus pallidus, thalamus). The 

coordinates were transferred into Talairach space using the Yale BioImage Suite 

Package tal2mni tool (Lacadie et al., 2008). Differences between the two training 

conditions were compared by contrasting activation during modulation periods 

with neurofeedback to modulation periods without neurofeedback across the 

three target levels. Results were cluster corrected using Monte-Carlo simulations 

with 1000 iterations, a FWHM of 1,608 with an initial threshold of p < 0.01. 

Additionally, a liberal correction threshold was applied deliberately for decreasing 

the likelihood of missing potentially lower / more scattered activation in prefrontal 

control areas. 

 

 

4. Results 

4.1 Effect of self-regulation 

The contrast for self-regulation with neurofeedback compared to passive viewing 

of neurofeedback (i.e. rest) revealed an extensive network of regional increases  

(FDR corrected, q<0.05),  encompassing the bilateral precentral gyrus, the bilateral 

anterior insula, bilateral visual cortices, bilateral dorsolateral prefrontal cortex 

(dlPFC), left ventrolateral prefrontal cortex (vlPFC), bilateral supplementary motor 

area (SMA), bilateral posterior anterior cingulate cortex (pACC), left frontopolar 

cortex and an extensive subcortical cluster encompassing the striatum, thalamus 

and claustrum and deactivation (Figure 4) across the bilateral default mode 

network (transverse temporal gyrus, angular gyrus (AG), precuneus, medial 

prefrontal cortex (mPFC)) and the posterior insula (pINS) bilaterally (Table 1). No 

significant differences between target levels or interactions were observed. 
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Figure 4: Self-Regulation w
ith neurofeedback com

pared to passive view
ing of neurofeedback. A. In com

parison to the rest 
condition, self-regulation w

ith neurofeedback w
as accom

panied by increased activation in prefrontal control regions and regions 
involved in feedback processing (visual cortices, anterior insula) as w

ell as decreased activation in the default m
ode netw

ork and 
the posterior insula. B. An extended increase in subcortical activation w

as present during self-regulation w
ith neurofeedback, 

encom
passing the striatum

, thalam
us, claustrum

 and the brainstem
. The figure show

s the w
hole-brain RFX contrast m

ap 
thresholded at FDR corrected q < 0.05 on a sam

ple participant’s inflated cortex segm
entation (A) and on the average of the individual 

anatom
ical data sets (B). 
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Increased activation Peak Voxel Coordinates Peak voxel statistics 
      

Visual feedback and reward x y z t p 

Subcortical L / anterior Insula L -18 -4 4 12.3283 0.000001 

Anterior insula R 33 20 10 10.0164 0.000004 

Subcortical R 18 8 16 9.4796 0.000006 

Visual cortex L -39 -82 -9 6.2985 0.000141 

Visual cortex R 36 -85 7 5.8471 0.000245 
      

Self-regulation and attention 
     

Supplementary motor area bilateral 3 -1 58 13.0617 0.000001 

Ventrolateral PFC / Precentral gyrus L -60 11 16 8.7361 0.000011 

Dorsal anterior cingulate bilateral 0 14 43 7.7295 0.000029 

Precentral gyrus L -39 29 28 7.2432 0.000049 

Precentral Gyrus R 51 2 46 7.2152 0.000055 

Frontopolar / dorsolateral PFC L -45 48 13 7.0833 0.000058 

      

      

Decreased activation      

Precuneus -3 -55 31 -10.6369 0.000002 

Posterior insula R 39 -22 19 -9.4743 0.000006 

Posterior insula L -51 -22 13 -8.4177 0.000015 

Medial PFC 0 41 -9 -7.5212 0.000036 

Posterior temoral cortex/ Angular gyrus L -60 -58 23 -6.7828 0.000081 

Posterior temoral cortex/ Angular gyrus R 48 -61 25 -6.7624 0.000082 

 

Table 1: Self-Regulation with neurofeedback compared to passive viewing of 
neurofeedback. Self-regulation with neurofeedback was accompanied by increased 
activation in prefrontal control regions (dorsolateral and ventrolateral PFC, dorsal anterior 
cingulate, precentral gyrus, supplementary motor area) and regions involved in feedback 
processing (visual cortices, anterior insula and an extended subcortical cluster) as well as 
decreased activation in the default mode network and the posterior insula. The table 
contains coordinates and statistics of peak voxels for the whole-brain RFX contrast map 
thresholded at FDR corrected q < 0.05 (coordinates in Talairach space). Remarks: PFC, 
Prefrontal cortex; L, left; R, right. 
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4.2 Effect of neurofeedback information on striatum activation 

The main effect for type of training was significant (p = 0.036, one-sided, Figure 5A) 

but there was no main effect of target level (p = 0.14, one-sided) and no significant 

interaction (p = 0.08, one-sided). Correspondingly, eight out of ten participants 

showed increased mean beta values during self-regulation with neurofeedback 

compared to self-regulation without neurofeedback but striatum activation did not 

differ in a consistent fashion between target levels across participants (see Figure 

5B). 
 

 
Figure 5: Effect of gradual self-regulation success on striatum activation (group and single-
subject results). The figure visualizes the BOLD-signal level within the striatum region of 
interest ipsilateral to the neurofeedback target region for the two type-of-training 
conditions and across the different target-level conditions: A. Mean beta values for each 
target-level condition across all participants separately for the no-feedback (blue) and 
feedback (red) condition. Error bars represent standard errors of the means. When pooling 
the data across the target-level conditions, the difference of mean-beta values for the two 
type-of training conditions (feedback, no-feedback) was significant (p < 0.05, Bonferroni-
corrected, one-sided) B. Single-subject mean beta values separately for each target-level 
and type-of-training condition. In 80% of participants (red-rimmed), the mean striatum 
activation (i.e., pooled activation across the three target-level conditions) was higher in the 
feedback compared to the no-feedback condition. Remark. Participants with black 
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underline underwent the feedback condition first and no-feedback condition second. 
Abbreviations for mental strategies: IS = Inner speech, MO = mental orchestra, VM = visual 
motion imagery, MD = mental drawing, MS = mental sounds, MR = mental running. 
 

4.3 Modulation of striatum activation by self-regulation success 

An extensive analysis of task performance in the given sample can be found in 

Sorger et al. (2016). In short, participants were able to increase the BOLD signal 

magnitude to target levels in a gradual fashion across both training conditions (no-

feedback and feedback), but most participants demonstrated slightly increased 

ability to differentiate between target levels when provided with neurofeedback 

information. Both training condition were matched closely with regard to the 

absolute distance to the desired target level (absolute distance mean (feedback) = 

3.866, SEM = 0.19; mean (no feedback) = 3.858, SEM = 0.22; p = 0.96). 

 

Correlation analysis between performance-predictor time courses and the striatum 

time courses resulted in one mean z-transformed correlation coefficients per type-

of-training condition (feedback, no feedback) and the two predefined time 

windows (early, late): Early time window: Neurofeedback-rz = 0.047, SEM = 0.01; 

No-feedback-rz = -0.018, SEM = 0.02; Late time window: Neurofeedback-rz = -0.065, 

SEM = 0.03; No-feedback mean rz = 0.017, SEM = 0.02 (Figure 6A). Subsequent 

paired t-tests between training types indicated a significant difference between 

correlation coefficients only for the late time window (p = 0.044 (Bonferroni 

corrected), Cohens d = 0.912) but not for the early time window (p = 0.13 

(Bonferroni corrected), Cohens d = -0.677). The effect was consistent across 

participants (see Figure 6B): 8 out of 10 participants showed a more negative mean 

correlation during gradual self-regulation with feedback compared to gradual self-

regulation without feedback in this time window. 
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4.4 Sub-components of the neurofeedback network involved in 
feedback processing 

Voxel-wise analysis restricted to regions showing increased activation during 

neurofeedback (as defined based on meta analytic coordinates from Emmert et al. 

(2016)) revealed no significant differences between self-regulation with 

neurofeedback compared to self-regulation without neurofeedback (FDR 

corrected, q<0.05). Deliberately applying a liberal correction threshold for 

decreasing the likelihood of false negatives in the our small sample revealed 

activation differences in the left anterior striatum, right anterior insula and left 

visual cortices and lower activation in the bilateral posterior striatum / thalamus 

remained, cluster corrected using Monte Carlo simulations with an initial threshold 

of p < 0.01. 

 

 
Figure 6: Relationship between self-regulation success and striatum activation level 
(group and single subject results). Relationship between absolute distance to target 
activation level and striatum activation separately for the two type-of-training conditions. 
A. Mean Fisher z-transformed correlation coefficients between self-regulation success and 
striatum activation separately for an early time window (0-3 TR shift, immediate and slightly 
delayed striatum activation) and a late time window (4-7 TR shift, delayed striatum 
activation). The difference of the correlation values with respect to the two type-of-training 
conditions (feedback, no feedback) was only significant for the late time window (p < 0.05, 
Bonferroni-corrected, one-sided). B. Single-subject results for the late time window. 80% of 
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participants showed a more negative correlation between distance to target-level and 
striatum activation during gradual self-regulation when receiving neurofeedback. Remark. 
Participants with black underline underwent feedback condition first and no-feedback 
condition seconds. Abbreviations for mental tasks: IS = Inner speech, MO = mental 
orchestra, VM = visual motion imagery, MD = mental drawing, MS = mental sounds, MR = 
mental running. 
 

 

5. Discussion 

5.1 Brain activation in response to neurofeedback during gradual 
self-regulation 

The main aim of this study was to identify activation related to neurofeedback 

processing during neurofeedback-guided self-regulation. We investigated this 

research question through analysis at whole-brain level, in the striatum, a key 

region implicated in feedback and reward processing, and within a whole network 

of regions that reliably shows increased activation during neurofeedback as 

identified by a recent meta-analysis. 

 

We could replicate recent meta-analytical findings (Emmert et al., 2016) within a 

single sample with regard to joint activation of cognitive control areas and areas 

involved in feedback learning by  observing extended activation increases in 

prefrontal control hubs (pACC, lateral and posterior PFC) as well as regions involved 

in feedback and reward processing (aINS, striatum, visual cortices), the thalamus 

and deactivation in the default network across different mental tasks during 

neurofeedback. Region of interest analysis focussed on the striatum revealed 

significantly higher activation during gradual self-regulation with than without 

feedback, suggesting that during neurofeedback, the observed striatum 
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modulations reflect feedback learning and not self-regulation per se, as participants 

achieved successful self-regulation already without receiving feedback (for an 

extensive discussion of self-regulation in the sample see Sorger et al. (2016)) and 

both self-regulation conditions did not differ with regard to the provided visual 

markers of task performance, i.e. absolute distance to target level. As participants 

were engaged in different self-regulation task domains, the observed increase in 

activation was not related to a specific task domain, but specifically driven by 

neurofeedback. Subsequent analysis on the relationship between visual 

information provided during neurofeedback and striatum activation showed that 

more accurate neurofeedback performance was accompanied by an increased 

BOLD-signal level in the anterior striatum in a late time window (8-14s after a 

particular neurofeedback value was visually displayed), suggesting that the 

observed striatal activation increases during neurofeedback are indeed reflecting 

the processing of feedback information. While region of interest analysis revealed 

increased activation during neurofeedback compared to self-regulation without 

neurofeedback in the anterior striatum, we failed to detect activation differences 

during voxel-wise analysis within the network of regions commonly involved in 

neurofeedback (Emmert et al., 2016). As we cannot exclude the absence of 

activation differences within other regions of the network (especially in feedback 

processing regions and visual areas as suggested by liberal cluster corrected 

analysis), further research with higher statistical power is needed to describe the 

distribution of activation within the whole network in comparison to self-regulation 

without neurofeedback, as the sample size of the given study constituted a 

limitation with regard to statistical power, as well as a potentially slight variance 

introduced by different MR systems. 
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Overall, our findings are in line with recent theoretical approaches that suggest 

different sub-components of the neurofeedback network for feedback processing 

and self-regulation (Sitaram et al., 2017). While the anterior striatum appears to 

serve an unique function in response to neurofeedback, especially the lateral PFC 

and the ACC (of the network activated during neurofeedback in this study) have 

been defined as key regions in cognitive control in general (MacDonald, Cohen, 

Stenger, & Carter, 2000). Both regions are also jointly activated during various task 

modalities that involve cognitive control, including emotion regulation (Etkin, 

Egner, & Kalisch, 2011; Goldin, McRae, Ramel, & Gross, 2008), response inhibition 

(Cai et al., 2015) and attentional control (Weissman, Gopalakrishnan, Hazlett, & 

Woldorff, 2004), supporting their role as the general basis of self-regulation. 

Fittingly, participants were instructed to dynamically engaged and disengage from 

their mental task during self-regulation (indeed participants confirmed to have 

followed these general strategies closely, see Sorger et al. (2016)), thereby shifting 

their focus of attention to and away from the mental content driving the feedback, 

modulating activation in their attentional system during self-regulation as in 

accordance with the observed prefrontal and parietal activation. 

 

Conforming to the observed modulations of striatum activation by neurofeedback, 

most theoretical approaches on neurofeedback underline the importance of 

reward processing during neurofeedback, although several different working 

mechanisms have been proposed (for a recent overview see Sitaram et al. (2017)). 

As the parametric activation paradigm applied in this study differs from previous 

research regarding the possibility to receive rewarding neurofeedback by up- as 

well as by down-regulating activation adequately in relation to the target level,  it 

remains open whether graded neurofeedback, as employed here, recruits the 

striatum differently compared to neurofeedback studies aiming at maximizing the 
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neurofeedback magnitude, as task load and reward probability are known to 

modulate activation strength and timing of reward system activation (Cardinal, 

2006; Stalnaker, Calhoon, Ogawa, Roesch, & Schoenbaum, 2012). Additionally, it 

would be important for further research to examine strategically whether 

modulating the reward contained in neurofeedback can be used to optimize its 

influence on the striatum, for example by investigating the effect of monetary 

reward for performance. Furthermore, to ensure that participants could optimally 

perform gradual self-regulation in both conditions, and focus on the relevant 

marker of performance (i.e. either derived from neurofeedback or in the no-

feedback condition from introspection), no blinding was applied in the current 

study. As the lack of (double) blinding constitutes a limitation of our design, future 

research should investigate the effects of blinding on the reward system during self-

regulation with neurofeedback. 

 

5.2 The influence of neurofeedback on different stages of reward 
processing 

We also investigated how neurofeedback influences different stages of reward 

processing. In the current study, reward values were assigned to the distance 

between the instructed target activation level and the achieved activation level, 

which was updated every 2s. Interestingly, the observed neurofeedback effect was 

substantially delayed (a significant difference between both training conditions was 

observed only in a time window 8-14s after a corresponding feedback information 

was provided). Taking into account that rtfMRI-based neurofeedback is delayed 

over several seconds, the reward information provided during and shortly after a 

mental action is unrelated to the neural activity subserving the mental action itself. 

It remains to be determined if reception of conflicting reward information during 
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performance of a mental action leads to alterations in neurofeedback processing, 

as besides attributing value to a certain stimulus, the striatum also detects relations 

between performed actions and rewards (FitzGerald, Schwartenbeck, & Dolan, 

2014; Haruno et al., 2004; Kim, Sul, Huh, Lee, & Jung, 2009) and predicts when a 

reward should occur (Kohrs et al., 2012). Additionally to receiving non-

corresponding feedback during or shortly after a mental action, the predictability 

of reward information is also reduced due to noise or other confounding factors 

that distort the neurofeedback signal. Violations of reward expectancies as well as 

uncertainty of receiving rewards lead to alterations in striatum activation (Kohrs et 

al., 2012; McClure et al., 2003; Pagnoni et al., 2002). Both uncertainty and 

conflicting reward information could contribute to the difficulty to detect an 

immediate neurofeedback response in an early time window after the feedback is 

presented. Focusing on creating more direct closed-loop approaches (El Hady, 

2016; Potter, El Hady, & Fetz, 2014), e.g., by neurofeedback-guided brain 

stimulation systems that stimulate the striatum directly, could help to detect 

optimal time windows for operant conditioning and increase the efficacy of 

neurofeedback strongly. 

 

With respect to the interpretability of the current results regarding different phases 

of reward processing, it has also to be noted that different stages of feedback 

processing do not only differ in time, but also recruit different sub-regions of the 

striatum (Balleine et al., 2007; Sleezer & Hayden, 2016; Tanaka et al., 2004). As the 

current study aimed at describing the temporal relationship between visual 

neurofeedback information and striatum activation for the first time, regions of 

interest were chosen based on meta-analytic peak coordinates on reward 

processing in fMRI, to increase the probability of detecting reward related 

activation. Due to this region-of-interest selection approach, different anatomical 
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sub-regions of the anterior striatum contribute to the observed activation, and as 

a consequence we cannot make any strong claims regarding the exact anatomical 

sub-structures underlying this activation pattern. 

 

However, the ventral section of putamen and caudate indeed have been shown to 

create reward predictions using temporal information (Hiebert et al., 2014) 

supporting the interpretation that here temporal properties of reward information 

are crucial. Especially anterior caudate has also been associated with biasing 

actions based on reward information (O'Doherty et al., 2004; Tanaka, Balleine, & 

O'Doherty, 2008; Tricomi, Delgado, & Fiez, 2004; Valentin, Dickinson, & O'Doherty, 

2007), suggesting that the ROI signal represents merged processes of reward 

prediction and action selection, thereby reflecting the interwoven transitions 

between different reward processing stages in the striatum (Haber et al., 2000). 

 

5.3 Linking mental actions to the information contained in 
neurofeedback 

Neurofeedback differs from other domains of feedback learning during the learning 

process in that actions driving the reward are purely mental actions. To understand 

which mental actions lead to rewards, participants rely on introspection. The 

conscious monitoring of mental actions requires meta-awareness, which recruits a 

distributed network of areas, including the anterior cingulate cortex and the insula 

(Schooler et al., 2011). In a loop-like fashion, these hubs have been suggested to 

interact with other higher-order cognitive networks involved in working memory 

and attention, the striatum, the thalamus and regions recruited by the specific self-

regulation task during neurofeedback (Emmert et al., 2017; McCaig, Dixon, 

Keramatian, Liu, & Christoff, 2011; Sitaram et al., 2017). Neural-feedback loops 
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between these networks and the striatum could be crucial in identifying a 

relationship between mental actions and corresponding reward values. The 

complex pattern of continuous top-down input from other regions to the striatum 

during reward processing (Haruno & Kawato, 2006), could be an important 

contributing factor for the observed delay in striatum reactivity to neurofeedback. 

 

However, action-effect mapping is not selectively dependent on conscious 

introspection (Hommel, 1996). Accordingly, recent studies (Ramot, Grossman, 

Friedman, & Malach, 2016) demonstrated that covert neurofeedback, i.e., during 

which participants are not aware of the fact that they received neurofeedback, was 

accompanied by increased striatum activation (Ramot et al., 2016). Both automatic 

reward processing as well as conscious self-regulation have been argued to be 

crucial in neurofeedback (Sitaram et al., 2017) but a mechanistic model of how 

automatic and subsequent stages of reward processing interact during 

neurofeedback is still lacking. For future research to tackle this issue, the temporal 

properties of neurofeedback should be taken into account because action-reward 

mapping is known to be strongly influenced by the delay of a reward (Dobryakova 

& Tricomi, 2013; Tanaka et al., 2004). 

 

5.4 Conclusion 

This study demonstrates that neurofeedback contributes to self-regulation through 

regions involved in feedback and reward processing, which share activation 

between different mental tasks. Focussing on the striatum as a key region in reward 

processing, we demonstrated increased activation in the anterior striatum during 

self-regulation with neurofeedback, which correlated with self-regulation success. 

The substantial delay in the observed effect suggests that these modulations reflect 
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later stages of reward processing beyond simple detection of external rewards, but 

further research is needed to understand the mechanisms of neurofeedback 

reward learning. As trained associations between actions and rewards (for example 

during operant conditioning) are key to learning, the given results provide a 

promising outlook for neurofeedback to facilitate learning with the potential for 

operant conditioning of mental actions. 
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Chapter 5 – Summary, General Discussion, Conclusion 
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1. Summary 

While the major focus of previous neurofeedback work lay on observing 

changes in the neurofeedback target or task-specific psychological outcome 

variables, only a much smaller part of research has been dedicated to study 

the general mechanisms of self-regulation and learning in the context of 

neurofeedback. To contribute to an understanding of how the brain 

responds to neurofeedback, this thesis focused on the mechanisms 

contributing to neurofeedback-guided self-regulation across different 

neurofeedback tasks and time. 

 

In chapter 2, we focused on whether neurofeedback performance and 

psychological effects of neurofeedback are influenced by different training 

styles. Specifically, we investigated the effects of providing an initial 

neurofeedback task with assumed lower task demands before switching to 

the main training. Participants underwent three real-time fMRI 

neurofeedback-training sessions, in order to learn to regulate activation of 

the anterior insula (aINS) to three different target levels, either by 

performing the identical emotion regulation task over the whole training 

(constant training style group: CON), or by first training to reach three target 

levels with motor-imagery-driven neurofeedback from the supplementary 

motor area (SMA; changing training style group: CHA). While achieving fine-

grained control over the fMRI-signal level was more feasible for participants 

receiving SMA in comparison to aINS neurofeedback during the initial 

training, both groups were able to significantly improve their aINS regulation 

performance over the subsequent sessions. Although both groups did not 
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differ in their ability to stabilize the neurofeedback signal at a certain target 

level, the group initially obtaining neurofeedback experience through 

training with a motor-imagery task showed an increased tendency to up-

regulate the neurofeedback signal, which correlated with more effective 

training outcomes with regard to post-training positive affect. Findings were 

supported by participants’ self-evaluation on personal neurofeedback 

regulation abilities and motivation. Overall, the results of chapter 2 support 

that neurofeedback guided emotion regulation is associated with subjective 

experiences of emotion. While differences between training styles are 

subtle, the overall pattern of group differences suggests that different 

training styles modulate self-regulation and psychological outcomes of a 

neurofeedback training.  

 

In chapter 3, we focused on the neural basis of neurofeedback guided self-

regulation and how it changes over time. By comparing brain activation 

between the two different mental tasks described in chapter 2 (SMA and 

aINS neurofeedback), we could replicate recent findings on involvement of 

a domain-general network in neurofeedback (Emmert et al., 2016) and in 

addition revealed differential activation in task-specific regions selectively 

involved in emotion regulation and motor imagery. Across both 

neurofeedback tasks, neurofeedback target regions showed significant 

increases in connectivity to the rest of the brain. Significant connectivity 

clusters of the two different target regions (SMA and aINS) overlapped with 

brain activation shared between both tasks, supporting the domain general 

function of the involved network. During the subsequent sessions of aINS 
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neurofeedback training, activation remained largely constant, with a trend 

for increased striatum activation for the CHA group that was not present in 

the CON group. Connectivity between the target region and several cortical 

regions was significant during all sessions, particularly to regions that have 

been shown to be activated (lateral prefrontal, parietal, insular) or 

deactivated (hubs of the default mode network, DMN) across different 

neurofeedback tasks (Emmert et al., 2016). Additionally, connectivity 

between the target region and the anterior striatum was only observed 

during the last session. Overall, the results of this chapter support the 

notion, that during neurofeedback a defined network is recruited reliably. 

They suggest, that regions of this network synchronize their activation with 

the neurofeedback target, while especially the striatum could be implicated 

in learning effects in response to neurofeedback.  

 

In chapter 4, we focused on the neural basis of feedback processing during 

neurofeedack guided self-regulation. For this matter, we compared fMRI 

activation across different mental tasks involving gradual self-regulation 

with and without providing neurofeedback. Participants freely chose one 

self-regulation task and underwent two training sessions, one with and one 

without receiving neurofeedback. Neurofeedback signals were provided 

based on activity in task-related, individually defined target regions. Whole-

brain analysis revealed, that a network of cortical control regions as well as 

regions implicated in reward and feedback processing were activated during 

neurofeedback compared to rest. Self-regulation with feedback was 

accompanied by stronger activation within the striatum across different 



 206 

mental tasks. Additional time-resolved single-trial analysis revealed that 

neurofeedback performance was positively correlated with a delayed brain 

response in the striatum that reflected the accuracy of self-regulation. 

2. General Discussion

2.1 Task-general effects of neurofeedback 

The reliable activation of a network of prefrontal control areas (aINS, 

ventrolateral and dorsolateral prefrontal cortex (vl/dlPFC) and anterior 

cingulate cortex (ACC)) across various neurofeedback tasks (chapter 3 and 4, 

see also Emmert et al. (2016)) suggests that during neurofeedback a network 

is trained, which exerts control over a wide range of cognitive and affective 

processes. That the recruited network is involved in many different mental 

tasks suggests that it is not narrowly dependent on a particular task setting. 

It seems therefore likely that this network will exert its influence also in 

other mental tasks outside the neurofeedback setting. Studies on emotional 

self-regulation without neurofeedback support this notion: The aINS, vlPFC, 

dlPFC and ACC have been shown to be involved in endogenous generation 

of emotional states of positive as well as negative valance, and across 

different mental imagery modalities (Engen, Kanske, & Singer, 2016). 

Additionally, the aINS, vlPFC, dlPFC and ACC appear to be crucial in down-

regulating negative emotions: Dörfel et al. (2014) could show that across 

emotional down-regulation strategies the dlPFC, ACC and aINS were reliably 

recruited, while vlPFC activation was particularly pronounced during 

reappraisal. The transfer from neurofeedback training effects in this network 
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to clinically relevant forms of emotional self-regulation without 

neurofeedback seems therefore to be likely. In accordance, it recently has 

been shown that just one session of neurofeedback training can increase 

efficacy of mental strategies applied during cognitive-behavioral therapy in 

depressed patients (MacDuffie et al., 2018).  

 

Considering the reliable involvement of the neurofeedback network 

described by Emmert in the here described work, it is fair to assume that the 

target-level paradigms used in this thesis as well as paradigms making use of 

only up- or down-regulation (described by Emmert and colleagues) recruit 

the same set of regions. In comparison to Emmert et al. (2016), the 

paradigms described in this thesis have also been associated with decreased 

activation in the pINS in comparison to baseline (chapter 3) and in 

comparison passive viewing of neurofeedback (chapter 4) across different 

mental tasks. Such deactivation of the pINS was present during emotion-

regulation neurofeedback (chapter 3) as well as during non-affective 

neurofeedback tasks (chapter 3 and 4).  

 

While the consistency of results suggests the relevance of pINS deactivation 

in neurofeedback guided self-regulation, theoretical accounts for the 

underlying mechanism are at the moment hypothetical. The functional role 

of the pINS is multifaceted and various functions have been suggested 

(regarding the role of the pINS in pain processing see Apkarian, Bushnell, 

Treede, and Zubieta (2005), Segerdahl, Mezue, Okell, Farrar, and Tracey 

(2015), Davis, Bushnell, Iannetti, Lawrence, and Coghill (2015); regarding its 
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involvement in somatosensory and body representation see Tsakiris, Hesse, 

Boy, Haggard, and Fink (2006), Heydrich and Blanke (2013), Cereda, Ghika, 

Maeder, and Bogousslavsky (2002); for auditory processing and speech see 

Bamiou et al. (2006), Eickhoff, Heim, Zilles, and Amunts (2009), Wise, 

Greene, Büchel, and Scott (1999)). 

 

Overall, more posterior sections of the insula contribute to various sensory 

processes, while medial-anterior sections are associated with emotions, 

executive functions and memory (Cloutman, Binney, Drakesmith, Parker, & 

Ralph, 2012; A. D. Craig & Craig, 2009; Kurth, Zilles, Fox, Laird, & Eickhoff, 

2010). It remains a matter of debate, which common function the pINS 

serves across different sensory modalities. A variety of roles have been 

suggested, including interoception, i.e., awareness of bodily functions (A. 

Craig, 2003; A. D. Craig, 2002; Kuehn, Mueller, Lohmann, & Schuetz-

Bosbach, 2016; Simmons et al., 2013), and encoding of sensory intensity 

(Davis et al., 2015; Moayedi & Weissman-Fogel, 2009; Olausson et al., 2002; 

Seminowicz & Davis, 2006). In the context of neurofeedback, deactivation of 

the pINS could reflect a high attentional focus on the ongoing mental 

imagery task, so that attentional weight on sensory input is reduced not to 

interfere with ongoing imagery. Accordingly, Wager, Spicer, Insler, and 

Smith (2014) describe pINS and DMN de-activation being reflective of task 

demand as well as predicting successful task performance during a working 

memory task, in accordance with the observed deactivation pattern 

described in chapter 3 and 4. 
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2.2 Task-specific effects of neurofeedback 

Besides providing further evidence for task-general mechanisms of self-

regulation in neurofeedback, the work presented in chapter 3 of this thesis 

also shows that areas specific to a certain mental task are recruited during 

neurofeedback. Comparing activation between emotion-regulation 

neurofeedback and motor-imagery neurofeedback showed spread out 

differences in activation and modulations in connectivity. However, it has to 

be noted that reported activation differences were acquired in a small 

sample and might reflect activation specific to participants in our sample. 

Nevertheless, it is promising that already on such a small scale 

neurofeedback tasks showed differing activation in task-relevant areas. For 

example, brainstem activation was only observed during motor-imagery 

neurofeedback and has previously been observed in motor imagery of 

running compared to mental imagery of lying (Jahn et al., 2008). This 

underlines the capability of neurofeedback to target a specific neural 

mechanism instead of general self-regulation skills. 

 

Accordingly, recent neurofeedback studies have targeted the neural basis of 

very specific emotional states as affiliative emotions (Moll et al., 2014). In 

the future, such training schemes could help to treat very specific 

neuropsychiatric deficits with neurofeedback. For example, Green, Ralph, 

Moll, Deakin, and Zahn (2012) showed that self-blame in depression was 

related to alterations in functional coupling between the anterior temporal 

cortex and the subgenual cingulate cortex. Subsequently, Zahn et al. (2017) 

reported the possibility of modulating coupling between these regions 
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through neurofeedback. By developing such specific neurofeedback tasks, 

neurofeedback can be tailored towards the specific symptoms of patients. 

 

Differentiating between task-general and task-specific components of 

neurofeedback could also help to fine-tune the design of neurofeedback 

control groups, a topic of ongoing debate in the neurofeedback community: 

A recent study has for example shown that controlling an area responsive to 

visual scenes with visual imagery significantly improved depression 

symptoms of patients, with effect size comparable to symptom 

improvements after emotion-regulation neurofeedback and exceeding the 

expected effect size of placebo effects (Mehler et al., 2018). Understanding 

which neural and psychological mechanisms are shared between different 

types of neurofeedback could enable researchers to take the expected 

shared effects of different mental tasks into account for choosing control 

tasks or determining expected effect sizes of group differences.  

 

2.3 Limitations and future directions  

While the presented findings extend the field by providing novel insights into 

the working mechanisms of neurofeedback, future studies have to 

determine to which extend they can be generalized to other neurofeedback 

settings. Several aspects of the presented work potentially limit the 

generalizability of our findings. Overall, the presented studies are based on 

rather small samples. Nonetheless, whole-brain results based on pooled 

data of mental tasks and groups (chapters 3 and 4) were in accordance with 
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previous research (Emmert et al., 2016) and appeared to be replicable over 

the studies described in this thesis. In turn, especially the sub-parts of the 

here presented work that focus on specific effects of neurofeedback tasks 

(chapters 2 and 3) should be reproduced with larger samples. Despite 

including different neurofeedback tasks and neurofeedback target regions, 

the here described research relies on several design properties, that 

potentially limit generalizability of results towards other neurofeedback 

studies: 

 

Firstly, the applied neurofeedback tasks required participants to reach and 

hold the neurofeedback signal at defined target activation levels. As this 

includes up-regulating activation in a region, as well as down-regulating 

(when exceeding the target level), it remains open, whether continuous 

training of only up-regulation or only down-regulation will lead to different 

training outcomes. 

 

Secondly, the majority of neurofeedback applications is based on 

electroencephalography (EEG). EEG neurofeedback can be updated in 

milliseconds, as it is not affected by the hemodynamic delay. This might 

entail, that mental operations performed during EEG neurofeedback might 

differ from mental operations performed during fMRI neurofeedback. For 

example, working memory capacities might be used differently as EEG 

neurofeedback does not constantly have to be related to a mental operation 

that occurred 6-8 seconds backwards in time. Indeed, Perronnet and 

colleagues describe more BOLD activation during motor-imagery-guided by 
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fMRI-neurofeedback than during EEG-neurofeedback in comparison to rest, 

and most pronounced activation during bimodal neurofeedback, i.e., were 

EEG- and fMRI-neurofeedback information is integrated (Perronnet et al., 

2017). Specifically, areas beyond the motor system, including the IFG and 

the aINS, were only recruited when incorporating fMRI information, 

suggesting a modulatory influence on the task-general network. 

 

Thirdly, participants performed active self-regulation: They were aware that 

they were receiving neurofeedback and aimed to achieve control over the 

neurofeedback signal. While most neurofeedback studies (including the 

experiments described in this thesis) require voluntary self-regulation 

involving the awareness of the participant to be provided with 

neurofeedback, the alternative covert-neurofeedback approach relies on 

sub-conscious associative learning (Koizumi et al., 2017; Ramot, Grossman, 

Friedman, & Malach, 2016; Taschereau-Dumouchel, Liu, & Lau, 2018). 

Although taking care that participants were not aware of receiving 

neurofeedback, Ramot and colleagues described increasing connectivity 

between the target ROI and the default-mode network, cingulate cortex, 

thalamus, striatum, brainstem, and cerebellum during covert 

neurofeedback over time, as well as increased activation in the lateral 

fissure, ACC and striatum in response to neurofeedback (Ramot et al., 2016). 

Notably, profound involvement of prefrontal and parietal control areas was 

not detected. This lack of control network involvement in comparison to the 

findings described in this thesis (chapter 3 and 4) supports that a core 

network of regions is reactive to neurofeedback, which is extended by 
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prefrontal and parietal control regions when (voluntary) self-regulation is 

involved. Future research could determine whether covert neurofeedback 

paradigms that do not require demanding self-regulatory skills could be used 

for improving the efficacy of neurofeedback paradigms, or whether they are 

better suited for a certain patient population with deficits in the circuitry of 

self-regulation.  

 

3. Conclusion 

Overall, the research summarized in this thesis sheds light on several 

working mechanisms of neurofeedback by investigating involved 

psychological processes (e.g. self-efficacy and positive affect after emotion-

regulation neurofeedback training), by describing brain systems generally 

recruited during neurofeedback guided self-regulation, by describing brain 

systems recruited during specific neurofeedback tasks, as well as showing 

functional changes that the brain undergoes during neurofeedback over 

time, and by revealing processing of neurofeedback information in the 

striatum, as a key region in feedback learning. 

 

Taken together, these findings support that neurofeedback affects the brain 

by stimulating the reward system, while simultaneously guiding higher-level 

cognitive control and task specific core networks. The reliable interplay of 

multiple regions thereby provides a pronounced opportunity for inducing 

changes on a network level, as during neurofeedback an extensive network 

of regions potentially synchronizes with the target region. In addition to the 
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implicated clinical possibilities, neurofeedback thereby provides a controlled 

setting to study how brain networks adapt in response to feedback. 

Considering that most neural systems function through dynamic interactions 

between neural activity and intrinsic as well as environmental feedback, 

neurofeedback constitutes a holistic research tool for neuroscience. 
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Knowledge Valorisation 

In the last fifty  years, a sharp rise in mental health issues has been observed (Kim, 

Coumar, Lober, & Kim, 2011; Whitaker, 2005), widely described as the „mental-

health epidemic”. During the same time, technical improvements like the 

development of functional magnetic resonance imaging and the exponential 

growth of processing speed and digital memory has put neuroscience, psychology 

and psychiatry into the state to create mental-health treatments based on 

excessively growing data related to human (e.g., brain) functions. 

While a research community contributing to such a massive increase of clinically 

relevant data has the ethical responsibility to support the utilization of its research 

in the clinical practice, developing treatments based on fast-changing and cost-

intensive neuroimaging techniques remains a challenge under constant economic 

pressure. Increasing the efficacy of treatments and tailoring it to the patient 

population that will benefit the most from it will help to optimally translate findings 

from basic research in cognitive, affective and social neuroscience to the clinical 

domain. 

In the process of this transition, neurofeedback has to compete or merge with other 

mental-health treatments that do not require such specialized technical equipment 

and are easier to access, as psychopharmacological treatments, psychotherapy or 

mindfulness-based approaches. Currently, research that observes such interactions 

between rtfMRI and other mental health treatments is emerging. A recent study 

could demonstrate that neurofeedback can support cognitive behavioural therapy 

by improving meta-cognitive abilities of participants (MacDuffie et al., 2018). An 

ongoing clinical trial is also evaluating whether brain activation during 
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neurofeedback can function as a biomarker for responsiveness to pharmacological 

treatments (Peciña, 2016). However, potential interaction with regard to the neural 

effects of such combinations are hard to predict, due to complexity of the involved 

neural mechanisms. 

Acquiring and analyzing data of the neural processes that take place during 

neurofeedback is therefore crucial, in order to form valid hypothesis on how other 

available treatment approaches can contribute to the effects of neurofeedback and 

vice versa. Especially combinations between neurofeedback and brain stimulation 

techniques could constitute a first pathway beyond neurofeedback-only 

interventions, as both techniques provide flexible control over neural treatment 

effects. But while first closed-loop neurofeedback transcranial magnetic 

stimulation (NF-TMS) systems have already successfully been implemented 

(Koganemaru et al., 2018; Sokhadze et al., 2014), their applicability in the clinical 

domain is still in its infancy. 

Another group of treatments that shows potential for being combined with 

neurofeedback are biofeedback trainings that do not feedback brain activation, but 

rather respiratory or cardiac activity. Such biofeedback approaches, as heart rate 

variability biofeedback, have also shown to constitute effective treatment options 

for major psychiatric disorders (see Siepmann, Aykac, Unterdörfer, Petrowski, and 

Mueck-Weymann (2008); Karavidas et al. (2007)), and could contribute to the 

training of self-regulation strategies, interoceptive abilities, as well as self-efficacy 

(Gevirtz, 2013). 

In addition, meditation based treatments share several psychological core aspects 

with neurofeedback interventions, as training of self-regulation skills and 
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introspection (Baird, Mrazek, Phillips, & Schooler, 2014; Tang et al., 2007; Tang, 

Posner, & Rothbart, 2014). As these approaches are not as cost-intensive as fMRI-

NF approaches, but potentially require more training sessions, combining such 

interventions with neurofeedback could provide a possibility to allow for 

continuous self-regulation training, while reducing treatment costs. 

Another option for reducing treatment costs would be the application of cheaper 

and more easily accessible neuroimaging techniques for generating neurofeedback, 

as electroencephalography (EEG) or functional near-infrared spectroscopy (fNIRS). 

While these techniques lack the ability to provide reliable neurofeedback from 

subcortical areas, they are not associated with so many practical issues as MRI (e.g. 

related to safety) and can also be used without trained technical staff: 

Contemporary developments as BCI-EEG devices for home use (Sellers, Vaughan, & 

Wolpaw, 2010) could therefor help to integrate neurofeedback into the daily life of 

patients. Understanding how participants react to different types of neurofeedback 

will contribute to sensible decisions on which neuroimaging techniques are  best to 

be applied for certain clinical conditions. 

But before understanding the unique effects of a particular neurofeedback setting, 

as well as the effects emerging from combinations between neurofeedback with 

other therapies, research on the neural basis of neurofeedback is a first, necessary 

step. Neurofeedback can only develop its full potential as a clinical tool when we 

understand how it works. 

To achieve this 
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i. …improvements of training designs as described in chapter 2 and 3 of this thesis

will help to increase the cost efficacy of neurofeedback. At the same time they

provide an example for transfer of self-regulation skills and thus give an optimistic

outlook for more holistic training schemes, which not only implement different

neurofeedback tasks, but in consecutive treatment phases apply neurofeedback

and other mental health interventions.

ii. …research on the neural mechanisms of neurofeedback (as described in chapter

3 and 4), will allow to understand which properties of neurofeedback are unique in

comparison to other types of treatment. Especially when considering that striatum

activation (as described in chapter 4) could be modulated directly at reward

sensitive time windows with neurofeedback-guided neurostimulation,

neurofeedback contains powerful potential for reshaping dysfunctional brain

circuits through reinforcement learning.

With its potential for integrating state of the art research from neuroscience, 

psychiatry and psychology into one comprehensive treatment approach, 

neurofeedback constitutes a modern treatment for psychiatric conditions that 

manifest themselves in the brain as well as in psychological experiences. 
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