
NeuroImage 221 (2020) 117194 

Contents lists available at ScienceDirect 

NeuroImage 

journal homepage: www.elsevier.com/locate/neuroimage 

Network-based fMRI-neurofeedback training of sustained attention 

Gustavo S.P. Pamplona 

a , b , c , ∗ , Jennifer Heldner c , Robert Langner d , e , Yury Koush 

f , Lars Michels g , 

Silvio Ionta 

a , Frank Scharnowski c , h , i , j , 1 , Carlos E.G. Salmon 

b , 1 

a Sensory-Motor Laboratory (SeMoLa), Jules-Gonin Eye Hospital/Fondation Asile des Aveugles, Department of Ophthalmology/University of Lausanne, Lausanne, 

Switzerland 
b InBrain Lab, Department of Physics, University of São Paulo, Ribeirão Preto, Brazil 
c Department of Psychiatry, Psychotherapy and Psychosomatics, Psychiatric Hospital, University of Zürich, Switzerland 
d Institute of Systems Neuroscience, Heinrich Heine University Düsseldorf, Düsseldorf, Germany 
e Institute of Neuroscience and Medicine, Brain & Behaviour (INM-7), Research Centre Jülich, Jülich, Germany 
f Department of Radiology and Biomedical Imaging, Yale School of Medicine, Yale University, New Haven, CT, USA 
g Department of Neuroradiology, University Hospital Zurich, Zurich, Switzerland 
h Neuroscience Center Zurich, University of Zurich and Swiss Federal Institute of Technology, Zurich, Switzerland 
i Zurich Center for Integrative Human Physiology (ZIHP), University of Zurich, Zurich, Switzerland 
j Department of Cognition, Emotion, and Methods in Psychology, Faculty of Psychology, University of Vienna, Vienna, Austria 

a r t i c l e i n f o 

Keywords: 

Sustained attention 

Default mode network 

Neurofeedback 

Real-time fMRI 

Anticorrelated networks 

Behavioral changes 

a b s t r a c t 

The brain regions supporting sustained attention (sustained attention network; SAN) and mind-wandering 

(default-mode network; DMN) have been extensively studied. Nevertheless, this knowledge has not yet been 

translated into advanced brain-based attention training protocols. Here, we used network-based real-time func- 

tional magnetic resonance imaging (fMRI) to provide healthy individuals with information about current activity 

levels in SAN and DMN. Specifically, 15 participants trained to control the difference between SAN and DMN 

hemodynamic activity and completed behavioral attention tests before and after neurofeedback training. Through 

training, participants improved controlling the differential SAN-DMN feedback signal, which was accomplished 

mainly through deactivating DMN. After training, participants were able to apply learned self-regulation of the 

differential feedback signal even when feedback was no longer available (i.e., during transfer runs). The neu- 

rofeedback group improved in sustained attention after training, although this improvement was temporally 

limited and rarely exceeded mere practice effects that were controlled by a test-retest behavioral control group. 

The learned self-regulation and the behavioral outcomes suggest that neurofeedback training of differential SAN 

and DMN activity has the potential to become a non-invasive and non-pharmacological tool to enhance attention 

and mitigate specific attention deficits. 
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. Introduction 

Attention please! This simple phrase refers to a complex cognitive

rocess by which the brain selects relevant aspects of incoming infor-

ation while ignoring irrelevant input. The continuous competition be-

ween different inputs and outputs can be biased top–down by expecta-

ions and goals as well as bottom–up by salient events. When such salient

vents are not relevant for the task at hand, they are usually called “dis-

ractors ”. Most of the time, attentional lapses due to distraction (i.e.,

hifts of the attentional focus) or the failure to keep up a sufficient in-

ensity level of attention over time are harmless, but they can also take

ragic turns, for example, when causing accidents ( Robertson, 2003 ).
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hile the long-term impact on attention due to modern multitasking dis-

ractive devices is still unclear ( Wilmer et al., 2017 ), attentional deficits

re common symptoms of psychiatric and neurological disorders, such

s attention-deficit/hyperactivity disorder ( Bellgrove et al., 2005 ), anx-

ety disorders ( Eysenck et al., 2007 ), schizophrenia ( Green, 1996 ), and

ementias ( O’Keeffe et al., 2007 ). 

Attention is a multifaceted cognitive function, its core being the cre-

tion of a selective processing focus ( Sood and Jones, 2013 ). The atten-

ional function that enables the continuous focus on a particular task for

onger periods is defined as sustained attention. This ability is not rep-

esented anatomically in the brain as an unitary function but through

unctionally heterogenous multiple regions that jointly integrate to
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onstitute the so-called sustained attention network (SAN) ( Langner and

ickhoff, 2013 ). Conversely, the widely studied default-mode net-

ork (DMN) is generally deactivated during attention-demanding tasks

 Raichle et al., 2001 ), but it is active during internally focused cogni-

ive processes, such as mind-wandering ( Mason et al., 2007 ), internal

elf-referential processes ( Gusnard et al., 2001 ), and episodic memory

 Greicius et al., 2003 ), as well as associated with worsened attentional

erformance ( Weissman et al., 2006 ). Sustained attention and mind-

andering are viewed as mutually exclusive – based on a definition of

ind-wandering as task-unrelated thoughts ( Seli et al., 2018 ) –, which

s reflected by a competitive pattern of brain activation in SAN (specif-

cally, the dorsal attention network) and DMN. These two networks are

ntrinsically anticorrelated ( Fox et al., 2005 ) and are thought to re-

ect the antagonistic information processing with external versus in-

ernal orientation ( Spreng, 2012 ). The more demanding the task is, the

ore pronounced this dichotomy becomes ( Kelly et al., 2008 ). As ev-

dence for this anticorrelation, better performance in a range of atten-

ional tasks is associated with activation in attention-related regions,

hile lower performance is linked to DMN activations ( Hinds et al.,

013 ; Lawrence et al., 2003 ; Ogg et al., 2008 ; Thompson et al., 2013 ;

eissman et al., 2006 ). Furthermore, practitioners of attention-based

editation are better able to deactivate the DMN ( Brewer et al., 2011 ),

o activate attention-related regions ( Brefczynski-Lewis et al., 2007 ;

anna et al., 2010 ), and exhibit higher network anticorrelation even

t rest ( Josipovic et al., 2012 ). Taken together, these studies suggest

hat increased sustained attention is achieved whenever there is a com-

ination of DMN suppression together with SAN activation, an ability

hat could be enhanced. Following this rationale, we used a differen-

ial neurofeedback approach (i.e., feeding back the activity difference

etween two brain regions/networks) to simultaneously train both SAN

p- and DMN down-regulation in order to improve attention. 

Enhancing the voluntary control of these two networks may be

chieved through fMRI-neurofeedback, a technique that converts cur-

ent brain activity into sensory feedback to allow for learning to reg-

late brain activity. Such training has been shown to produce no-

iceable effects on behavior ( Ruiz et al., 2014 ; Sitaram et al., 2017 ;

ulzer et al., 2013 ; Weiskopf et al., 2004 ). More specifically, learn-

ng to simultaneously regulate multiple brain regions associated with

ifferent functions was achieved through differential neurofeedback

 Robineau et al., 2014 ; Scharnowski et al., 2015 ). Several previous stud-

es have attempted to enhance attention using neurofeedback. Find-

ngs from EEG-based neurofeedback studies led to inconsistent results,

eporting both, the presence and absence ( Vollebregt et al., 2014 )

f attentional benefits from training, indicating that more empiri-

al research is needed. Furthermore, treatments targeting attention-

elated brain regions rather than specific electrocortical frequencies

ight be more effective ( Langner and Eickhoff, 2013 ). Using real-

ime fMRI neurofeedback, sustained attention enhancement was suc-

essfully achieved through online monitoring multi-variate brain sig-

atures of attention while performing a specific task and providing

eedback to the participants when attention lapses were detected in

he brain ( deBettencourt et al., 2015 ). In clinical conditions, fMRI-

eurofeedback was applied as an experimental intervention targeting

ttentional deficits through upregulation of right inferior prefrontal and

orsal anterior cingulate cortex ( Alegria et al., 2017 ; Zilverstand et al.,

017 ). 

The current study aimed to complement and extend these previ-

us approaches by (1) targeting network interactions rather than sin-

le brain regions in isolation, and (2) assessing the training effects on

 range of attention task rather than the training being linked to a spe-

ific task. This was achieved by using differential SAN-DMN network

eedback and evaluating the effects of such training on a battery of five

ehavioral tests that assess different aspects of attention such as atten-

ion switching, vigilance, mental rotation, and alertness. We hypothe-

ized that our approach allows to (1) learn control over SAN and DMN

ctivity, (2) exert such control in the absence of feedback (i.e., during
ransfer runs) after training, and (3) improve attention in participants

ho learned SAN-DMN self-regulation. 

. Materials and methods 

.1. Participants 

Thirty healthy young adult volunteers (10 women, M = 26.9,

D = 3.8 years old) were recruited via online advertisement and par-

icipated in this study. Participants had to be between 18 and 40 years

ld and needed to read and speak English sufficiently well to follow the

nstructions. Half the participants were assigned to the neurofeedback

NF) group and the other half were assigned to the test-retest (TR) con-

rol group. Both groups were matched for age (paired t-test, p = .15) and

ender. Exclusion criteria included left-handedness, vision impairments

utside of − 3 to + 3 diopters (when correction by contact lenses was

ot possible), history of mental and/or cardiovascular disorders, con-

umption of alcohol or other drugs during the days of the experiment,

s well as MRI contraindications (for the NF group only). This study

as approved by the local ethics committee of the Canton of Zurich

n Switzerland. All participants read and signed the informed consent

ccording to the declaration of Helsinki before taking part in the study.

.2. MRI acquisition 

All MR images were acquired through a Philips Achieva 3T MRI scan-

er and a 32-channel head coil in the MR center of the Psychiatric Hospi-

al, University of Zürich, Switzerland. Functional images were acquired

sing a T2 ∗ -weighted gradient-echo-planar (EPI) sequence with repeti-

ion time/echo time (TR/TE) = 2000/30 ms, flip angle = 80°, and field

f view (FOV) = 240 mm × 240 mm. 37 slices were acquired in ascend-

ng order to cover the entire cerebrum (voxel size = 3 × 3 × 4 mm 

3 ,

ap = 0.5 mm). SofTone mode was activated to reduce acoustic scan-

er noise. Anatomical T1-weighted brain images were acquired us-

ng a 3D MPRAGE (magnetization prepared gradient echo) sequence,

R/TE = 7.2/3.4 ms, 170 slices, voxel size = 1 × 1 × 1 mm 

3 , flip an-

le = 8°, FOV = 240 mm × 240 mm, duration = 3.5 min. 

Resting-state acquisitions comprised 200 scans (6 min 40 s) during

hich participants were asked to relax, stay still, breath regularly, look

t a central black circle presented on a white screen for visual fixation,

nd not to think about anything in particular. Neurofeedback training

cquisitions comprised 190 scans (6 min 20 s) and no-feedback transfer

uns 180 scans (6 min). Before every functional acquisition, five dummy

cans were acquired to establish steady-state magnetizations. 

Heart rate was measured during functional runs with a pulse oxime-

er attached to the participants’ right index finger (sampling inter-

al = 0.002 s). Breathing rhythm was measured during functional runs

y fastening a pneumatic belt to the participants’ abdomen. Due to tech-

ical problems, heart rate measurements failed for five participants. In

he MR scanner, visual stimuli were presented with MR-compatible gog-

les (Resonance Technology Inc.). 

.3. Experimental design overview 

The experimental timeline for the NF group is summarized in Fig. 1 .

t the beginning of the first and fourth day of the experiment, partici-

ants in the NF group were asked to fill out the attention questionnaires

nd anatomical as well as resting-state fMRI scans were acquired. Sub-

equently, they were asked to perform a battery of five attention-related

ests after having read the instructions. 

During the second and third days of the experiment, five 45-min

eurofeedback training runs were performed, respectively, after having

ead instructions explaining the training procedure and suggesting po-

ential self-regulation strategies (for details, see below). Before the first

nd after the last neurofeedback training run, participants performed
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Fig. 1. Experimental timeline over sessions for the NF group. 
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ransfer runs without feedback. The intervals between the first and sec-

nd days and the second and third days were maximally one week. The

nterval between the third and fourth days was one day maximum. 

Participants in the TR control group were only asked to perform the

ame behavioral attention tests twice, separated by a two-week interval

which corresponds to approximately the same interval between the pre-

nd post-training attention tests in the NF group). The TR group did not

erform any neurofeedback training. 

.4. Region-Of-Interest (ROI) definitions 

To cover the extensive brain activations linked to the different cog-

itive aspects of attention, the SAN regions that we used consisted of

our anatomically distinct regions, respectively ( Fig. 2 ). The SAN re-

ions were defined based on masks from a meta-analysis of sustained

ttention studies ( Langner and Eickhoff, 2013 ). This approach was cho-

en to efficiently and robustly delineate the SAN as a network em-

racing multiple functional aspects, thereby minimizing task-specific bi-

ses resulting from idiosyncrasies of any single functional localizer task.

AN1 comprised the anterior midcingulate cortex (aMCC), which is in-

olved in detecting and/or solving processing conflicts, errors, and ad-

usting efforts ( Weissman et al., 2006 ), sustaining intention and prepa-

ation, as well as monitoring performance. SAN1 also comprised a por-

ion of the pre-supplementary motor area (pre-SMA), which is associ-

ted with cognitive control of motor output ( Tanji, 1994 ), motor prepa-

ation, facilitation, and inhibition ( Langner and Eickhoff, 2013 ), pre-

lanned movement ( Cunnington et al., 2002 ); and enhanced vigilance
 Hinds et al., 2013 ). SAN2 corresponds to the right inferior frontal junc-

ion (IFJ), which is associated with discrimination (i.e. go versus no-

o) and condition-switching tasks ( Langner and Eickhoff, 2013 ). To-

ether, SAN1 and SAN2 were reported to exhibit sustained activities

uring attentional tasks ( Dosenbach et al., 2006 ). SAN1 and SAN2

ere eroded to reduce cluster size so that they are similar in size

o SAN3 and SAN4. SAN3 corresponds to the right temporoparietal

unction (TPJ), which is related to stimulus-driven bottom-up reorien-

ation of attention ( Corbetta and Shulman, 2002 ; Langner and Eick-

off, 2013 ; Weissman et al., 2006 ), and updating of internal representa-

ions for response selection ( Wolff et al., 2017 ). SAN4 corresponds to the

ight intraparietal sulcus (IPS), which is associated with endogenous,

oal-oriented, or top-down attentional orienting ( Corbetta and Shul-

an, 2002 ), spatial orienting, and mental rotation ( Harris et al., 2000 ).

n contrast to SAN1 and SAN2, SAN3 and SAN4 are supposedly recruited

nly transiently during initial attention engagement ( Dosenbach et al.,

006 ). The SAN combines regions from both the frontoparietal control

etwork ( Dosenbach et al., 2008 ) – SAN1 and SAN3 – and the dorsal at-

ention network ( Yeo et al., 2011 ) – SAN2 and SAN4. While the former

s related to cognitive control operations and the latter to visual atten-

ion ( Spreng, 2012 ), these regions do not need to be co-activated under

ll circumstances, but they were selected for co-activation training to

romote the enhancement of sustained attention. 

The DMN can be subdivided and has been shown to be associated

ith various functions, reflecting the complexity of self-oriented expe-

iences ( Andrews-Hanna et al., 2014 ). Therefore, we chose regions con-

istently found across DMN studies and that are related to controlling
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Fig. 2. Selected SAN (red) and DMN (blue) ROIs and their center-of-mass MNI coordinates in sagittal, coronal, and axial views. SAN1 = aMCC, SAN2 = rIFJ, 

SAN3 = rTPJ, SAN4 = rIPS, DMN1 = PCC, DMN2 = mPFC, DMN3 = lAng, DMN4 = rAng. 
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ttention in self-generated thought, potentially recruiting attention pro-

esses that are externally oriented to a task. These characteristics are

ound in the core network, as defined by Andrews-Hanna et al. (2014) ,

nd the DMN nodes chosen as ROIs in this study. DMN1, DMN2, DMN3,

nd DMN4 represent the posterior cingulate cortex (PCC), the me-

ial prefrontal cortex (mPFC), and the left/right angular gyrus (lAng

nd rAng), respectively. In order to account for individual differences

 Finn et al., 2015 ; Shen et al., 2013 ), the subject-specific DMN ROIs

ere defined using independent component analysis (ICA). Specifically,

ach participant’s anatomical and resting-state fMRI data from the first

ay were preprocessed and defined as inputs for ICA analysis using the

ift toolbox ( http://mialab.mrn.org/software/gift ) with a pre-defined

umber of 30 components. Next, the component representing the dorsal

MN was identified and the four 6-mm-radius spherical DMN ROIs were

ndividually specified using the Personode toolbox ( Pamplona et al.,

020 ; Sohn et al., 2015 ). 

.5. Real-time fMRI system and feedback calculation 

Real-time signal processing was performed on a dedicated per-

onal computer (Intel Core I7, 16GB RAM, Windows 7) using Open-

FT ( http://opennft.org/ ) ( Koush et al., 2017a , b ). For presenting the

eedback, we used Psychtoolbox ( http://psychtoolbox.org ) for MAT-

AB (The MathWorks, Natick, MA, USA). To make sure the same brain

egions were trained on different days, the MNI (Montreal Neurolog-

cal Institute)-based ROIs (for details, see below) were transformed

nto the current native space at the beginning of each run. This was

chieved by applying the inverse transformation of a segmented anatom-

cal image of the respective participant to the ROIs using SPM12

 http://www.fil.ion.ucl.ac.uk ) and custom-made scripts. 

During training and transfer runs, functional images in Analyze TM 

ormat were transferred to the real-time processing computer as soon

s they were acquired and reconstructed in the MRI scanner com-

uter via the Philips Direct Reconstructor Interface (DRIN) application.

n this computer, spatial realignment to the first image, estimation

f six movement parameters (translation and rotation), reslicing, and

patial smoothing with an isotropic Gaussian kernel with 5-mm full

idth at half maximum (FWHM) were performed using OpenNFT. Auto-

egressive correction of first order was performed online to reduce tem-

oral autocorrelation caused by physiological noise ( Lindquist, 2008 ),

nd an incremental general linear model (GLM) was used to remove

esidual motion and linear trends ( Hinds et al., 2011 ). Spike detection
nd high-frequency noise removal were performed through a modified

alman filter ( Koush et al., 2012 ). 

The feedback was computed as described as follows. First, the aver-

ge signal from each ROI was extracted separately and processed online.

hen, the resulting time-courses were scaled to account for between-

nd within-subjects variability. Signal limits were rescaled within a slid-

ng window for the last three cycles (baseline and regulation blocks,

05 volumes in total) separately for each ROI. As standard in Open-

FT, inferior 𝑙𝑖𝑚 

𝑅𝑂𝐼 
𝑖𝑛𝑓𝑒𝑟𝑖𝑜𝑟 

and superior 𝑙𝑖𝑚 

𝑅𝑂𝐼 
𝑠𝑢𝑝𝑒𝑟𝑖𝑜𝑟 

limits are the median

f the 5% minimum and the median of the 5% maximum, respec-

ively, of signal values previous to the actual volume in the current run

 Scharnowski et al., 2012 ); except for the first 20 volumes, in which

𝑖𝑚 

𝑅𝑂𝐼 
𝑖𝑛𝑓𝑒𝑟𝑖𝑜𝑟 

and 𝑙𝑖𝑚 

𝑅𝑂𝐼 
𝑠𝑢𝑝𝑒𝑟𝑖𝑜𝑟 

are the minimum and maximum values, respec-

ively ( Koush et al., 2012 ). Both average regulation 𝑠̂ 𝑅𝑂𝐼 
𝑣𝑜𝑙𝑢𝑚𝑒 

and average

aseline 𝑚̂ 

𝑅𝑂𝐼 
𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 

signals in the current period are scaled according to

 Koush et al., 2012 ): 

̂
 

ROI 
baseline = 

m 

ROI 
baseline − lim 

ROI 
inferior 

lim 

ROI 
superior − lim 

ROI 
inferior 

(1)

nd 

̂ 𝑅𝑂𝐼 
𝑣𝑜𝑙𝑢𝑚𝑒 

= 

𝑠 𝑅𝑂𝐼 
𝑣𝑜𝑙𝑢𝑚𝑒 

− 𝑙𝑖𝑚 

𝑅𝑂𝐼 
𝑖𝑛𝑓𝑒𝑟𝑖𝑜𝑟 

𝑙 𝑖𝑚 

𝑅𝑂𝐼 
𝑠𝑢𝑝𝑒𝑟𝑖𝑜𝑟 

− 𝑙 𝑖𝑚 

𝑅𝑂𝐼 
𝑖𝑛𝑓𝑒𝑟𝑖𝑜𝑟 

. (2)

Here, 𝑠 𝑅𝑂𝐼 
𝑣𝑜𝑙𝑢𝑚𝑒 

and 𝑚 

𝑅𝑂𝐼 
𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 

are the ROI’s signals during regulation and

aseline periods, respectively. In the first baseline period, 𝑚 

𝑅𝑂𝐼 
𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 

is the

edian of the respective ROI time-course and, for subsequent blocks,

 

𝑅𝑂𝐼 
𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 

considered all previous baseline blocks without the first five

olumes of the block. Thus, the normalized signal change 𝑛𝑠𝑐 𝑅𝑂𝐼 
𝑣𝑜𝑙𝑢𝑚𝑒 

is 

𝑠𝑐 𝑅𝑂𝐼 
𝑣𝑜𝑙𝑢𝑚𝑒 

= 𝑠̂ 𝑅𝑂𝐼 
𝑣𝑜𝑙𝑢𝑚𝑒 

− 𝑚̂ 

𝑅𝑂𝐼 
𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 

(3)

nd the intermittent feedback signal is finally given by the difference

etween the average normalized signal change for SAN and DMN ROIs.

ifferential feedback has also the advantage that global effects such as

reathing, heart rate, unspecific changes due to arousal, fatigue and

ead movements are cancelled out and less likely to cause artifactual

elf-regulation ( Scharnowski et al., 2015 ; Sorger et al., 2019 ). 

As intermittent feedback after each baseline and regulation block, a

hermometer was displayed whose reading was proportional to this com-

uted difference regarding the last block of regulation. The intermittent

eedback signal was discretized into 21 steps (10 negative and 10 pos-

tive values). For the first run, maximum and minimum thermometer

eights were empirically defined as .35 and -.35, respectively. 

http://mialab.mrn.org/software/gift
http://opennft.org/
http://psychtoolbox.org
http://www.fil.ion.ucl.ac.uk
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As additional feedback and motivation after each run, monetary re-

ard of up to 3 CHF was presented. The amount was proportional to the

ifferential signal change during the respective run. To maximize mo-

ivation and learning across training runs, both the thermometer maxi-

um/minimum height and the monetary reward were adaptive. Specif-

cally, if the participant’s performance in the current run was higher

han in the previous one, positive feedback and reward become harder

o obtain (in steps of .05, starting from the empirical value of .35). If

he participant’s performance in the two last runs was less than half of

he previous run performance, feedback and reward become easier to

btain (also in steps of .05). 

.6. Neurofeedback training and transfer runs 

Neurofeedback training and transfer runs were composed of 30-s

aseline blocks interleaved with 40-s regulation blocks and followed by

-s feedback presentation (Fig. S1). Per run, this cycle was repeated five

imes. After each run, the monetary reward that the participant earned

n the run was displayed for 5 s. The neurofeedback training runs lasted

 min 15 s and the transfer runs 5 min 50 s (they were without feedback

nd reward presentation). 

We used intermittent feedback (feedback was provided only every

0 s) in order to avoid dual-task interference between self-regulation

nd processing the feedback and to benefit from improved feedback sig-

al quality due to averaging ( Emmert et al., 2017 ; Hellrung et al., 2018 ;

ohnson et al., 2012 ). Feedback was presented in form of a thermome-

er icon with the temperature reading representing the differential signal

AN minus DMN of the previous baseline-regulation block. In addition

o the thermometer scale with 21 levels (10 positive, zero, and 10 nega-

ive levels), the thermometer reading was also color coded with gradual

hanges from blue to red for low and high levels, respectively (Fig. S1).

During baseline blocks, a black square was presented, and partici-

ants were instructed to relax and let their minds wander. They were

xplicitly advised not to prepare attention-related strategies for use dur-

ng the subsequent baseline periods. During self-regulation blocks, a

lack up-arrow was presented, and participants were asked to regulate

heir brain activity and increase the subsequent thermometer reading.

o facilitate learning, we suggested attention-related mental strategies

ut, following established neurofeedback procedures, we emphasized

hat they should find any strategy that works best for them. Sugges-

ions for potential regulation strategies included: (1) paying attention

o details on the screen (alignment, shape, color, …) and changing the

ttention focus every 5-10s, (2) paying attention to the screen and bring-

ng the attention back to the screen whenever the participant realizes

ind-wandering (i.e., task-unrelated thoughts), and (3) trying to re-

ain in a state of heightened alertness. These strategies were based

n mindfulness studies and have previously been shown to induce the

equired brain activations ( Brefczynski-Lewis et al., 2007 ; Jang et al.,

011 ; Josipovic et al., 2012 ) and worked well during piloting the ex-

eriment. Participants were asked to minimize head motion and breathe

egularly. 

For the first no-feedback transfer run, the participants were asked to

hoose and apply one of the suggested strategies described above. For

he second no-feedback transfer run, participants were asked to apply

he strategy that worked best for them during training. 

.7. Self-report and subjective ratings 

Right after each neurofeedback training run, we asked every partici-

ant the following questions: “(1) From 1 (very bad) to 10 (very good),

ow do you evaluate your control over the thermometer? (2) From 1

very hard) to 10 (very easy), how difficult was it to control the ther-

ometer? (3) From 1 (very low) to 10 (very high), how was your con-

entration level in the last run? ”. During transfer runs, only the third

uestion was asked. After each run, the participants were also asked to

eport which strategies they used in order to control the thermometer.
elf-report scores from two participants were not collected due to tech-

ical issues with the communication system. 

In addition to debriefing, participants in both groups completed the

ognitive Failures Questionnaire (CFQ) ( Broadbent et al., 1982 ) and

he Dundee Stress State Questionnaire (DSSQ) ( Matthews et al., 1999 ).

he CFQ measures stable attentional characteristics of the participant

 ”traits ”), not prone to be altered due to neurofeedback training. Thus,

articipants responded to the CFQ questionnaire only before training

o investigate associations between self-regulation learning and atten-

ional traits. On the other hand, the DSSQ yields information about the

urrent state of attentiveness and stress in real-life situations from a sub-

ective perception, which are prone to fluctuate over time more easily

han CFQ scores. To evaluate behavioral changes related to the DSSQ

uestionnaire, participants filled it in the beginning of the first and the

ast days of the experiment for the NF group ( Fig. 1 ) and in the beginning

f both experimental days for the TR group. The CFQ was applied only

o the NF group, whereas the DSSQ was applied to both groups. Due to

echnical problems, the DSSQ scores of 8-10 participants (depending on

he sub-score) were not collected. 

.8. Behavioral tests 

Before and after neurofeedback training (i.e., on the 1st and 4th days

or the NF group), every participant performed five attention tests out-

ide the MR scanner. Pre- and post-training attention testing was per-

ormed at the same time of the day to make performance more com-

arable. Before every test, written instructions were provided. Atten-

ion tests were performed on a dedicated computer and in a separate

xperimental room with constant luminosity, noise (participants were

sked to use earplugs), and temperature levels. Attention tests were

resented with the Psychology Experiment Building Language (PEBL)

oftware ( Mueller and Piper, 2014 ), and applied in the following order:

ontinuous Performance Task (CPT) ( Conners et al., 2003 ; Piper et al.,

016 ), a go/no-go task with randomly presented targets and non-targets;

ask-Switching Performance (Switcher) ( Anderson et al., 2012 ), which

equires activating and suppressing attention to switching instructions;

sychomotor Vigilance Test (PVT) ( Helton et al., 2007 ; Loh et al.,

004 ) to evaluate the readiness to respond to unexpected stimuli onsets

closely related to sustained attention, the main attentional aspect of the

tudy); Mental Rotation Task ( Berteau-Pavy et al., 2011 ; Piper et al.,

015 ); Attentional Network Test (ANT) ( Fan et al., 2002 ), which is a

ognitive flanker effect task designed to measure alertness, orientation,

nd conflict solving. To avoid fatigue, there were 5-min breaks between

he 2nd and 3rd tests and between the 4th and 5th tests. 

.9. Data analysis 

fMRI Preprocessing: fMRI data were preprocessed with SPM12 and in-

luded slice-timing correction (using the middle slice as the reference),

ealignment to the mean image, and spatial smoothing using a Gaus-

ian kernel of 8-mm FWHM. The anatomical image was coregistrered

o the mean functional image, segmented into tissue class images (gray

nd white matter, and cerebrospinal fluid compartments (CSF)), and to-

ether with the functional images normalized to the MNI space through

he forward deformation field. 

First-level analysis: For the first-level GLM analysis, the regulation

locks were modeled as boxcar functions convolved with the canonical

emodynamic function of SPM12. In the GLM, the six parameters of

ovement (translation and rotation) were included as covariates of no

nterest. For each run of each participant, a positive contrast between

egulation and baseline blocks was applied. 

Whole-brain analysis: To investigate common de-/activations across

articipants, second-level whole-brain random-effects analysis included

ne-sample t-tests for the first and last training runs and for the first

nd last no-feedback runs. Because of incomplete coverage, three par-

icipants were removed from whole-brain analysis of the no-feedback



G.S.P. Pamplona, J. Heldner and R. Langner et al. NeuroImage 221 (2020) 117194 

r  

r  

v  

r  

i  

c  

b

 

u  

c  

l  

r  

d  

o  

e  

v  

r  

a  

(  

a  

T  

F  

t  

s  

A  

s  

i  

(  

p  

fi  

r

 

a  

i  

c  

t  

a  

c  

i  

i  

n  

h  

a  

i  

b  

a  

p  

o  

p  

t  

p  

e  

e  

a  

g  

c  

c  

i  

p  

l  

c  

i  

a  

l  

R  

t  

y  

w  

a

 

t  

e  

r  

c  

t  

f  

a  

t  

f  

A  

R  

v  

c  

a  

i  

c  

n  

f  

r  

c

 

m  

b  

c  

a  

c  

d  

r  

c  

b  

a  

s

(  

 

 

(  

 

 

(

(  

(

 

a  

m  

w  

o  

o  

t

 

s  

b  

b  

a

 

a  

r  

A  
uns. Contrast images were thresholded at p < .001 and false discovery

ate (FDR)-corrected on cluster level at p < .05 plus cluster size > 10

oxels. Moreover, paired t-test contrast maps last minus first training

uns and last minus first no-feedback runs were computed and visual-

zed through statistical maps thresholded at uncorrected p = .001, and

luster size > 10 voxels. Group-level images were visualized in a sliced

rain using MRIcroGL ( http://www.nitrc.org/projects/mricrogl/ ). 

ROI analysis: Average contrast values of each ROI were extracted

sing MarsBaR ( http://marsbar.sourceforge.net ; Brett et al., 2002 ). We

onsidered, as the magnitude of the regulation success, the slope of the

earning curve, in which the contrast of the signal over the ten training

uns is fitted to a linear function ( deBettencourt et al., 2015 ). This was

one for the individual ROIs of the SAN and the DMN (contrast values

f the respective ROIs were averaged for each network) and the differ-

ntial signal (SAN-DMN). We also calculated paired t-tests of contrast

alues to examine regulation success over training days and transfer

uns. In order to analyze whether neurofeedback improved sustained

ctivity across time, we extracted the average percent signal change

PSC) time-courses across all participants from each ROI for the first

nd last training runs using MarsBaR. For this, we considered the 20

Rs of the regulation blocks for the entire run and the following 10 TRs.

or the SAN regions, where either maintenance of sustained activity or

ransient activity would be expected (please refer to "ROI Definitions"

ection and Dosenbach et al., 2006 ), we performed repeated-measures

NOVA specifying run (first and last training runs) and time-course (TRs

tarting after the seventh scan after the regulation epoch and terminat-

ng at the end of it, in order to not account for the start-related activity

 Dosenbach et al., 2006 )) as within factors. Parametric statistics were

erformed using RStudio (and the ggpubr library). Normality was veri-

ed using Shapiro-Wilk tests (and non-parametric tests were applied if

equired). 

Questionnaires and physiological signal analysis: Regarding the CFQ

nalysis, the overall CFQ score was computed for each NF group’s partic-

pant before and after neurofeedback training. Then, we computed the

orrelation between the overall CFQ scores before training and slopes of

he neurofeedback learning curve across participants to verify whether

ttentional traits might be related to neurofeedback learning. We also

ompared overall CFQ scores before versus after neurofeedback train-

ng to check for attentional traits changes. Regarding the DSSQ analysis,

nstead of considering every possible scale derived from this question-

aire, we only analyzed the ones thought to be involved in our study’s

ypotheses: motivation, self-focused attention, concentration, control

nd confidence, task-related interference. We first checked for changes

n the DSSQ scales specific to the NF group after neurofeedback training

y computing the interaction between day and group through gener-

lized linear models, in order to account for categorical values and re-

eated measures. Secondly, we computed correlations between the slope

f neurofeedback learning curve and the percentage difference of the

re-selected DSSQ scales. Regarding the self-report scores, normalized-

o-z Pearson correlation coefficients were estimated for each partici-

ant between control, ease, and concentration and contrasts of differ-

ntial activity (a measure of regulation performance) across runs. Task

ngagement levels, computed from DSSQ scales, were also computed

nd compared between days of application (paired t-tests) and between

roups (two-sample t-tests). Physiological signals were processed and

omputed using PhysIO ( Kasper et al., 2017 ) and paired t-tests were

onducted to check for differences in baseline versus regulation blocks

n terms of heart rate and “respiration volume per time ” (RVT) across

articipants. Finally, we computed the normalized-to-z Pearson corre-

ation coefficients between percentage differences of RVT measures and

ontrasts of differential activity for each participant across runs (due to

ncomplete RVT acquisition, two participants were removed from this

nalysis). One-sample t-tests were performed to examine whether corre-

ations were significantly different from zero for self-report scores and

VT measures (mean correlation values were obtained by converting

he distribution back to non-normalized Pearson correlation). All anal-
ses were performed in RStudio and parametric or non-parametric tests

ere used depending on whether or not data were normally distributed

s assessed by the Shapiro–Wilk test. 

Behavioral effects: For each attention task, accuracy and reaction

imes were extracted, and reaction times were corrected for outliers (for

ach run, trials ± 3 standard deviations from the mean were iteratively

emoved). We analyzed the interactions between groups and days by

omputing linear mixed models to account for the hierarchical struc-

ure of the application of attention tests. We defined the following fixed

actors: day, group, and type for the CPT and Switcher task; day, group,

nd trial for the PVT; group, day, condition, and orientation for the Ro-

ation task; and group, day, cue, and coherence for the ANT. As random

actors, we defined: subject and trial for the CPT, Switcher task, and

NT; subject for the PVT; and subject, trial, and stimulus shape for the

otation task. Differences between groups (NF and TR) and days (second

ersus first applications) were analyzed post-hoc. For the PVT, we also

omputed the three-way interaction group × day × trial and performed

dditional post-hoc testing by comparing early and late trials centered as

n the Cohen and Cohen convention (average plus the standard deviation

ompared to the average minus the standard deviation, considering the

umber of trials) ( Cohen and Cohen, 1983 ; West et al., 1996 ), to check

or differences in the group × day interaction for early and late trials,

espectively. All p -values were corrected for multiple comparisons by

ontrolling the FDR. 

In addition, we predefined scores of interest by summarizing the

easures for each attention test according to Paas and Van Merriën-

oer (1993) ; that is, we combined accuracies and reaction times for all

onditions in the test and both days of application in a single vector (re-

ction times were inverted to be positively associated to performance),

onverted those values into z-scores, and computed the average for each

ay. This was not made for the ANT as it would misrepresent the plu-

ality of its scores. Furthermore, for the PVT only reaction time was

onsidered because this test did not yield accuracy measures. We also

uilt joint measures comprising similar aspects measured by different

ttention tests. Specifically, we created compound scores by combining

cores through the same approach as follows: 

1) Sustained attention: slope of individual CPT reaction times over

time, slope of individual PVT reaction times over time, as well as

mean RT of the 10% slowest and 10% fastest individual PVT trials,

respectively; 

2) Attentional control: overall accuracy in the CPT, conflict speed costs

in the ANT, conflict accuracy costs in the ANT, as well as costs of

non-prepared task-switches (i.e., reaction time difference between

random and non-random trials of the Switcher task); 

3) Phasic alerting: alerting effect on RT in the ANT; 

4) Mixing costs: reaction time difference between three-tasks and two-

tasks versions of the Switcher task; 

5) Attentional orienting: orienting effect on RT in the ANT. 

Additionally, the coefficient of variation was computed for both CPT

nd PVT to assess intraindividual within-task variability. Since these

easures reflect intra-individual variability but do not vary themselves

ithin subjects in a given session, repeated-measures ANOVAs (instead

f linear mixed models) were used to assess the interaction between time

f testing (pre-/post-training) and group (NF/TR), followed by post-hoc

ests. 

Finally, Pearson correlations were computed between the across-

ession change in each one of the compound scores (i.e., the difference

etween the second and first days of testing) and the slope of neurofeed-

ack learning for each ROI in the SAN, the whole SAN, the whole DMN,

nd the SAN–DMN differential activity, respectively. 

All obtained results (except by individual-level whole-brain maps)

nd scripts used for the data analysis are available on the public GitHub

epository: https://github.com/gustavopamplona/NF _ ATT _ public _ data .

 checklist summary of the consensus on the reporting and experimen-

http://www.nitrc.org/projects/mricrogl/
http://marsbar.sourceforge.net
https://github.com/gustavopamplona/NF_ATT_public_data
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Fig. 3. Left: Contrast regarding the (A) differential signal SAN-DMN, (B) SAN, and (C) DMN across neurofeedback training runs. Right: Contrast of the differential 

signal SAN-DMN (D), average SAN (E), and average DMN (F) during no-feedback transfer runs before and after neurofeedback training. Asterisks indicate significant 

differences and slopes and error bars represent ± 1 SEM. 
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al design of clinical and cognitive-behavioral neurofeedback studies

CRED-nf) was included as supplementary material. 

. Results 

.1. Learning the voluntary control of SAN and DMN 

Over the course of the neurofeedback training, participants learned

o control differential activity between SAN and DMN ( Figure 3 ). Al-

eady in the very first training run, participants showed significant

p-regulation of the differential feedback signal ( Fig. 3. A, two-tailed

ilcoxon signed-rank test, Z = .80, p = .0020), and this control increased

cross training runs ( Fig. 3. A, linear regression: 𝛽 = .04, R 

2 = .64,

 (1,8) = 14.2, p = .005). Increased control over the differential SAN-

MN activity is also evident by a significantly better performance dur-
ng the second compared to the first training day (Fig. S2.A, one-tailed

aired t-test, t (14) = 3.62, p = .0014). Learning control over the dif-

erential feedback signal was mediated mainly through significantly de-

reasing DMN activity ( Fig. 3. C, linear regression: 𝛽 = -.03, R 

2 = .69,

 (1,8) = 17.83, p = .003), while the SAN showed modest increases

 Fig. 3. B, linear regression: 𝛽 = .011, R 

2 = .33, F (1,8) = 3.94, p = .08)

cross training runs. Accordingly, DMN activity reduced significantly

rom training day 1 to day 2 (Fig. S2.C, SAN; one-tailed paired t-test,

 (14) = -2.81, p = .007), and SAN activity increased slightly (Fig. S2.B,

ne-tailed paired t -test, t (14) = 1.19, p = .13). This is also evident when

onsidering the individual ROIs that the SAN and DMN are composed

f: Only SAN4 activity increased significantly (Fig. S3, SAN4: 𝛽 = .028,

 

2 = .72, F (1,8) = 20.2, p = .0020), whereas all 4 DMN ROIS decreased

ignificantly across training runs (Fig. S4, DMN1: 𝛽 = -.03, R 

2 = .42,

 (1,8) = 5.89, p = .04; DMN2: 𝛽 = -.05, R 

2 = .80, F (1,8) = 31.9, p <
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Fig. 4. Average percent signal change (PSC) time-courses for each SAN (A) and DMN (B) region for the last (solid lines) and the first training run (dashed lines). 

Shaded areas in red represent ± 1 SEM. The background colors represent the baseline blocks (white), intermittent feedback blocks (light gray), and part of the 

subsequent baseline blocks (dark gray). 
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001; DMN3: 𝛽 = -.03, R 

2 = .56, F (1,8) = 10.06, p = .013; DMN4: 𝛽 = -

029, R 

2 = .54, F (1,8) = 9.34, p = 0.016). 

ROI time-courses locked to the onset of regulation illustrate the activ-

ty differences between the first and last training runs ( Fig. 4 ). SAN acti-

ations and DMN deactivations were clearly observed. Amongst the SAN

OIs, SAN1 was the only one to show higher maintenance of sustained

ctivity due to neurofeedback training, according to run × time inter-

ctions from repeated-measures ANOVAs ( Fig. 4: SAN1: F (16) = 1.94,

 = .02; SAN2: F (16) = .83, p = .6; SAN3: F (16) = 1.14, p = .3; SAN4:

 (16) = .41, p = 1). 

This learned ability to control SAN–DMN activity was subsequently

aintained during transfer runs in the absence of neurofeedback. Com-

ared to pre-training, post-training transfer run activity differences be-

ween SAN and DMN increased significantly, which was mainly medi-

ted by decreasing DMN activity ( Fig. 3 , D-F, SAN-DMN: t (14) = 1.74,

 = .05; SAN: t (14) = 1.19, p = .13; DMN: t (14) = -1.19, p = .13) (see

lso Fig. S5 for individual ROI analyses of transfer run activity). 

While there were no significant differences in heart rate between

egulation and baseline blocks across runs (Fig. S6.A, two-tailed paired t-

est, heart rate: t (14) = -.05, p = 1), respiration differences were observed

etween baseline and regulation periods (Fig. S6.B, two-tailed paired t-

est, heart rate: t (14) = -2.14, p = .05). However, differential regulation

id not correlate with the breathing rhythm differences across training

uns (one-sample t -test; mean r = .09, t (12) = .76, p = .5). Hence, the

bserved learning results cannot be explained by differential breathing

trategies. 

.2. Neural processes underlying SAN–DMN differential self-regulation 

Whole-brain analyses of the last training run showed significant acti-

ation in pre-SMA, bilateral inferior occipital gyrus, bilateral thalamus,

ight inferior frontal gyrus, and left superior parietal lobule as well as de-

ctivations in the DMN ( Fig. 5 A and Table S1A). During the first training

un, we found activations in pre-SMA, bilateral middle and inferior oc-

ipital gyrus, bilateral precentral gyrus, and right thalamus as well as de-

ctivations in right angular gyrus ( Fig. 5 B and Table S1B). The contrast

etween the last and first training runs revealed significantly stronger

eactivations in the precuneus and medial prefrontal cortex ( Fig. 5 C).

 similar pattern emerged for whole-brain analysis of the transfer run,
ith significant activations in the dorsal attention network during the

ast no-feedback run (Fig. S7A and Table S2A); activations in bilateral

iddle and inferior occipital gyrus, as well as left precentral gyrus dur-

ng the first no-feedback run (Fig. S7B and Table S2B), and larger deac-

ivations in bilateral middle occipital gyrus and right posterior insula in

he last compared to the first transfer run (Fig. S7C). 

.3. Mental strategies underlying self-regulation and questionnaires 

To successfully control the feedback signal, participants reported at-

empting a variety of mental strategies. Some strategies ( n = 8) were

inked to visual content of the screen, such as focusing on the shape

f the arrow, the center or the tip, counting the edges of the arrow,

entally describing the geometry of the arrow. Furthermore, imagin-

ng threatening or stressful situations (e.g. pretending to be in danger

r holding an emotional speech in front of many people), and mental

rithmetic were reported to work well. During baseline blocks, partici-

ants reported imagining future planning (e.g., what to eat for dinner),

elaxing situations (laying by the beach), affective experiences with fam-

ly or friends, feeling calm and relaxed, trying to think of nothing, and

ntrospective thoughts (making up a story about themselves, imagery

f swimming, singing internally or listening to the sound of one’s own

reath). Most successful strategies for regulation and baseline blocks are

eported in Table S3. 

Self-reported everyday-life attentional ability was not associated

ith neurofeedback learning and did not change after neurofeedback

raining, as indicated by the Pearson correlation between overall CFQ

cores and slope of neurofeedback learning curve ( r (13) = .008, p = 1)

nd a paired t-test between the overall CFQ scores before and after the

raining ( t (14) = -.4, p = .7). None of the DSSQ scales improved for

he NF group in the second application (after neurofeedback training)

ompared to the TR group (generalized linear model time × group in-

eraction: all p -values > .05). Task engagement levels, measured by the

SSQ, did not differ between days or groups (all p -values > .05). Pearson

nd Spearman correlations between percentage differences of pre- and

ost-training DSSQ scores for the NF group and the slope of the learning

urve revealed no significant associations (all p -values > .05). 

Self-reported subjective feeling of controlling the feedback signal,

ubjective level of difficulty, and subjective ratings of how concen-



G.S.P. Pamplona, J. Heldner and R. Langner et al. NeuroImage 221 (2020) 117194 

Fig. 5. Whole brain analysis of the training runs. Axial slices show activations (red) and deactivations (blue) during last (A) and first (B) training runs. (C) Axial 

slices show contrast map from a paired t-test, wherein last > first (red) and first > last (blue). Contrast in A and B are thresholded at p < .001 (voxel-level) and 

FDR-corrected on cluster level at p < .05; contrast in C is thresholded at uncorrected p = .001. Images visualized using MRIcroGL. 
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Table 1 

Estimates of fixed effects from linear mixed effects of second minus first 

applications. Results for reaction times and accuracy are shown. Asterisks 

represent significant differences (FDR-corrected p -values < .05). Green and 

red cells indicate improved and worsened performance, respectively; NF: 

neurofeedback group; TR: test-retest group. 
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rated participants were during neurofeedback runs were all correlated

ith neurofeedback learning success (one-sample t-tests; control: mean

 = .34, t (12) = 2.38, p = .03; ease: mean r = .42, t (12) = 3.43, p = .005;

oncentration: mean r = .22, t (12) = 2.51, p = .03). The mean Pearson

orrelations between self-report scores and contrast values for individ-

al the SAN ROIs, the SAN and DMN as a whole, and the differential

ignal are reported in Table S6. 

.4. Behavioral effects of self-regulation 

We observed significant group × day interactions in linear mixed

odel analyses for all attention tests (CPT: F (1,17689) = 98.57, p < .001;

witcher task: F (1,5861) = 8.90, p = .004; PVT: F (1,6808) = 12.94,

 < .001; Rotation task: F (1,6232) = 9.58, p = .003; ANT:

 (1,15119) = 8.07, p = .004, FDR-corrected p -values). However, accord-

ng to post-hoc analyses, the performance of participants in both NF and

R groups improved significantly in the second testing session for CPT,

witcher task and ANT ( Table 1 ). These improvements were specific to

eaction times and not seen for accuracy measures. 

Since behavioral effects in the PVT were observed only for the NF

roup, we analyzed the differences between groups and days in terms

f time on task (i.e., comparing early and late trials). A graph of the

hree-way interaction group × day × trial is shown in Fig. 6 . According

o post-hoc analyses comparing early and late trials, NF group partici-

ants were faster in the second than in the first testing session in early

rials ( t (6808) = 3.68, p = .0019, FDR-corrected) but not in late trials

 t (6808) = 1.77, p = .2, FDR-corrected). Conversely, TR group partici-

ants were faster in the second than in the first testing session in late

rials ( t (6808) = 3.29, p = .004, FDR-corrected) but not in early trials

 t (6808) = .22, p = .8, FDR-corrected). There were no differences be-

ween groups in either early or late trials (all p -values > .05). 
According to (non-hierarchical) repeated-measures ANOVAs, we did

ot observe any significant group × day interactions for the combined

ttention scores (Table S4). We also did not observe significant corre-

ations between the slopes of neurofeedback learning curves (for SAN,

MN, and differential SAN–DMN activity) and differences between the

econd and first days of test application (Table S5) after ROI/network-

ased FDR correction. 

. Discussion 

.1. Neurofeedback training 

The present study demonstrates the successful learning of differ-

ntial activity modulation in two brain networks by means of fMRI-

eurofeedback training ( Fig. 3 ). To the best of our knowledge, this is

he first study to show that subjects can learn to simultaneously control
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Fig. 6. Fitted model terms of the three-way in- 

teraction group x day x trial for reaction times 

in PVT. Blue and red curves refer to first and 

second applications, respectively. NF: neuro- 

feedback group, TR: test-retest group. 
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AN (activation) and DMN (deactivation) through fMRI-neurofeedback.

t is worth noting that neurofeedback was able to boost the regulation

bility over training, even though participants already mastered the vo-

itional control of the differential activation in the first training run

 Fig. 3 A). Despite the frequently found BCI illiteracy phenomena, ac-

ording to which a subset of participants fails to learn self-regulation

f brain activity (Dickhaus et al., 2009), all participants in our experi-

ent eventually succeeded in performing self-regulation. Since success-

ul differential neurofeedback regulation can be achieved in different

ays ( Robineau et al., 2014 ; Sitaram et al., 2008 ), we inspected each

etwork separately in order to better understand the neural processes

nderlying self-regulation. 

Although we observed increased SAN activity throughout neurofeed-

ack training runs ( Fig. 3. B) and days (Fig S2.B), the activity increases

n this network across neurofeedback training were only modest. On

he other hand, down-regulation of the DMN increased significantly

 Fig. 3. C). Hence, the learning effects in terms of increased control over

he differential feedback signal were mainly due to down-regulation of

he DMN, likely reflecting strategies related to the suppression of de-

ault mental processes ( Dosenbach et al., 2006 ; Weissman et al., 2006 )

uring self-regulation blocks. 

Analyzing regionally specific (de)activations of the individual ROIs

hat the networks are composed of might further elucidate this re-

ult. Amongst the SAN regions, only the right intraparietal sulcus

SAN4) showed self-regulation learning effects (Fig. S3): This might be

ssociated with enhanced top-down attentional orienting over train-

ng ( Corbetta and Shulman, 2002 ), which is supported by the most

ommonly reported strategies of overt and constant focused attention

n the screen elements. For the DMN, all ROIs became increasingly

own-regulated across training (Fig. S4). Therefore, learning effects

ere observed throughout the DMN, rather than being node-specific.

his was an expected result because DMN deactivations are largely

ask-independent, varying little in location for a wide range of tasks

 Mayeli et al., 2020 ; Raichle et al., 2001 ). The larger contribution

f DMN down-regulation (compared to SAN up-regulation) is in line

ith a study showing that DMN regions are easier to regulate through

eurofeedback than other regions such as, for example, visual ROIs

 Harmelech et al., 2015 ). This may be due to the fact that DMN pro-

esses internally generated information and, since neurofeedback con-

rol is essentially an internally driven task, it might make this network

ore susceptible to intentional control than an externally oriented net-

ork. Regarding the down-regulation of the DMN, an earlier neurofeed-

ack study on meditation effects reported that only experienced med-

tators were able to learn to volitionally deactivate the PCC, which is
n important hub of the DMN ( Garrison et al., 2013 ). In contrast, our

tudy shows that participants sampled not specifically from experienced

editators are also able to learn DMN deactivation through neurofeed-

ack training, which is in line with Skouras and Scharnowski (2019) as

ell as Zhang et al. (2013) . We also demonstrated that participants bet-

er maintained increased activity levels during the regulation epoch in

MCC after neurofeedback training, as compared to the first training run

 Fig. 4 ). In fact, the aMCC and rIFJ were expected to exhibit sustained

ttention-related activity, while the rTPJ and rIPS were expected to be

ecruited only transiently at regulation onset ( Dosenbach et al., 2006 ).

he activity time-courses revealed that DMN deactivation was larger

n late training runs than was SAN activation, mainly for the mPFC.

nterestingly, aMCC, rIFJ, and rIPS showed peaks of activation related

o the feedback onset, reflecting neural process of activity interruption

 Dosenbach et al., 2006 ). 

From the whole-brain activity maps of the last training runs

 Fig. 5 A), activations and deactivations observed after the neurofeed-

ack training are evidently related to a neural system underpinning

arious aspects of attention. Activation in aMCC/preSMA (SAN1), re-

ions related to conflict detection and solution ( Weissman et al., 2006 ),

s linked to the ability of differentiating between relevant stimulus in-

ut and distraction. Interestingly, the aMCC is a region that has been

epeatedly reported in several neurofeedback studies (albeit often some-

hat imprecisely labelled “anterior cingulate cortex ”), indicating that it

lays a role in the regulation mechanism of evaluation of feedback and

xplicit processing of reward ( Amiez et al., 2012 ; Sitaram et al., 2017 ).

e also observed activations in bilateral inferior occipital gyrus, possi-

ly related to a better perceptual representation of behaviorally relevant

timuli ( Weissman et al., 2006 ); bilateral thalamus, which is thought to

e involved in mediating between brainstem and cortical arousal sys-

ems during sustained attention ( Langner and Eickhoff, 2013 ); inferior

rontal gyrus, which has been linked to the stimulus-driven reorienting

f attention ( Weissman et al., 2006 ); bilateral superior parietal lobule,

nvolved in top-down attentional control ( Corbetta and Shulman, 2002 ;

elly et al., 2008 ; Miller et al., 2016 ). Conversely, lapses of attention

ave been found associated with weaker task-related DMN deactivation

 Weissman et al., 2006 ), also present in the whole-brain results ( Fig. 5 A).

Because this is an attention-related neurofeedback study, some spe-

ial considerations were taken concerning the experimental design. For

nstance, we chose intermittent (instead of continuous) feedback presen-

ation, because this enabled our participants to temporally separate the

elf-regulation task and the feedback appraisal, avoiding dual-task in-

erference ( Johnson et al., 2012 ). Moreover, intermittent feedback pre-

ents noisy computation of feedback by averaging and filtering more
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vailable data points, and there are no concerns about hemodynamic

elay ( Johnson et al., 2012 ). Another point was the choice of the na-

ure of feedback computation. In theory, the anticorrelation between

AN and DMN could have been used as a functional-connectivity-based

eedback alternative ( Ruiz et al., 2014 ). However, we argue that the

eedback based on network activation differences instead of correlation

s preferable and more direct, as measuring correlation is noisier than

easuring direct network differences. This is mainly the case when short

emporal windows are used; network differences may be a more direct

nd instant proxy for attention manifestation than its anticorrelation.

urther, although dorsal attention network and DMN are intrinsically

nticorrelated, the SAN in fact combines both dorsal attention and fron-

oparietal control networks, possibly making their joint anticorrelation

ith the DMN a sub-optimal proxy target for neurofeedback. 

Overall, we observed clear regionally specific activations during

eurofeedback-based regulation and learning of higher differential

AN–DMN activity, which was mainly driven by the improved down-

egulation of the DMN as a whole. This, in turn, might reflect the inter-

ally oriented nature of the cognitive processes presumably subserved

y this network. In the SAN, only IPS showed increased activity inten-

ity, while aMCC showed improved maintenance of sustained activity

fter training. Additionally, other brain regions were activated (besides

he pre-selected ROIs) due to neurofeedback training, supporting atten-

ional mechanisms and feedback appraisal and control. We conclude

hat the feedback approach used here was able to induce the targeted

egulation, and we will now discuss the brain changes and behavioral

ffects induced by this training in some more detail. 

.2. Transfer of self-regulation ability 

We found that the participants were able to transfer the acquired dif-

erential self-regulation ability to a no-feedback environment ( Fig. 3. D–

), which is closer to real-life situations. Although there was a trend of

mprovement of up-regulation of SAN, no-feedback differential regula-

ion was more significantly driven by the DMN. This result was similar

o what it was observed during feedback runs. When looking at specific

OIs, transfer effects could be measured in the rIPS (SAN4) and the PCC

DMN1) (Fig. S5). As previously pointed out, top-down attention is con-

rolled by rIPS ( Corbetta and Shulman, 2002 ) and the PCC is known

o be a hub within the DMN and plays a central role in introspective

unctions ( Schilbach et al., 2012 ). 

Visually comparing the whole-brain activation maps of the first and

ast no-feedback runs (Fig. S7) suggests that the participants used less

ision-related self-regulation strategies and more strongly relied on the

orsal attention network. Although not specifically selected as a net-

ork to be activated during neurofeedback training, this network has

n important role in top-down attentional control ( Corbetta and Shul-

an, 2002 ). 

.3. Strategies and questionnaires 

Although providing mental strategy suggestions is not necessary for

earning with neurofeedback ( Linden et al., 2012 ; Sepulveda et al.,

016 ; Shibata et al., 2011 ), we hoped to facilitate learning by providing

articipants with strategy suggestions related to the trained networks

 Scharnowski et al., 2015 ). Most strategies adopted by the participants

ere linked to focused attention, which are related to the SAN/DMN

issociation ( Fox et al., 2005 ; Hinds et al., 2013 ; Josipovic et al.,

012 ). Other successful strategies were more closely related to SAN

unctions, such as mental imagery of threatening situations, where vig-

lance is associated with initial shifts of attention towards the threat

 Klumpp and Amir, 2009 ), or doing mental math, which is linked to sus-

ained attention ( Anobile et al., 2013 ). For baseline blocks, participants

ainly adopted strategies related to DMN activation, such as planning

f the future ( Mason et al., 2007 ), reflecting on introspective thoughts

 Schilbach et al., 2012 ), or reporting purely relaxing strategies. It is
orth mentioning that very repetitive and monotonous strategies such

s word repetition, counting backwards, or mentally reciting the alpha-

et did not work well when applied during the regulation blocks. This

ight be because they cause habituation, which tends to activate the

MN ( Mason et al., 2007 ). Some participants reported mental-imagery-

ased strategies in both baseline and regulation blocks, whose variabil-

ty is likely related to the nature of the individual internal/external im-

gery representation, influencing the directionality of DMN activity. 

Attentional performance in real life, as assessed with the CFQ be-

ore the neurofeedback training, was not associated with self-regulation

earning. Together with the fact that learning success was high in all sub-

ects, one might speculate that SAN–DMN-based neurofeedback learning

s independent of attentional traits and might also work well in clinical

opulations. We did not observe changes in CFQ or DSSQ scores due to

eurofeedback training and controlled by the TR group (although the

esults of the DSSQ should be treated with caution due to the reduced

ample size). While the CFQ reflects stable individual characteristics,

he DSSQ reflects attentional state and is, therefore, prone to short-term

uctuation. The absence of training-induced differences in the DSSQ

cores indicates that the proposed neurofeedback training does not al-

er subjective attentional states. 

Associations between self-reported regulation ratings (control, ease,

nd concentration), provided after every neurofeedback training run,

nd self-regulation performance show how feedback was experienced by

articipants. The positive correlation between self-report scores related

o the control over feedback and self-regulation performance indicates

hat participants had an authentic perception of their control over their

ctual regulation, demonstrating that the feedback computation tech-

iques used and the experimental design were in fact able to provide

oherent feedback. The positive correlation between the ratings of the

erceived ease in controlling feedback and self-regulation performance

hows that the easier it was perceived by the participants to control

he feedback, the better self-regulation performance was. This, in turn,

ight reflect the improved ability to intentionally apply a successful

odulation strategy without much subjective effort. Finally, the posi-

ive correlation between the self-report ratings of the level of concen-

ration during neurofeedback and self-regulation performance reflects

hat the more participants perceived themselves as focused, the better

heir self-regulation was. This is hardly surprising given the networks

nvolved, but it attests to the commitment of our participants and to

he attentional nature of the strategies used for successful SAN–DMN

egulation. 

.4. Behavioral effects 

We observed a post-training reduction of PVT mean reaction time

n early trials relative to the pre-training measurement only for the NF

roup, which suggests that neurofeedback training of differential SAN-

MN activity regulation can improve the performance in tasks taxing

ustained attention ( Fig. 6 ). However, this effect was temporally limited.

his attentional function was the basis for the choice of networks/ROIs.

he training-induced ability of differentially regulating regional brain

ctivity, mainly driven by DMN, suggests a causal relationship with the

ehavioral effect of improved sustained attention performance. How-

ver, the fact that we only observed this improvement in early trials

ight reflect that the short duration of the training (6 min 20 s) is in-

ufficient to convey benefits for maintaining the attentional focus over

onger periods, such as the duration of the PVT (17 min), or to prevent

atigue effects over such longer time intervals. This might indicate a

uration-specific feature of the neurofeedback training. By analogy, just

ike a training of 1 km runs does not prepare one for a marathon, our

hort-duration neurofeedback training might only improve sustaining

ttention over shorter periods. Higher mean reaction time in late trials

f the PVT observed in the NF but not the TR group after training might

ndicate that an augmented, successful use of resources to keep the task

ocus (i.e., achieve low reaction times) during early trials might lead to
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n accelerated performance decrement towards late periods. Curiously,

he TR group showed improved reaction times in late trials of the PVT

uring the second testing session, without neurofeedback training. This

ould not be explained by differences of engagement to the task, as mea-

ured by the DSSQ (although the results of the DSSQ should be treated

ith caution due to the reduced sample size). 

We did not observe clear behavioral effects of neurofeedback train-

ng on other attentional functions. Upon closer scrutiny, the seeming

mprovement in mental rotation performance (see Table 1 ) appears to

e due to the presence of outliers in the NF group (Fig. S8). The fact

hat IPS activation was learned through neurofeedback and that this re-

ion is closely related to mental rotation ( Harris et al., 2000 ) suggests

 causal link to the observed performance improvement through neu-

ofeedback but should be addressed in a separate study. We also did

ot observe greater improvements in the combined attention scores for

he NF group, as compared to the TR group, on top of the clear practice

ffects (Table S4). Moreover, we did not find significant correlations be-

ween neurofeedback regulation learning and attentional improvements

Table S5). Perhaps the reduction of PVT reaction time in early trials

ould be enhanced with a test that is more similar to the feedback pro-

ided ( deBettencourt et al., 2015 ). Alternatively, it may signify that our

ind of network/ROI training does not improve sustained attention per-

ormance in general due to narrow, highly specific links between cogni-

ive task subprocess and particular brain regions, many of which were

ot included in the trained SAN ROIS. Additionally, the small to absent

ehavioral effects observed in this study indicate that an improvement

n down-regulating the DMN is not directly related to performance and is

ot a sufficient condition for improved performance in the attentional

unctions assessed here, despite previous evidence for DMN deactiva-

ion during attentional tasks. Thus, future neurofeedback studies might

onsider accommodating only the SAN – but applying a more compre-

ensive coverage. 

Another reason behind the rather small behavioral transfer effects

ight have been ceiling effects in regulatory abilities in the NF group.

hat is, participants in training group could already well control the

ifferential activation in early neurofeedback runs ( Fig. 3 ). This may in-

icate a decoupling between differential activation and behavioral per-

ormance above a certain point. On the other side, the experiment had

wo training sessions with a relatively short period of training (also the

ase in Garrison et al., 2013 ; Harmelech et al., 2015 ; Marxen et al.,

016 ; Scheinost et al., 2013 ; Sepulveda et al., 2016 ; Zhang et al., 2013 ).

n Fig. 3. C, no plateauing of the learning curve can be observed, which

ontrarily suggests that ceiling self-regulation performance had not yet

een reached and additional runs could have led to even higher levels

f self-regulation competence ( Robineau et al., 2014 ), which, in turn,

ight have been needed to see stronger transfer effects on attentional

erformance. 

Finally, the limited behavioral effects of our neurofeedback training

ight also have been partly due to behavioral ceiling effects: healthy

articipants may show attentional performance levels that are too good

o be significantly improved by a short-term training like the one em-

loyed here. As a corollary, the potential benefits that could be achieved

hrough such training might be much larger in clinical populations with

educed attentional functioning. Likewise, such a clinical population

lso might show reduced initial competence in voluntary differential

AN–DMN regulation. In fact, the NF group showed PVT performance

evels comparable to the best group in Hwang et al., 2017 . Thus, de-

pite the limited transfer effects observed here, neurofeedback training

ight still turn out to be effective in serving as a non-invasive and non-

harmacological tool for cognitive enhancement in patients suffering

rom attentional deficits ( Langner and Eickhoff, 2013 ). 

.5. Limitations 

Practice effects on performance in attention tests, as observed in the

bsence of neurofeedback training ( Table 1 ), might have complicated
he detection of training-induced behavioral effects. Here, we used the

idely applied PEBL software ( Mueller and Piper, 2014 ) for assessing

erformance by means of a computerized battery of tasks taxing various

ttentional functions. However, data regarding test–retest reliability of

ome tests included in PEBL is sparse ( Piper et al., 2015 ), which can be

roblematic for repeated-measure designs like ours. On the other hand,

t could be argued that noticeably improved maintenance of vigilance

an only be achieved with longer regulation blocks. However, in our

tudy, the duration of the regulation blocks was short to (1) consider

articipant comfort in the MR environment, to (2) be able to collect

ore training runs for better assessing self-regulation learning, but (3)

ong enough to train not only transient signal changes but also sustained

ctivity ( Dosenbach et al., 2006 ) (e.g., increased sustained activity in the

MCC, cf. Fig. 4 ). 

Some of the results observed during late training runs were ab-

ent or lower for no-feedback runs after training, namely, differences

f DMN deactivation (see Figs. S4 and S5) and less de-/activation clus-

ers in whole-brain analyses (see Figs. 5 and S7). Because the second

o-feedback run was performed after an entire neurofeedback training

ession, possible transfer effects might have been affected by fatigue to-

ards the end of the training. In our study, we did not collect measures

f fatigue during the experiment so we can only speculate about how

atigue might have affected our results. Mental fatigue and physical dis-

omfort are common not only in neurofeedback, but in MRI experiments

n general, which require minimal head movement and sometimes also

 high degree of concentration ( Sulzer et al., 2013 ). A more extensive

esign that repeatedly includes no-feedback runs throughout training

ight be suitable to address this potential confound. 

Whereas the DMN ROIs were defined based on subject-specific func-

ional localizer data, the SAN ROIs were defined based on meta-analytic

oordinates. It cannot be ruled out that this difference in ROI defini-

ion might have contributed to the stronger learning effect observed in

he DMN compared to the SAN. Like other factors such as ROI size,

OI shape, etc., the influences that functional vs. meta-analytical fac-

ors might have on neurofeedback learning have not been empirically

nvestigated. A very recently published meta-analysis points towards the

mportance of functionally defined ROIs ( Haugg et al., 2020 ), whereas

 current mega-analysis was unable to reveal potential benefits of func-

ionally defined ROIs ( Haugg et al., 2019 ). In absence of empirical data,

ne might speculate that the functional localization facilitates perfor-

ance, particularly because it allows for subject-specific ROIs. Meta-

nalytic coordinates are based on group statistics, and one has to a priori

elect suitable information from existing studies. In our case, the SAN

OIs were defined based on our own work ( Langner and Eickhoff, 2013 ),

ut other studies would have also been suitable (e.g., Rosenberg et al.,

016 , or Falahpour et al., 2018 , or Lawrence et al., 2003 ). One the other

and, also functional localizer tasks can vary. For example, whereas ICA

nalysis of resting state fMRI for the definition of DMN ROIs is relatively

tandardized, various tasks are aiming at the different facets of sustained

ttention. Running several functional localizers to capture the multiple

unctional aspects of such complex cognitive processes can be time con-

uming, potentially causing fatigue or taking away valuable scanning

ime from actual neurofeedback training. Hence, in such cases a meta-

nalytically derived ROI definition can be more efficient and potentially

inimizes task-specific biases resulting from idiosyncrasies of any single

ask. Future research might more systematically address the question of

ow much different approaches to defining functional ROIs influence

he success of neurofeedback learning. 

This study was designed to learning control over the SAN-DMN dif-

erence to benefit sustained attention ( Hinds et al., 2013 ; Kelly et al.,

008 ; Lawrence et al., 2003 ). The functional dichotomy between dorsal

ttention and default-mode networks is also reflected by the different

nstructions during regulation and baseline blocks. Therefore, the phe-

omenology of this experiment is linked to both baseline and regulation

locks and associated with the bidirectionality of the modulation: strate-

ies that either activate SAN, deactivate DMN, or both were equally
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alid. It is also noteworthy that reported strategies for the baseline var-

ed more, which might be due to instructions for the baseline block being

ess specific. Nevertheless, despite their plurality, the mental strategies

uring baseline shared mind-wandering characteristics in the sense that

hey were task-unrelated thoughts ( Seli et al., 2018 ). 

Finally, the design of this study did not allow for an optimal control

f all training parameters. In particular, as only one group performed

eridical feedback-based training in the MR scanner, the improved sus-

ained attention in early PVT trials observed after training could be a

esult of differences of motivation, physiological specificity, placebo ef-

ects etc. ( Sorger et al., 2019 ; Thibault et al., 2017 ). The only control

roup was of the type no-training control, solely providing a compara-

ive baseline for behavioral effects. 

.6. Conclusions 

To the best of our knowledge, this is the first study to show that

ndividuals can acquire intentional control over the activity difference

etween SAN and DMN regions through fMRI-neurofeedback training.

his differential network approach might make self-regulation learning

ore efficient than using a single-network approach, and it could also

e applicable to other network interactions. Apart from the expected

e-/activations due to neurofeedback training, activity related to train-

ng was observed in occipital, parietal, and frontal areas, and thala-

us. These structures have been associated with sustaining attention,

eorientation and arousal, feedback control, and imaginary strategies.

lthough some sustained-attention improvement due to neurofeedback

raining was observed, the effects were temporally limited and other

raining-induced general attentional improvements were absent. These

imited effects were likely due to several factors, among them the lim-

ted reliability of performance measures, the limited number of neu-

ofeedback training runs, and the short duration of the runs. As these

bstacles can be overcome in future studies, our finding that differential

elf-regulation of the SAN and DMN can be learned indicates that this

ovel approach might become a non-invasive and non-pharmacological

ool to mitigate attention deficits in neurological and psychiatric popu-

ation. 
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