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Abstract6

Visual attention can be spatially oriented, even in the absence of saccadic eye-movements, to facilitate the processing

of incoming visual information. One behavioral proxy for this so-called covert visuospatial attention (CVSA) mechanism

is the validity effect (VE): the reduction in reaction time (RT) to visual stimuli after valid spatial cues, compared

to the increase in RT to stimuli after invalid cues. At the electrophysiological level, one correlate of CVSA is

the lateralization in the occipital α-band oscillations, resulting from α-power increases ipsilateral and decreases

contralateral to the attended hemifield. While this α-band lateralization has been considerably studied using electro-

encephalography (EEG) or magnetoencephalography (MEG), little is known about whether it can be trained to

improve CVSA behaviorally. In this cross-over sham-controlled study we used continuous real-time feedback of

the occipital α-lateralization to modulate behavioral and electrophysiological markers of covert attention. Fourteen

subjects performed a cued CVSA task, involving fast responses to covertly attended stimuli. During real-time feedback

runs, trials extended in time if subjects reached states of high α-lateralization. Crucially, the ongoing α-lateralization

was fed back to the subject by changing the color of the attended stimulus. We hypothesized that this ability to

self-monitor lapses in CVSA and thus being able to refocus attention accordingly would lead to improved CVSA

performance during subsequent testing. We probed the effect of the intervention by evaluating the pre-post changes in

the VE and the α-lateralization. Behaviorally, results showed a significant interaction between feedback (experimental

– sham) and time (pre – post) for the validity effect, with an increase in performance only for the experimental

condition. We did not find corresponding pre-post changes in the α-lateralization. Our findings suggest that EEG-

based real-time feedback is a promising tool to enhance the level of covert visuospatial attention, especially with

respect to behavioral changes. This opens up the exploration of applications of the proposed training method for the

cognitive rehabilitation of attentional disorders.
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1. Introduction10

We can enhance our sensitivity to an upcoming visual stimulus by paying attention to its location in our visual11

field, even when the location is not foveated (Posner, 1980; Desimone and Duncan, 1995; Thut et al., 2006). This12

state, when the focus of visual attention is different from the point of gaze, is referred to as covert visuospatial attention13

(CVSA) (Posner, 1980). Such shifts of attention are accompanied by modulations in the power of occipital cortical14

oscillations, primarily in the α-band between 8 and 14 Hz (Sauseng et al., 2005). The spatial pattern of α-oscillations15

produced by the visual attention follows the retinotopic organization of the visual cortex (Engel et al., 1997; Kelly16

et al., 2006; Rihs et al., 2007). During CVSA α-oscillations desynchronize in the hemisphere contralateral to the17

attended hemifield and synchronize in the opposite hemisphere (Sauseng et al., 2005; Thut et al., 2006; Foxe and18

Snyder, 2011). These modulations have been used to command a brain-computer interface (BCI) by attending to one19

or the other hemifield (Treder et al., 2011; Tonin et al., 2013; Horschig et al., 2015).20

At the behavioral level, researchers showed that α-power lateralization is indicative of the perception of weak21

visual stimuli (Van Dijk et al., 2008) and correlates with reaction times (RTs) (Thut et al., 2006). However, increased22

sensitivity at the attended location implies a decreased sensitivity for other areas. This can be studied with invalid23

cueing, where a stimulus appears at a location different from what was indicated by a spatial cue (Posner, 1980;24

Vossel et al., 2006). In such invalid trials, subjects react slower and are less accurate on discrimination tasks, not only25

compared with valid cues, but also compared to no cue at all (Rizzolatti et al., 1987; Gitelman et al., 1999; Sauseng26

et al., 2005). This so-called validity effect (VE) is also referred to as the cost of reorienting attention (Rizzolatti27

et al., 1987; Corbetta et al., 2000), supporting the theory that α-oscillations are a suppression mechanism, reducing28

the weight of stimuli in unattended areas (Jensen and Mazaheri, 2010; Foxe and Snyder, 2011).29

There is evidence that neurophysiological processes of visual attention can be experimentally modulated with30

noninvasive brain stimulation (Bestmann et al., 2007; Thut and Miniussi, 2009; Romei et al., 2010). Alternatively,31

neurofeedback has shown its potential for endogenous modulation of brain correlates of covert attention: Scharnowski32

et al. (2012) and De Bettencourt et al. (2015) have modulated visual discrimination performance and stimulus perception33

by training with real-time functional magnetic resonance imaging (fMRI) feedback, while Okazaki et al. (2015)34

used feedback based on magnetoencephalography (MEG). However, to the best of our knowledge, no study has35

yet attempted to modulate RT using real-time feedback.36

Therefore, we set out to study whether continuous closed-loop feedback based on the occipital α-power lateralization37

in a CVSA task has the potential to (i) modulate CVSA – as indexed by the validity effect (VE) based on the RTs –38

and (ii) amplify the lateralization in the α-band. Additionally, since an amplified α-power lateralization means that39

attention shifts to the left and right hemifield produce more contrasting brain patterns, we also expected to (iii) see40

improvement in the single-trial classification accuracy.41
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2. Methods42

2.1. Participants43

Fourteen healthy subjects (seven female), age 23 ± 1.52 years, with normal or corrected to normal vision took44

part in the study. All gave informed written consent and received course credits for their participation. The study was45

covered by the ethical protocol No PB 2017-00295 of the ethics commissions of the cantons of Vaud and Geneva,46

Switzerland and complied with the standards of the Declaration of Helsinki (World Medical Association, 2013).47

2.2. Experimental protocol48

The study involved recordings on three different days 51.5±17.7 (min. 16) days and 12.7±6.5 (min. 7) days apart49

to limit carry-over effects to following sessions. One recording session lasted approximately 90 minutes, including the50

technical setup. Time on task was less than 40 minutes per session, with breaks after each run (every 9-10 minutes).51

On the first recording day subjects practiced for one run to familiarize with the task. Then they performed four52

offline runs (no feedback, 80 trials each) to calibrate their individual decoder for the real-time feedback (Figure 1A).53

On day two and three the α-power lateralization index (α-LI) feedback was administered in a single-blinded crossover54

design. Subjects were paired based on their mean α-LI and their mean RT during day one while keeping the resulting55

groups balanced (supplementary Table S1). Then, one member of each pair was randomly assigned to either receive56

real or sham α-LI feedback on day two and then switched the feedback group on day three. Therefore, both days had57

the same run structure: they started and ended with one offline run (80 trials each), while the real-time feedback was58

given during two middle runs (40 long trials each).59

2.2.1. Offline paradigm60

Each trial started with the presentation of a gray central fixation point at 0.5◦ visual angle and subjects were61

instructed to neither move nor blink until the trial was over. After one to two seconds (random duration), a cue –62

corresponding to the task to perform – was presented for 100 ms: half a circle (line width 0.1◦, radius 2◦) to the left63

or to the right indicated the side to attend to, a full circle around the fixation point indicated a central fixation trial (no64

covert attention shift). This was followed by the sustained attention phase – one to five seconds – where subjects were65

instructed to covertly attend to the target placeholder indicated by the cue. Target placeholders were circles with an66

inscribed cross (line width 0.2◦, radius 2◦, centered at 12◦ extremity from the center point and at a downward angle67

of 30◦ from the horizontal midline; Figure 1B). The target placeholder at the non-cued side is also called a distractor.68

To be consistent with the real-time feedback runs where color represented the decoded α-LI (see below), the color of69

both target placeholders varied randomly between isoluminant red and green (L*a*b color space (CIELAB), L and70

b constant, a varied between -80 and 80). A trial ended when the inscribed cross disappeared in the to-attend target71

(valid cue) or on the opposite side (invalid cue). Subjects were instructed to react to the trial end as fast as possible72

with a button press using the right index finger. The inter-trial interval was 2-3 seconds long.73
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2.2.2. Real-time feedback paradigm74

The feedback runs differed from the offline runs in the following:75

To engage subjects more in the task, the online protocol was presented in the framework of a game which rewarded76

longer trials (dependent on their real-time α-LI performance) and fast reaction times with points. The min. and max.77

duration of the sustained attention period was between 2 and 20 seconds. For subjects in the experimental condition,78

the color of the cued target placeholder reflected their instantaneous α-LI (see Section 2.3.3). Green hues indicated79

an agreement of the α-lateralization pattern with the corresponding offline data collected in session one (correct80

lateralization) where lighter greens marked a weak - and more saturated greens a stronger agreement. Conversely,81

red hues were coding the agreement with patterns linked to attention to the distractor side (incorrect lateralization)82

while gray indicated no specific lateralization to any side. The color of the distractor varied randomly with dynamics83

matched to the offline changes in the α-LI to ensure a balanced bottom-up stimulation. The trial ending times were84

determined from a real-time stochastic process which allowed (on average) longer trials for a correct α-LI and shorter85

trials for an incorrect α-LI. In the case of the sham condition, subjects were presented with the replay of the feedback86

session of another subject, matched regarding the α-LI and RTs from day one (see Section 2.2.3). In both feedback87

conditions, the inter-trial interval was stretched to 4-5 seconds to allow for more rest due to the longer trial times.88

We tried to alleviate experimenter bias from the single-blind design by presenting all subject instructions solely in89

written form. Participants were instructed to focus their attention covertly on the target placehoder indicated by the90

directional cue at the beginning of the trial. Further, they were encouraged to make/keep the target placeholder green,91

which indicated correct covert attention, and were also told that a green target placeholder will statistically result in92

longer trials, thus increasing the points for their score. Every second of achieved trial duration counted one point93

towards the score. The score of each trial was then multiplied with a RT-dependent factor: this factor was one for a94

RT of 200 ms (full points) and decreased linearly to reach zero for a RT of 500 ms and above. It was also set to zero95

for RTs below 200 ms since such fast response times are most likely produced by predicting the appearance of the96

target and initiating the finger movement before the actual target appearance.97

2.2.3. Sham feedback98

Our two main concerns when designing the sham feedback were firstly, that the sham feedback should resemble as99

much as possible the real feedback condition in terms of dynamics and trial times and secondly, that the overall amount100

of training time for both conditions – experimental and sham – should not differ. To this end, we chose to replay the101

recording of the experimental condition of any participant as a sham condition to its partner (see Section 2.2). The fact102

that every sham feedback session depended on the completed experimental feedback session of the partner required103

careful planning of the recording schedule, especially since the order – experimental or sham condition on day two –104

was balanced (see Figure 1d).105
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(a) Closed-loop brain-computer interface (BCI) setup for the real-time feedback. (b) Topological α-band activation and frequency-time spectrum.
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(d) Run sequence during the three recording days.

Figure 1: Experimental design and visual feedback. (a) Experimental setup for the real-time feedback. The instantaneous α-LI was extracted in

real-time from the subjects’ EEG activity and then mapped to the target color on screen. The used color ranged from a saturated red for a strong but

incorrect lateralization, over gray for no lateralization to a saturated green for correct lateralization. Below the setup is an exemplary mapping of

the EEG lateralization for a right-side trial. (b) Grand average of the α-LI on the first day. The head topology plot of the average difference between

right and left sided trials shows the highest hemispheric activation at electrode sites PO7 and PO8. The time-frequency plots below confirm the

corresponding α-band lateralization in the selected frequency band (dashed box) after the cue (vertical line, trial time = 0). (c) Visual display at the

time of the cue presentation (foreground) and at the end of the sustained attention phase (background). Subjects were instructed to fixate the center

point throughout the trial and shift their attention towards the cued side. At the end of each trial, when the inscribed cross disappeared at the cued

(valid trial) or uncued side (invalid trial), subjects responded as fast as possible with a button press. Distractor and target placeholder were changing

colors throughout the sustained attention phase, but only in the online runs of the experimental condition this feedback was informative of the

subject’s brain activity (see Panel 1a for the mapping of the feedback color). Note that the symbol sizes are not to scale. (d) Graphic representation

of the runs in each recording day. The first day consisted of four offline runs without invalid cues. On the basis of these four runs, a decoder was

built for each subject that was used for giving feedback on the α-LI in the online runs. Day two and three started and ended both with offline runs

containing catch trials (i.e invalid cues). The subjects in the experimental condition received real-time feedback on their α-LI while subjects in the

sham condition received non-informative feedback.
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2.3. Data acquisition and processing106

Subjects sat in a dark, shielded room, with their head in a headrest that was fixed 50 cm in front of a 24′′ LCD monitor.107

The EEG was recorded with an active 64 channel HIamp EEG amplifier (g.tec, Schiedlberg, Austria) at 512 Hz and108

referenced to the linked ears. The electrodes were positioned according to the international 10-10 system with the109

ground electrode on FCz. Eye movements and blinks were recorded with an eyeLink 1000 optical eye tracker (ET)110

(SR research, Ottawa, Canada) at 500 Hz. All software for recording and real-time processing as well as for the111

on-screen display has been written inhouse. The recording setup is displayed visually in Figure 1D. Following data112

processing and analysis was done in MATLAB Release 2017b (The MathWorks, Inc., Natick, Massachusetts, USA).113

The topographical plots were produced with the FieldTrip toolbox (Oostenveld et al., 2011).114

2.3.1. Behavior115

We chose the validity effect (VE) as our behavioral outcome measure, which was defined by Posner (1980) as the116

difference in RTs between invalid and valid cue trials. The VE measures the cost of reorienting visuospatial attention,117

which is directly linked to the attentional commitment to the cued target location (Posner, 1980; Corbetta et al., 2000;118

Vossel et al., 2006). We discarded all trials with RTs shorter than 200 ms or longer than 1 s, or if the subjects pressed119

the button before the end of the trial. To stay comparable to the electrophysiological results, we also discarded trials120

that contained EEG or ET artifacts.121

2.3.2. Preprocessing122

After visual inspection, we replaced EEG channels with abnormal signal-to-noise ratio by an interpolation of123

good channels in a 50 mm radius. Then we removed trials with EEG signal artifacts, eye blinks or a gaze deviation124

of more than 2◦ visual angle from the central fixation (Roijendijk et al., 2013; Horschig et al., 2015). For reasons of125

consistency, we also discarded trials that were flagged as RT artifacts. On average, 9.5±4% of the trials were excluded126

due to artifacts. We needed to remove one subject entirely from the analysis due to an excessive amount of blinks and127

saccades (more than 50% of all trials affected).128

2.3.3. Alpha lateralization129

We computed the power spectral density (PSD) on sliding windows of one second with an overlap of 62.5 ms130

(Horschig et al., 2015; Tonin et al., 2012). This resulted in a time resolution of the PSD features of 16 Hz. Figure 1C131

shows the grand average α-power modulation for right-side trials minus left-side trials on day one. We see that the132

α-band lateralization was restricted to the parieto-occipital areas with PO7-PO8 as the electrode pair with the highest133

difference. The spectra for PO7 and PO8 further showcase that subjects indeed modulated the selected alpha band134

(Figure 1C, bottom). This is consistent with the frequency band and electrode locations used in similar studies (Thut135

et al., 2006; Rihs et al., 2009; Okazaki et al., 2015).136
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Thus, we defined the α-power lateralization index (α-LI) as the difference of electrodes PO8-PO7 in the alpha

band (α = 8-14 Hz), normalized by their combined power to ensure comparability across subjects:

α-LI =
α(PO8) − α(PO7)
α(PO8) + α(PO7)

(1)

The resulting α-LI is negative when the left visual hemifield is attended and positive when the right visual hemifield is137

attended (Thut et al., 2006). Lastly, we subtracted the trial baseline α-LI ([-1,0] s before the cue) from all α-LI values138

during the trial.139

Since we provided real-time feedback on the α-LI, we also chose it as our electrophysiological outcome measure.140

For analysis purposes we therefore constructed an offset-independent measure of the amplitude of the α-band modulation:141

the α-LI span. It is defined as the average difference between the mean α-LI for right and left trials throughout a run142

and is as such not influenced by a non-zero α-LI during rest. Thus, the α-LI span can be increased by a growing143

difference in α-power between left and right CVSA as well as by being in a high lateralization state for a longer time144

on average.145

2.3.4. Closed-loop feedback146

For the closed-loop feedback we mapped the α-LI to the red-green color range (Figure 1D), using the data gathered147

on day one. Ensuring a balanced distribution between left and right cue trials, we pooled all α-LI samples of day one148

for a given subject and fitted a normal distribution N(µ, σ2) to the resulting histogram. We assumed the mean µ to149

represent no CVSA to any given side, and ±2σ being inside the individual modulable range of the α-LI.150

During the closed-loop feedback phase, the transformation of the α-power lateralization index α-LI for every151

timepoint t to a color value was the following:152

1. First, we subtracted the baseline α-LI (last second before cue)153

2. To counteract the noisiness of the EEG we then exponentially filtered the baselined α-LIt to create a smoothed

lateralization index α-LIs
t :

α-LIs
0 = 0 (2)

α-LIs
t = 0.9 · α-LIs

t−1 + 0.1 · α-LIt (3)

The time t = 0 represents the onset of the cue.154

3. Taking the mean µ and standard deviation σ of the Normal distribution fitted on day one, we linearly mapped

the interval µ ± 2σ to the interval [-1, 1], which corresponded to [red, green]. Therefore, for every time point t,

the color value C was defined as

Ct =
φ · α-LIs

t − µ

2σ
(4)
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In order to always let green represent the desired modulation direction, we flipped the α-LI by multiplying with

φ, depending on the direction of the cue:

φ(cue) =


−1 if cue = left

1 if cue = right
(5)

Any value exceeding the interval [-1,1] after the transformation was clipped.155

We used a stochastic process to elongate trials when subjects showed strong, correct lateralization. We chose to156

do so to maximize the time people spent in states of correct and high α-lateralization. We decided on a stochastic over157

a deterministic process in order to ensure readiness for the button press at all times during the trial, independent of158

the color shown. The color value C ∈ [−1, 1] was linearly mapped to a cutoff value κ ∈ [0.006, 0]. In every update159

cycle, a uniformly distributed random number x ∈ [0, 1] was drawn and the trial ended if x < κ or it reached 20 s. The160

specific range of κ was chosen so that a random α-LI signal would result in an average trial duration of 10 seconds.161

2.3.5. Brain-behavior correlation162

To explore the relationship between the changes observed in the behavioral and electrophysiological outcome

measures, we computed the interaction effect (IE) for the VE and the α-LI for each subject individually as follows:

IEVE =
(
VEBCI

post − VEBCI
pre

)
−

(
VEsham

post − VEsham
pre

)
(6)

IEα-LI =
(
α-LIBCI

post − α-LIBCI
pre

)
−

(
α-LIsham

post − α-LIsham
pre

)
(7)

For all correlations we report the empirical Pearson correlation coefficient r and the p-value determined through a163

permutation test with 100,000 repetitions.164

2.3.6. Post-hoc classification165

Besides the effect of the real-time feedback on the electrophysiological and behavioral measures, we were also166

interested in whether the intervention could improve the control of a BCI. To this use, we trained a machine learning167

algorithm (classifier) on parts of the available data, so that it learns the specific patterns for each attended side for any168

given subject. The learned rule is then applied to new data of the same subject and a binary decision (left or right)169

is taken. The percentage of agreement with the ground truth, i.e. the side indicated by the cue, yields the single trial170

classification accuracy.171

We trained classifiers on three different types of features: the baselined α-LI used in the real-time feedback (Cα-LI),172

the non-baselined α-LI (CN-α-LI), and a channels × frequency bands array containing the PSDs of the electrodes located173

in the parieto-occipital cortex (P7, P5, P3, P1, Pz, P2, P4, P6, P8, PO7, PO3, POz, PO4, PO8, O1, Oz, O2) in seven174

one-Hertz wide bands from 8 Hz to 14 Hz (CMV). In all three cases we averaged the features over time to get a more175

stable estimate of the brain activity throughout the trial, yielding one data point for each feature and trial. For the176
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multivariate classifier CMV we first ranked the features using canonical variate analysis (CVA) (Galán et al., 2007) and177

limited their number to maximum 10 to prevent overfitting.178

We used 10-fold cross validation to train and test a linear discriminant analysis (LDA) classifier. This process was179

repeated 100 times with randomly assembled folds to consolidate the accuracy estimations in face of the low number180

of data points. The chance level was computed as the upper bound of the 95% confidence interval of a binomial181

distribution with an expectation value 0.5 for 80 trials per run.182

2.4. Reporting183

Any results reported follow the following notations: The term grand average refers to the average across the184

individual subject averages across trials. Means and standard deviations are noted in the format a ± b. Error bars185

depicted in plots are the standard error of the mean (SEM) across subjects, unless stated otherwise. The threshold for186

statistical significance was set at p = .05.187

3. Results188

3.1. Behavioral correlates of attention189

First, we tested whether our real-time feedback intervention produced the hypothesized increase in the behavioral190

outcome measure (VE). For this, we performed a two-way repeated measures analysis of variances (ANOVA) with191

the within-subject factors time (pre/post) and feedback (experimental/sham). We found a significant interaction192

(F(1, 12) = 5.54, p = .036) with an effect size of ηp = .316, 95% CI = [.033, .658]. The VE increased 40 ± 45 ms193

for the experimental condition while it increased only 9 ± 52 ms after the sham feedback (Figure 2a). In the sham194

condition, 7 subjects increased and 6 subjects decreased their VE whereas in the experimental condition 10 out of 13195

subjects increased their VE (Figure 2b). A post-hoc power analysis of the observed feedback effect showed that the196

examined number of subjects allowed for a statistical power of 1 − β > 0.8. This agrees with the general convention197

of a type II error below β < 0.2 (Cohen, 1992).198

On further examination, we did not find simple effects, neither of feedback (F(1, 12) = 0.20, p = .664) nor of time199

(F(1, 12) = 4.03, p = .068). Post-hoc paired t-tests (FDR-corrected for multiple comparisons) revealed a difference200

in validity effect pre and post intervention for the experimental condition (t(12) = −3.11, p = .036), but not for the201

sham condition (t(12) = −0.56, p = .586). The effect size of the significant pre-post difference in the BCI feedback202

group was ηp = .446, 95% CI = [.014, .745]. There was no significant difference between the feedback groups before203

(t(12) = −0.85, p= .547) or after (t(12) = 2.05, p = .126) the intervention.204

We then decomposed the VE into valid and invalid trials to find whether one was driving the observed effect. On205

average, RTs to peripheral targets after invalid cues were 141 ± 66 ms longer than for correctly cued trials. In the206

experimental condition the RTs in validly cued trials decreased by 2 ± 19 ms while they increased by 14 ± 30 ms for207

the sham condition. The RTs for invalidly cued trials increased by 39 ± 40 ms for the experimental condition and by208
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22±50 ms for the sham condition (Figure 2c). Repeated measures two-way ANOVAs showed a significant interaction209

for valid trials (F(1, 12) = 4.82, p = .049), but not for invalid trials (F(1, 12) = 1.42, p = .257).210

In order to see whether habituation to the task influenced the RTs, we looked at the mean RTs after valid and invalid211

cues on day one and in the pre-intervention runs on day two and three (Figure 2d). We observed a significant decrease212

of mean RTs over days (F(1.21, 14.52) = 18.78, p < .001; Greenhouse-Geisser corrected). As a consequence, we213

wanted to verify that the order in which the subjects were assigned to the BCI or sham feedback did not confound our214

results. For this we used a three-way mixed repeated measures ANOVA to evaluate the effect of the within subject215

factors of feedback and time and the between subject factor of order (starting with real or sham feedback). We found216

no three-way interaction order × feedback × time (F(1, 11) = 0.66, p = .433) and the between-subject effect of order217

was not significant (F(1, 11) = 0.02, p = .898). The interaction time × feedback was still significant (F(1, 11) = 5.070,218

p = .046).219

3.2. Neurophysiological correlates of attention220

We designed our feedback intervention in a way that trials with correctly detected lateralization pattern were more221

likely to continue. Therefore, by design, the α-LI span had to increase over time in the experimental condition. We222

confirmed this in Figure 3a which shows the baselined α-LI during the intervention for left and right sided trials in223

the experimental and sham condition. We observed an increase in the average α-LI span over the trial duration for the224

experimental condition (F(2.10, 23.07) = 6.64, p = .005; Greenhouse-Geisser corrected). For the sham condition on225

the other hand, we did not find a α-LI span growth (FGG(1.37, 16.49) = 0.13, p = .80; Greenhouse-Geisser corrected).226

Our electrophysiological outcome measure of the closed-loop training was the change in the α-LI span between227

the pre and post intervention offline sessions. We found no interaction effect of the factors time × feedback in a two-228

way repeated measures ANOVA (F(1, 11) = 1.059, p = .324), nor were the simple effects of feedback (F(1, 12) = 1.1,229

p = .301) or time (F(1, 12) = 0.014, p = .909) significant. The differences in average α-LI did change only slightly230

between pre and post intervention runs for real (−0.010±0.074 µV2

Hz ) and sham feedback sessions ((0.006±0.072 µV2

Hz )231

(Figure 3b).232

Furthermore, we found no correlation between the interaction effect (IE) of the behavior IEVE and the interaction233

effect of the lateralization index IEα-LI (r = .29, p = .26; Figure 3c). There was also no correlation between234

the interaction effect of the behavior IEVE and the α-LI difference (experimental - sham) during online training235

(r = .16, p = .23; supplementary Figure S1a) nor between the IEVE and individual resting state alpha power on236

day one (r = −.43, p = .14; supplementary Figure S1b). Of note, the number of subjects (N = 13) calls for caution237

when interpreting these brain-behavior correlations.238

3.3. Single trial classification239

We sought to decode the attended side during the CVSA task in real time by utilizing only brain activity in the240

α-band. We hypothesized that a larger average modulation of the α-LI would lead to a better separation of the brain241
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(b) Individual post-pre changes of the validity effect.
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(c) Average pre and post reaction times after valid and
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(d) Average reaction times by side and validity.

Figure 2: Behavior. (a) Mean validity effect pre and post intervention for the experimental (white circles) and sham group (black circles). Pre-post

difference in the experimental group was significant (p < .05, FDR corrected). Whiskers represent the SEM across subjects. (b) Post-pre changes

in the VE for the sham (black circles on the left) and experimental condition (white circles on the right) for every subject. Solid lines connect

data points of the same subject. (c) Average reaction times pre and post intervention for validly cued (squares) and invalidly cued (diamonds)

trials for the experimental (white) and the sham (black) group. Whiskers represent the SEM across subjects. (d) Mean reaction times for left (gray

left triangles) and right (black right triangles) side trials on recording days 1, 2 and 3. Reaction times to validly cued trials are marked with solid

triangles, those for invalidly cued trials (catch trials) are marked with framed triangles. Whiskers represent the SEM across subjects.
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(c) Correlation between IEα-LI and IEVE.

Figure 3: Electrophysiology. (a) Grand average of the baselined lateralization index for left (diamonds) and right (squares) cued trials during the

online training phase in the experimental (white) and sham (black) condition. Subject averages were binned into the baseline period (bsl) and five

subsequent 4 s windows centered around 2, 6, 10, 14 and 18 s. Whiskers represent the SEM across subjects. (b) The average pre-post changes

of the mean α-LI span for the experimental and the sham condition. The feedback had no significant effect. Whiskers represent the SEM across

subjects. (c) Non-significant correlation (r = .29, n = 13, p = .26) between the interaction effects IEα-LI and IEVE. The thick line indicates the

linear fit to the data, the two thin lines display the 95% confidence interval.

patterns of the two classes (left and right side CVSA), and thus allow for higher classification performance. To test242

this, we computed the post-hoc single trial classification performance on each of the offline runs on day two and243

three for each subject separately : pre- and post-runs in the experimental and sham condition. We found that the244

α-LI span correlated strongly (r = .93, n = 13, p < .0001; Figure 4a) with the classification performance based245

on the CN-α-LI (Section 2.3.6). The correlations between the α-LI span and the classification accuracies of Cα-LI246

(r = .81, n = 13, p < .0001) and CMV (r = .89, n = 13, p < .0001) were similarly high.247

To test if the real-time feedback intervention had an effect on the classification performance, we used repeated248

measures ANOVAs for the within subject factors of feedback and time and the between subject factor of order. We249

did not observe a significant interaction on any level (F(1, 12) < 1.604, p > .231) for neither of the three classifiers250

Cα-LI, CN-α-LI and CMV. Thus, we averaged the classification performance over all four runs for each individual subject251

for a comparison between the selected feature spaces.252

The multivariate classifier CMV (black diamond in Figure 4b) allowed us to decode CVSA above chance level253

(p < .05) in a single trial setting. We achieved an average classification accuracy of 61.9% ± 10.2% where 7 out of254

13 subjects performed significantly above chance level (min. 62.2%, max. 75.8%). Similarly, although on average255

slightly below chance level, CN-α-LI (gray diamond) yielded an average classification performance of 60.0% ± 10.9%256

with six subjects above chance level (min. 63.8%, max. 76.5%). Classification of the baselined α-LI Cα-LI (white257

diamond) performed worst, with an average accuracy of 54.5% ± 7.0% and only one subject above chance level258

(64.8%). In comparison, the accuracy strongly improved from Cα-LI to CN-α-LI (t(51) = −4.56, p < .0001), respectively259

CMV (t(51) = −6.23, p < .001). The difference between CN-α-LI and CMV was significant (t(51) = −1.68, p = .049).260
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(b) Mean single trial classification performances.

Figure 4: Correlation with the α-LI and average classification results. (a) Significant positive correlation between the α-LI span and the classification

accuracy. As expected, the classification performance improves with higher α-power modulation. The thick solid line indicates the linear fit to

the data, the two thin solid lines display the 95% confidence interval. (b) Single trial classification results for three different feature spaces: the

baselined α-LI (Cα-LI), the non-baselined α-LI (CN-α-LI) and a multivariate feature space (CMV). The difference in classification performance

between Cα-LI and CN-α-LI respectively CMV was highly significant. CN-α-LI and CMV are significantly different. The latter is the only one achieving

a mean classification performance above the upper bound of the 95% confidence interval (dashed line) of the chance level (solid line). The error

bars indicate standard errors of the means across subjects.

4. Discussion261

The present single-blind sham-controlled study evaluated the impact of a new EEG-based closed-loop feedback262

paradigm on CVSA. A group of 13 healthy volunteers performed 20 minutes of CVSA training either with closed-loop263

feedback, or in a control condition during which sham feedback was replayed from another participant. We show that264

closed-loop feedback led to a behavioral improvement which was absent in the sham condition. No effect was found265

on the electrophysiological markers of CVSA used for the feedback.266

Overall, the number of participants for the analysis is comparable to other crossover exploratory studies (Thut267

et al., 2006; Scharnowski et al., 2012; Robineau et al., 2014) and the observed effect size of the induced behavioral268

changes was large (Cohen Jacob, 1988). Of note, we cannot ultimately rule out some experimental bias due to the269

single-blindedness of our study. However, we mitigated this risk by providing only written instructions.270

4.1. Closed-loop feedback for CVSA271

The goal of any online feedback intervention is to change behavioral markers through operand conditioning using272

a biomarker (Sherlin et al., 2011). Two studies with a real-time feedback approach similar to ours, one using functional273

magnetic resonance imaging (fMRI) and the other MEG, have presented somewhat contradictory behavioral changes274

in the perception threshold of covert stimuli.275
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Scharnowski et al. (2012) provided subjects with real-time feedback on occipital blood oxygen level dependent276

(BOLD) activity during a neurofeedback session. Subsequently, they showed improved perception of Gabor patches277

in the visual field corresponding to the trained area; but only for those subjects that managed to upregulate the BOLD278

signal (Scharnowski et al., 2012). Unlike this study, our feedback strategy aimed at training subjects to maintain high279

lateralization throughout the task.280

In another study Okazaki et al. (2015) successfully trained alpha lateralization by linking the real-time feedback281

to the visibility of faces. This procedure, however, led to a drop in performance post intervention in the experimental282

groups in the untrained hemifield, while no changes were observed in the sham groups (Okazaki et al., 2015). Our283

study differed in many aspects: First, we linked the lateralization to the probability of the trial ending and thus alerted284

subjects in case of low lateralization to reorient their attention. Therefore, our design differs from studies that linked285

attentional brain signals to task difficulty (De Bettencourt et al., 2015; Okazaki et al., 2015). Second, our outcome286

measure was RT rather than discrimination performance. Finally, we used the same task for training and testing, thus287

maximizing transferability while Okazaki et al. (2015) trained on faces and tested on Gabor patches.288

We point out that our study, using EEG, showed behavioral effects after around 20 minutes of closed-loop feedback289

while fMRI studies like Scharnowski et al. (2012) and Robineau et al. (2014) needed multiple sessions of BOLD290

feedback to achieve an effect. This suggests that the temporal contiguity of the feedback, which is certainly higher in291

EEG, may play an important role in the speed of learning (Rahmandad et al., 2009; Sherlin et al., 2011; Sulzer et al.,292

2013; Faller et al., 2019).293

4.2. Alpha-band lateralization294

The grand average pattern of α-power differences between left- and right-cued trials displayed the typical lateralization295

introduced by CVSA tasks (Kastner et al., 1999; Worden et al., 2000; Sauseng et al., 2005; Rihs et al., 2007). The296

sustained lateralization (on average) observed during both real and sham feedback training suggests that subjects were297

able to maintain covert attention to the target for up to 20 seconds, which is longer as in any previously reported study298

(Andersson et al., 2012; Scharnowski et al., 2012; Okazaki et al., 2015).299

It is believed that α-oscillations are a mechanism of inhibition to neuronal firing activity (Jensen and Mazaheri,300

2010; Romei et al., 2010), and thus, the α-band lateralization during CVSA is the result of a cortical inhibition of301

the unattended hemifield (ipsilateral to the attended target) and a – usually smaller – disinhibition contralaterally302

(Thut et al., 2006; Jensen and Mazaheri, 2010). This is further corroborated by recent brain stimulation studies which303

reported that stimulation in the α-band led to contralateral stimulus suppression in spatial orientation tasks (Wöstmann304

et al., 2018).305

For this reason we expected a feedback-induced variation in the α-LI that corresponded to the behavioral effects306

observed in this study, but we could not observe any significant pre-post changes in the α-LI span after the real-time307

feedback. Although results showed an increase in the average α-LI span over the trial duration during the feedback308

phase for the experimental condition, we cannot conclude that subjects expressed larger α-LI amplitude. This is309
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because our experimental design – prolonging only trials with correct lateralization in the experimental condition – is310

a confound for the analysis of the online data.311

On a different note, it is conceivable that the effect does not lie in the expansion of the α-LI span, but in the312

stability of the lateralization index throughout trials since our feedback training specifically encouraged subjects to313

maintain lateralization for a long period of time (up to 20 seconds). We evaluated if the feedback intervention would314

lead to a more stable α-LI, which revealed indeed a significant interaction effect (feedback × time, p = .035), but for315

left trials only (supplementary Figure S2a). The fact that neurofeedback led to significant changes only for targets in316

the left visual hemifield has also been reported by Okazaki et al. (2015). As a possible explanation they referred to the317

model of functional hemispheric imbalance in which the left hemisphere is directing attention only towards the right318

hemifield, whereas the right hemisphere is involved in attention to both hemifields (Mesulam, 1999).319

Another open question is how the two correlates of CVSA, the validity effect and the α-power lateralization index,320

are interrelated. We were interested if both were affected in a similar way by the feedback intervention but did not321

find a significant linear correlation of the VE, neither with the α-LI span, nor with the α-LI variability (supplementary322

Figure S2b). This suggests that the relation of occipital α-band power lateralization and RT-based correlates of323

CVSA might be less straightforward as previously thought. Further studies will be needed to shed light on the neural324

mechanisms that connect the two.325

4.3. Single trial classification326

Oscillatory brain patterns associated with CVSA have been used as input modality for BCIs: (Van Gerven and327

Jensen, 2009; Treder et al., 2011; Tonin et al., 2013). In a post-hoc analysis, we could successfully decode the attended328

side from modulations in the α-band in 7 out of 13 subjects. Since, although debated, evidence suggests that BCI use329

is a skill that can be learned, we would expect performance improvements for a longer series of training sessions330

(Curran and Stokes, 2003; Perdikis et al., 2018).331

Compared to the studies of Scharnowski et al. (2012) and Okazaki et al. (2015), who have worked with fMRI-332

and MEG-based feedback respectively, EEG-based feedback is cost effective and portable. This would allow for an333

easier application in and outside the clinical environment, e.g. in spatial neglect rehabilitation (Tonin et al., 2017).334

But one of the challenges in EEG is the tendency for nonstationarities (Lotte et al., 2007). In order to separate task335

related changes from the fluctuating ”physiological” noise, a pre-cue baseline activity often gets subtracted from336

the in-task EEG signal (Rihs et al., 2007). Since we were interested in feeding back only the modulation induced337

by the CVSA task, we opted for baselining our signals. But as observed in the post-hoc single trial classification,338

better classification could have been achieved without baselining. A possible explanation could be that the maximally339

achieved lateralization is independent of the α-LI at the start of the CVSA task. This connects well with Van Dijk et al.340

(2008), who found that the perception of a visual stimulus could be predicted by the instantaneous (not purposefully341

modulated) α-power distribution. This suggests that natural fluctuations of the occipital α-power lateralization are342

intrinsically modulating the attentional resources and are thus not ”physiological” noise that needs to be offset.343
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Finally, we observed a substantial performance difference between employing a rigid one-size-fits-all classifier344

(Cα-LI) and a classifier that was trained on features of individually picked electrode locations and frequency subbands345

(CMV). The BCI field has a long tradition of using multivariate machine learning approaches to individualize correlates346

of mental tasks (Millán et al., 2002; Lemm et al., 2011). In our case, judging by the increased post-hoc classification347

performance, it might be argued that subjects could have learned better given a more individualized feedback. However,348

this would only be true for subjects with above-chance classification performance. In the case of little or no difference349

in the features between the two classes, such a classifier might actually be trained on ”noise” – non-physiological350

features that stand out randomly from the training data. Hence, selecting features based on the physiologically351

meaningful group average is a more promising approach for those subjects. Since a pilot study suggested that only352

half of all subjects reach above-chance classification performance, we therefore opted for giving real-time feedback353

on a fixed band and electrode locations in our experiment, with the individual mapping of the modulation range354

as the only free parameter. Future work could investigate the use of multivariate classification approaches within355

neurophysiological constraints on the weights to further improve CVSA discriminability and eventually behavior.356

5. Conclusion357

Our results show that the hemispheric lateralization of alpha oscillations over the occipital cortex can provide an358

electrophysiological biomarker that can be used to drive real-time feedback, thereby improving CVSA performance.359

With this our study opens the door to potential closed-loop rehabilitation tools for spatial neglect syndrome and360

other attention-related disorders. While further work with a larger sample size and a double-blind design is needed to361

uncover the exact relation between electrophysiological and behavioral markers of CVSA, we believe that individualizing362

the electrophysiological signature used for generating the feedback can lead to even better results.363
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Supplementary material509

Reaction times Pair 1 Pair 2 Pair 3 Pair 4 Pair 5 Pair 6 Pair 7 Average

RT FB day 2 463 ms 440 ms 468 ms 403 ms 378 ms 342 ms 398 ms 413 ms

RT FB day 3 392 ms 410 ms 423 ms 452 ms 428 ms 425 ms 374 ms 415 ms

α-LI span Pair 1 Pair 2 Pair 3 Pair 4 Pair 5 Pair 6 Pair 7 Average

RT FB day 2 0.090 2.590 0.359 0.176 0.076 0.009 -0.054 0.464

RT FB day 3 0.108 0.988 1.380 0.248 0.294 0.284 0.061 0.480

Table S1: Table of subject pairs and groups. Subjects were paired with respect to reaction times and their α-power lateralization index, with each

partner receiving the real-time feedback (RT FB) either on day two or three. Both groups are well balanced in terms of both variables. The gray

entries indicate the subject which was removed from all post-hoc analysis due to excess artifacts.
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Figure S1: Correlation of electrophysiological and behavioral results. (a) Non-significant correlation (r = .16, n = 13, p = .23) between differences

(experimental minus sham) in α-LI during the real-time training and the behavioral interaction effect IEVE. The thick line indicates the linear fit to

the data, the two thin lines display the 95% confidence interval. (b) Non-significant correlation (r = −.43, n = 13, p = .14) between the baseline

α-power on day one and the behavioral interaction effect IEVE. Three subjects displayed a visibly elevated level of resting state α-power (> 2 µV2

Hz )

on all recording days. The thick line indicates the linear fit to the data, the two thin lines display the 95% confidence interval.
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Figure S2: Feedback effect on the α-LI variability. (a) Means and standard error of the mean of the α-LI variability (mean standard deviations

throughout trials) for both feedback groups pre and post intervention. A three way ANOVA (feedback × time × order) yielded F(1, 11) = 0.16 ,

p = .69 for the full interaction and F(1, 11) = 0.66, p = .43 for the interaction feedback × time. A two-way repeated measures ANOVA (after

getting rid of the factor order) yielded F(1, 12) = 0.77, p = .39. We could detect a significant feedback × time interaction for the left side trials

(F(1, 12) = 5.67, p = .035). (b) Non-significant correlation (r = −.45, n = 13, p = .11) between interaction effect IEα-LI variability and the IEVE.

The thick line indicates the linear fit to the data, the two thin lines display the 95% confidence interval.
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