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ABSTRACT

The ability to access brain information in real-time is crucial both for a better understanding of cognitive functions
and for the development of therapeutic applications based on brain-machine interfaces. Great success has been
achieved in the field of neural motor prosthesis. Progress is still needed in the real-time decoding of higher-order
cognitive processes such as covert attention. Recently, we showed that we can track the location of the attentional
spotlight using classification methods applied to prefrontal multi-unit activity (MUA) in the non-human primates.
Importantly, we demonstrated that the decoded (x,y) attentional spotlight parametrically correlates with the
behavior of the monkeys thus validating our decoding of attention. We also demonstrate that this spotlight is
extremely dynamic. Here, in order to get closer to non-invasive decoding applications, we extend our previous
work to local field potential signals (LFP). Specifically, we achieve, for the first time, high decoding accuracy
of the (x,y) location of the attentional spotlight from prefrontal LFP signals, to a degree comparable to that
achieved from MUA signals, and we show that this LFP content is predictive of behavior. This LFP attention-
related information is maximal in the gamma band (30-250 Hz), peaking between 60 to 120 Hz. In addition,
we introduce a novel two-step decoding procedure based on the labelling of maximally attention-informative
trials during the decoding procedure. This procedure strongly improves the correlation between our real-time
MUA and LFP based decoding and behavioral performance, thus further refining the functional relevance of this
real-time decoding of the (x,y) locus of attention. This improvement is more marked for LFP signals than for
MUA signals. Overall, this study demonstrates that the attentional spotlight can be accessed from LFP frequency
content, in real-time, and can be used to drive high-information content cognitive brain-machine interfaces for
the development of new therapeutic strategies.

1. Introduction

that cognitive processes are highly dynamic, irrespectively of behavioral
goals or instructions (Gaillard et al., 2020).

Accessing cognitive functions in real time, using machine learning
methods applied to ongoing brain signals is considered as one of the ma-
jor challenges of modern neurosciences, in order to enhance and restore
human brain capacities (Astrand et al., 2014b; Cinel et al., 2019; Dresler
etal., 2018). Indeed, the ability to decode brain information in real-time
is expected to allow for a better characterization of cognitive functions
and development of therapeutic applications based on brain-machine
interfaces. While great success has been achieved in the field of neural
motor prosthesis (Prochazka, 2017), real-time decoding of higher-order
cognitive processes such as spatial attention is still hampered by the
complexity of these mechanisms. One major issue in this respect is the
fact that cognitive functions are mostly covert and can only be inferred
transiently through subjects’ behaviors. Another crucial issue is the fact
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In the last years, we have recorded multi-unit activity (MUA) signals
from prefrontal frontal eye fields (FEF), a cortical region at the core of
attention selection (Buschman and Miller, 2007; Ekstrom et al., 2008;
Gregoriou et al., 2009; Ibos et al., 2013; Moore and Fallah, 2001; War-
dak et al., 2006). We report real-time access to the (x,y) coordinates of
attentional spotlight from these ongoing prefrontal neuronal population
spiking activity, at high spatial and temporal resolution (Astrand et al.,
2020; Di Bello et al., 2020; Gaillard et al., 2020). Importantly, we show
a strong correlation between the decoded (x,y) attentional spotlight in
real-time and subjects’ behavioral performance on a complex perceptual
task.

In the following, we extend this (x,y) decoding of the attentional
spotlight to local field potential (LFPs) signals, moving a step closer to
real-time EEG based decoding of the attentional function. Indeed, LFP
signals reflect the spiking activity that are summed over a large pop-
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ulation of neurons while MUA refers to the activity of individual neu-
rons or of a local population of neurons. While MUA activity is often
best analyzed in the time-amplitude domain, LFPs are often analyzed
in the time-frequency domain. Besides, we present a novel two-step de-
coding procedure optimizing correlation between decoded information
and ongoing behavior. Specifically, we apply machine learning meth-
ods to neuronal population activities recorded from the FEF, bilaterally,
while monkeys performed a cued spatial target detection task. The FEF
is an oculomotor structure located in the prefrontal cortex (Bruce et al.,
1985; Bruce and Goldberg, 1985) that plays a central role in the control
of spatial attention (Buschman and Miller, 2007; Ekstrom et al., 2008;
Gregoriou et al., 2009; Ibos et al., 2013; Wardak et al., 2006). We report
for the first-time (x,y) decoding accuracy (i.e.; a quantifiable continuous
measure of accuracy) of attentional spotlight location from LFP signals.
Confirming recent reports highlighting the contribution of gamma fre-
quencies to attentional process (Fries et al., 2001; Gregoriou et al., 2009;
Nandy et al., 2017; Paneri and Gregoriou, 2017; Richter et al., 2017), we
further show that LFP attention-related informational content is greater
in the gamma frequency band relative to lower frequency bands. The
real-time attention decoding accuracies for LFP are comparable to what
we achieved from MUA and are highly correlated with behavioral per-
formance. Based on the observation that the (x,y) attention spotlight
location estimated from both MUA and LFP signals correlate with behav-
ior, we introduce a novel attentional position decoding method based
on a distinction between trials with high and low attention related in-
formation content. We demonstrate that this procedure improves de-
coding accuracies obtained from LFP and MUA signals and importantly,
improves their correlation with behavior. Overall, this study provides
methodological bases to drive high attention-information content cog-
nitive brain machine interfaces from both MUA or LFP activities. It also
opens the way to targeting other cognitive functions such as working
memory, and possibly extend this approach to non-invasive signals such
as EEG or fMRI signals.

2. Methods
2.1. Subjects and surgical procedures

Two adult male rhesus monkeys (Macaca mulatta) were used in this
experiment. All surgical and experimental procedures were approved
by the local animal care committee (C2EA42-13-02-0401-01) in com-
pliance with the European Community Council, Directive 2010/63/UE
on Animal Care. The surgical procedures, the FEF location, and visual
stimulation techniques have been described elsewhere (Astrand et al.,
2016). Briefly, the FEF was defined as the anterior bank of the arcu-
ate sulcus and we specifically targeted those sites in which a signifi-
cant visual and/or oculomotor activity was observed during a memory
guided saccade task at 10 to 15° of eccentricity from the fixation point.
In order to maximize task-related neuronal information at each of the
24-contacts of the recording probes, we only recorded from sites with
task-related activity observed continuously over at least 3 mm of depth.

2.2. Behavioral task

The task is a 100% validity endogenous cued spatial target detec-
tion task (Fig. 1A). The animals were placed in front of a PC mon-
itor (1920 x 1200 pixels and a refresh rate of 60 Hz), at a distance
of 57 cm, with their heads fixed. The stimuli presentation and behav-
ioral responses were controlled using Presentation (Neurobehavioral
systems®, https://www.neurobs.com/). To start a trial, the bar placed
in front of the animal’s chair had to be held by the monkeys, thus inter-
rupting an infrared beam. The onset of a central blue fixation cross (size
0.7° x 0.7°) instructed the monkeys to maintain gaze position inside a
2° x 2° window, defined around the fixation cross. To avoid the abort of
the ongoing trial, fixation had to be maintained throughout trial dura-
tion. Eye fixation was controlled thanks to a video eye tracker (Iscan™).
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Four gray square (size 0.5° x 0.5°) were displayed, all throughout the
trial, at the four corners of a 20° x 20° hypothetical square centered
onto the fixation cross. Thus, the four squares (up-right, up-left, down-
left, down-right) were placed at the same distance from the center of the
screen having an eccentricity of 14° (absolute x- and y-deviation from
the center of the screen of 10°). After a variable delay from fixation
onset, ranging between 700 — 1200 ms, a small green square, the cue
(size 0.2° x 0.2°) was presented, for 350 ms, close to the fixation cross
(at 0.3°) in the direction of one of the grey squares. Monkeys were re-
warded for detecting a subtle change in luminosity of this cued square -
i.e., the target. The change in target luminosity occurred unpredictably
between 350 to 3300 ms from the cue off time. In order to receive a re-
ward (drop of juice), the monkeys were required to release the bar in a
limited time window (150 - 750 ms) after the target onset (hit trials). In
order to make sure that the monkeys did use the cue instruction, on half
of the trials, distractors were presented during the cue to target inter-
val. Two types of distractors could be presented: (i) an uncued distractor
(33% of trials with distractor) - that could take place equiprobably at
any of the uncued locations; (ii) a workspace distractor (67% of trials
with distractor) - that correspond to a small square presented randomly
in the workspace defined by the four target locations. The contrast of
the square with respect to the background was the same as the contrast
of the target against the grey square. The monkeys had to ignore all of
these distractors. Responding to any of them interrupted the trial. If the
response occurred in the same response widow as for correct detection
trials (150 - 750 ms), the trial was counted as a false alarm (FA) trial.
Failing to respond to the target (Miss) similarly aborted the ongoing
trial. Overall, data was collected for 19 sessions (M1: 10 sessions, M2:
9 sessions). The behavioral performance of each animal is presented in
Fig. 1B (proportion of hits over miss and FA trials).

2.3. Recording techniques and data analyses

Bilateral simultaneous recordings in the two frontal eye fields (FEF)
were carried out using two 24- contact Plexon U-probes (Fig. 1C). The
contacts had an interspacing distance of 250 ym. Neural data was
acquired with the Plexon Omniplex® neuronal data acquisition sys-
tem. The data was amplified 400 times and digitized at 40.000 Hz. A
threshold defining the multi-unit activity (MUA) was applied indepen-
dently for each recording contact before the actual task-related record-
ings started, as follows. A first automatic step placed the threshold at
mean+3*s.d. of the signal in time. A second step was sometimes re-
quired, involving a manual adjustment of the threshold. This second
step was rarely needed and involved channels with sparse task-related
MUA activity. Local field potentials (LFP) were recorded simultaneously
on the same electrodes as MUA. The neuronal properties of the recorded
neuronal sample have already been described elsewhere (Astrand et al.,
2020; Gaillard et al., 2020). Supplementary figures S1 and S2 represent,
for all trials, and sub-trial categories discussed in the main Fig. 4, aver-
age neuronal responses (Figure S1) and averaged time frequency spectra
(Figure S2), for the preferred and non-preferred positions, aligned to cue
and target presentation, across the 5 most responsive channels of each
recording session.

2.4. Neuronal decoding procedure

All analyses were performed in Matlab 2017. MUA and LFP signals
were aligned on the target presentation time and sorted according to
the monkey’s behavioral response (hits and misses). Fast Fourier trans-
form analyses were performed on LFP signals recorded on each ses-
sion, on each of the 48 channels in order to quantify the signal power
spectrum from 1 Hz to 250 Hz. Specifically, each trial power spec-
trum was normalized using its own baseline calculated as the 300 ms
prior to cue presentation power spectrum (fixation period). Time fre-
quency analyses were performed using a hanning taper based on the
fieldtripft_freqanalysis Matlab function (Oostenveld et al., 2011) with a
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Fig. 1. Task design and behavioral performance. (A) 100% validity cued spatial target detection task with distractors. Monkeys had to hold a bar and fixate a
central cross on the screen for a trial to be initiated. Monkeys received a liquid reward for releasing the bar 150 - 750 ms after target presentation. Target location
was indicated by a cue (green square, second screen). Monkeys had to ignore any uncued event. (B) Behavioral performance of monkeys M1 and M2 at detecting the
target in the presence or absence of a distractor (median% hits +/- median absolute deviations, dot correspond to individual sessions). (C) Recording sites. On each

session, 24-contact recording probes were placed in each FEF.

fixed parameter of 7 cycles per time window (frequency dependent win-
dow length). Decoding from LFP signals was then performed either on
unfiltered data or on eight independent frequency bands: § (0-4 Hz), 6
(4-8 Hz), a (8-12 Hz), low g (12-20 Hz), high g (20-30 Hz), low y (30—
60 Hz), mid y (60-120 Hz), high y (120-250 Hz). To avoid any border
phase distortion effect or inter-frequency influences of filtering (Butter-
worth filter), we applied Fast-Fourier Transform algorithm on the raw
detrended LFP data and isolated frequency bands of interest indepen-
dently (and not from the full power frequency spectrum).

As in Astrand et al. (2016, 2015), a regularized linear decoder is
used to associate, on hit trials, the neuronal activity with one of the
four possible target locations. Specifically, this decoder is defined by
the following equation: C = W * (R + b), where C corresponds to the
normalized (x,y) coordinates of the target (four possibilities: (1, 1), (1,
-1),(-1,1),(1, —1)), W represents the weight matrix, R refers to the neu-
ronal response (48-channel by N-trial matrix, corresponding to the av-
erage neuronal signal computed over the time interval of interest, for
each of the 48 recording channels and each of the N training trials),
and b is the bias. In order to avoid over-fitting, a Tikhonov regulariza-
tion was used, defined by the following minimization equation: norm
(W * (R + b) - C) + 4 * norm(W). The scaling factor 1 was chosen to
allow for a good compromise between learning and generalization. Dur-
ing training, the decoder associated, on correct trials, the neuronal ac-
tivity (R) to one of the four possible target locations (C) to calculate the
corresponding weight matrix (W). Decoder input signals corresponded
either to the number of spikes for MUA or to the normalized instan-
taneous power of all frequencies or specific frequency bands for LFPs,
computed over the specified time window. On each given time interval
before target presentation, the decoder was trained on a random set of
70% of hit trials and then tested on the 30% remaining hit trials and
all misses, with activities sampled at the same interval as the training
interval. Trial order were equalized in the training set to avoid any de-
coding bias. To avoid overfitting, training and testing were performed
from different sets of trials. During training, the input of the classifier
was a 48-channel by N-trial matrix, corresponding to the average neu-
ronal signal computed over the time interval of interest as well as the
normalized (x,y) coordinates of the target for each of these N training
trials. During testing, for each trial, new to the classifier, the output of
the classifier was estimated from a 48-channel vector corresponding to
the average neuronal signal on the time interval of interest, on each of

the 48 recording channels, on the considered testing trial. The output
calculated by the decoder corresponds to an (x,y) coordinate. This out-
put could either be used to assign attention to a specific visual quadrant,
thanks to a hardlim function (i.e. a decoder output of (0.2, 1.2) could
be assigned to the upper right quadrant, while a decoder output of (0.2,
—0.1) would be assigned to the lower left quadrant), thus producing a
classification readout (Astrand et al., 2014b, 2015). Alternatively, the
output of the decoder, can be read as a spatial estimate of the locus of
attention in the normalized decoding visual space (as in Astrand et al.,
2016, 2020; Gaillard et al., 2020). Thus an output of (0.5, 0.6) estimates
attention in the upper left quadrant, at a coordinate of (0.5, 0.6) in the
normalized decoding visual space, irrespective of where attention was
actually cued. These coordinates can be transformed in visual degrees
by a simple linear transformation. Thus, for targets located at (10°, 10°),
(-10°,10%, (-10°, —=10°), and (10°, —10°), the attention readout in this
specific case would be (5°, 6°). Training and testing were performed
on neuronal signals from 10 ms to 1200 ms before target presentation
with a time step of 20 ms. Indeed, on such trials, the neuronal activ-
ities aligned onto target presentation can be analyzed on the longest
1200 ms windows without the risk of contamination of the attention-
related information on or off cue-related neuronal responses. All trials
with cue-to-target intervals shorter than 1700 ms were excluded from
this analysis. For each interval, training and testing steps were repeated
100 times, then averaged to define a decoding performance correspond-
ing to the number of correct classifications according to quadrant cat-
egories. We estimated the 95% confidence interval to verify the sta-
tistical significance of our decoding performance. The same decoding
analyses as described above were used with a training set based on ran-
dom labels. In other words, the decoder used the same neuronal sig-
nal, but the coordinates of the target were randomized and thus did not
correspond to the actual condition in which the neuronal signal was
recorded.

On each given time interval before target presentation, the decoder
is trained on a random set of 70% of hit trials (mean = 765, s.e. = 35)
and then tested on the 30% remaining hit trials (mean = 328, s.e. = 15)
and all misses (mean = 657, s.e. = 81), with activities sampled from
the same interval as the training interval. The (x,y) location of the at-
tentional spotlight is calculated from a leave-one-out decoding strategy
(i.e., training was performed on all hit trials (mean = 1093, s.e. = 51)
except one, used for the testing). For misses, the decoder is trained on all
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hit trials (mean = 1094, s.e. = 51) and tested on all misses (mean = 657,
s.e. = 81).

Importantly, all decoding procedures were applied independently for
each session and each subject. Indeed, recordings were performed on a
daily session basis, at different FEF cortical locations. As a direct result
of the spatiotopic organization of the FEF (Bruce et al., 1985; Bruce and
Goldberg, 1985), each different electrode location resulted in a different
set of weights (W) associating recorded neuronal activity to attentional
position. Therefore, cross subject/session decoding procedure produces
very low decoding performances.

2.5. Behavioral correlation

In order to validate the decoding procedure, we investigated the
correlation between the (x,y) attentional spotlight decoded from neu-
ronal signals with monkey’s behavioral response (Percentage of hits over
hit+miss trials). Specifically, the relative distance between the actual
target location and the decoded attentional spotlight location was cal-
culated for each trial. Percentage of hits over miss trials was then cal-
culated over 0.5° distance vectors. To avoid biases, total number of hits
and misses were equalized and then binned - the whole procedure was
repeated 100 times. The X and Y location of attentional spotlight was
calculated from a leave-one-out decoding strategy (i.e., training was per-
formed on all hit trials except one used for the testing). For misses, the
decoder was trained on all hit trials and tested on all misses. Training
and testing were performed on a 150 ms time window prior to target
presentation. Statistical analyses were carried out using linear regres-
sion model.

2.6. Two-step decoding procedure

In this part, we dissociate high attention-related informational spa-
tial content trials from low attention-related informational content tri-
als. We use the relative distance calculated between the decoded (x,y)
attentional spotlight (AS) and the real target location (T) for hit tri-
als, as described above. Two categories of hit trials were identified from
this first decoding: 1) trials in which the decoded attentional spotlight is
close to target location (i.e. HighContent trials) and 2) trials in which the
decoded attentional spotlight is far from target location (i.e. LowCon-
tent trials). HighContent and LowContent trials were defined according
to a threshold of 7° between real target location and decoded attentional
spotlight (HighContent trials: |AS-T| < 7°; LowContent trials: |AS-T| >
7°). Given the high difficulty of the task, monkeys cannot succeed in
the trial if they are not orienting their attention near to the target loca-
tion (Astrand et al., 2016). Thus, we hypothesized that these differences
between HighContent and LowContent trials was due to differences in
spatial attention informational content between these two types of hit
trials, and that signals were more representative of the expected tar-
get location in HighContents trials than in LowContent trials. Decoding
performance and behavioral correlation were thus calculated a second
time as follows. In order to evaluate classification performance, training
was performed on all HighContent trials and testing was performed on
different percentages of HighContent trials over LowContent trials (0%
to 100% ratio). The proportion 70/30 of trials used for training and
testing was conserved. Once training and testing sets were selected, the
decoding procedure applied was the same as the procedure described in
the previous section. In order to evaluate the correlation between de-
coded attention position and behavioral performance, we performed a
trial by trial (x,y) estimation of attentional position. More specifically,
for HighContent trials position decoding, the decoder was trained on all
HighContent trials except one and tested on the remaining one (leave
one out strategy). For LowContent trials and misses, the decoder was
trained on all HighContent trials and tested on LowContent trials and
misses. Training and testing were performed 150 ms before target pre-
sentation. The relative distance between AS and T was calculated and
associated with the percentage of hit trials with respect to misses. Hit
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trials included 50% of LowContent trials and 50% of HighContent trials.
For each signal (MUA and LFP), we compared the effect of HighContent
trials on decoding performance and behavioral correlation. Statistical
comparisons were performed using non parametric tests (Wilcoxon rank
sum test) and linear regression models (F-tests).

3. Results

In order to access the location of the attentional spotlight, a linear
decoder was used to estimate the (x,y) coordinates of attention based on
MUA and LFP signals, recorded from the prefrontal cortex (FEF, bilat-
erally, Fig. 1C) while monkeys performed a cued target detection task
(Fig. 1A). The readout of this linear decoding procedure can be classi-
fied in one of four possible classes indicating whether attention is cor-
rectly oriented to the cued visual quadrant (correct classification), or
to one of the three other quadrants (incorrect classification, Astrand
et al.,, 2014, Tremblay et al., 2015). Alternatively, the readout of the
linear decoding can be taken as an error to the cued location and trans-
formed into an (x,y) continuous coordinate (Astrand et al., 2020, 2016;
Gaillard et al., 2020). In the first part of the results, we report for the
first time continuous attentional spotlight position decoding from LFP
signals, with performance accuracy levels similar to MUA based decod-
ing. We then analyze how the continuous (x,y) estimates of attentional
spotlight based on prefrontal MUA and LFP signals predict behavioral
performance, thus validating the decoding procedure. Finally, we de-
velop a decoding method that optimizes the spatial decoding of atten-
tion from MUA and LFP signals and highlights qualitative variability in
prefrontal attention related information.

3.1. Classifying spatial attention from prefrontal MUA and LFP

Fig. 2A and B represent the classification performance based respec-
tively on FEF recorded MUAs and LFPs (irrespective of frequency con-
tent). Neuronal activity (decoder input) was averaged just prior to tar-
get presentation, calculated across varying time windows ranging from
10 ms to 1200 ms. Decoding accuracy on hit trials is significantly higher
than chance level (25%) and higher than the 95% confidence interval
(Fig. 2, light blue curves) for both MUA (Fig. 2A, blue, significance rep-
resented by the black line) and LFP signals (Fig. 2B, blue, significance
represented by the black line). Thus, on hit trials, spatial attention can
be successfully classified from both MUA and LFP signals. It is worth
noting that attention decoding accuracy is only partially (though sta-
tistically significantly) degraded when considering channels from only
the ipsilateral FEF relative to the contralateral FEF (supplementary fig-
ure S3). This is probably due to two specificities in the FEF receptive
field properties (Bruce and Goldberg, 1985; Bruce et al., 1985). First,
these receptive fields often expand into the ipsilateral visual hemifield.
Second, visual stimuli, as well as spatial attention oriented in the ipsi-
lateral visual hemifield often evoke inhibitory neuronal responses. This
information appears sufficiently precise for the decoder to extract infor-
mation about spatial attention including in the ipsilateral visual field.

Interestingly, decreasing time intervals before target presentation
highly impacts decoding accuracies. Performances decrease from 77%
to 40% for MUA (Fig. 2A, blue, Wilcoxon rank sum test, p < 0.05) and
from 71% to 29% for LFPs (Fig. 2B, blue, Wilcoxon rank sum test, p <
0.05). Compared to short time windows, longer time windows reflect
average spatial attention location, and thus yield higher classification
rates. On both signals, window size thus implies a trade-off between
temporal resolution and overall classification accuracy.

While MUA signals are processed in the time-amplitude domain, LFP
signals are processed in the time-frequency domain. In the following
part, we segregated the different functional frequency bands of LFPs to
investigate their specific impact on classification performances. Fig. 2C
represents the decoding accuracy in time as a function of specific LFP
functional frequency band content. As observed on the overall decoding
accuracy from all LFP frequency content decomposition, larger window
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Fig. 2. Spatial attention decoding accuracies from (A) multi-unit activity
(MUA) or (B) local field potentials (LFP), as a function of averaging time window
size from target onset (0 ms), on hits (blue, mean +/- s.e.) and miss trials (red,
mean +/- s.e.). Black dashed line (25%): absolute chance level; dashed blue and
red curves: 95% C.I. for hit and miss trials. (C) Spatial attention decoding accu-
racy from LFP signals per LFP frequency band, as a function of averaging time
window size from target onset (0 ms), on hit (left) and miss trials (right). Shaded
gray area: no significant difference in performance as assessed by a Wilcoxon
rank sum test (M1: 10 sessions, M2: 9 sessions).

sizes yield higher decoding accuracies in all frequency bands (Fig. 2C).
However, information about spatial location of attention is mainly con-
tained in the gamma frequency bands (30-250 Hz). Specifically, on
hit trials, for the largest window sizes, decoding accuracies are below
50% for all frequency bands < 30 Hz (6 = 40%; 0 = 42%; a = 36%;
low g = 35%; high f = 39%) and reach a maximum of 54% for low
y (30-60 Hz), 66% for mid y (60-120 Hz) and 65% for high y (120-
250 Hz, Fig. 2C). Specifically, decoding performances were not signif-
icantly higher than 95% CI for the 6, a and low g bands. In addition,
full spectrum LFP decoding accuracy is statistically higher than each LFP
band-specific decoding accuracies, except for the mid gamma frequency
band from which it is statistically undistinguishable (supplementary fig-
ure S4B, Wilcoxon rank sum test, p < 0.05)

In order to quantify the level of attentional information shared by
the selected frequency bands of interest, we analyzed the correlation
between decoded (x,y) positions for each frequency pair (6, ©, a, low 8,
high g, low y, mid y, high y, and full LFP spectrum, figure S5, Spearman
correlation coefficient, n = 20,778 trials, 19 sessions). This analysis re-
veals significant correlations between attentional (x,y) position decoded
across the lower frequency bands (6 & © (corr. coef. 0.641, p < 0.001),
© & «a (corr. coef. 0.654, p < 0.001)) as well as across the higher fre-
quency bands (mid y & high y (corr. coef. 0.551, p <0.001), mid y &
full LFP (corr. coef. 0.733, p < 0.001), high y & full LFP (corr. coef.
0.8653, p < 0.001)). Overall, this indicates some level of dependency in
attention-related information within these groups of frequency bands.

For both MUA and LFP signals, decoding is significantly more re-
liable on hit trials than on misses at all window sizes (e.g. window
size = 1200 ms, MUA: Fig. 2A, blue, mean = 77%, s.e. = 2.1% vs. red,
mean = 67%, s.e. =2.4%; LFP: Fig. 2B, blue, mean = 71%, s.e. = 2.1% vs.
red, mean = 61%, s.e. = 2.4%, Fig. 2, Wilcoxon rank sum test, p < 0.05).
This holds true for all LFP frequency bands, although impact of negative
trial outcome is stronger on higher LFP frequency bands as compared to
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lower (Fig. 2C, supplementary figure S4A). Overall, this supports that
spatial attention is miss allocated during miss trials (Astrand et al., 2016;
Gaillard et al., 2020), subsequently interfering with perception (Astrand
et al., 2020).

3.2. The decoded (x,y) attentional spotlight predicts behavior

In order to validate attentional decoding procedure, correlations be-
tween decoded positions and subjects’ behavioral performances were
investigated. In the following, attention to target distance is defined,
in each trial, as the distance between expected target location and the
corresponding decoded (x,y) attentional spotlight, 150 ms before target
onset. This distance parameter is then correlated to a behavioral perfor-
mance calculated as the percentage of hits over hit+miss trials. For all
signal types, we observe that monkeys produce more hits when their at-
tentional spotlight is deployed closer to target location. Specifically, we
demonstrate a significant linear correlation between the distance of de-
coded attentional spotlight to target and the hit rate, when using MUA
based decoding (Fig. 3A. linear regression: r* = 0.48, F = 86, p-value
< 0.005) as well as when using LFP based decoding (Fig. 3.B linear
regression: 12 = 0.65, F = 174, p-value < 0.005). This observation is re-
produced on reaction times, such that, reaction times are significantly
shorter when the MUA-based attentional spotlight is closer to the target
(supplementary figure S6A). This also hold true to the LFP-based atten-
tional spotlight (supplementary figure S6B). This indicates that similarly
to MUAs, LFPs spatial attention information predicts behavior.

In order to better understand which frequency bands held the most
reliable spatial information, the above described correlation analysis
is reproduced for each independent functional LFP frequency band
(Fig. 3C). Overall, correlations are weak for the lower frequency bands
and increase for the higher frequency ranges (Fig. 4C: é: r% = 0.18,
F = 0.0, p-value < 0.005/ 6: r?> = 0.13, F = 0.0, p-value < 0.005/ a:
r2 = 0.26, F = 0.0, p-value < 0.005 / low g: r2 = 0.13, F = 0.0, p-value
< 0.005/ high g: 12 = 0.17, F = 0.0, p-value < 0.005/ low y: r2 = 0.29,
F = 0.0, p-value < 0.005 / mid y: r2 = 0.42, F = 0.0, p-value < 0.005 /
high y: 12 = 0.40, F = 59.3, p-value < 0.005).

These analyses bring about two important observations. First, spa-
tial attention LFP-based decoding correlates with behavior to the same
extent as MUA-based decoding. Second, this is mostly due to the gamma
frequency LFP power content.

3.3. Optimizing (x,y) access to attentional spotlight using a two-step
decoding procedure

From the above correlation between decoded attentional spotlight
distance to expected target location and hit rate, we observe that for
a proportion of hit trials, the decoded (x,y) attentional spotlight is es-
timated close to the expected target location, while for the rest of the
trials, the decoded attentional spotlight is estimated far away from the
expected target (Fig. 4A). Based on the observation that decoded loca-
tion accounts for behavior, we reasoned that when training our decoder
on hit trials, we are actually training it on suboptimal conditions, pre-
senting it with both trials in which attention is close to the expected tar-
get location, and trials in which attention is farther away. We thus here
define two different categories of trials: HighContent trials (Fig. 4A),
defined by decoded attentional spotlight to expected target distance in-
ferior to 7° and LowContent trials (Fig. 4A), defined by decoded atten-
tional spotlight to expected target distance superior to 7° Please note
that this nomenclature does not assume in any way that the decoder is
fully capturing all attention-related information. Rather it is assuming
that this information is, on some trials, better captured than on oth-
ers. Supplementary figures S1 and S2 represent, for all trials, as well as
for HighContent and LowContent sub-trial categories, average neuronal
responses (figure S1) and average time frequency spectra (figure S2),
for the preferred and non-preferred positions, aligned to cue and target
presentation, across the 5 most responsive channels of each recording
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Fig. 3. Correlation between behavioral performances & distance between the attentional spotlight and the target location estimated from (A) multi-unit activity
(MUA), (B) local field potentials (LFP), on all frequency power content or (C) as a function of specific frequency ranges ((§ (0-4 Hz), 0 (4-8 Hz), « (8-12 Hz), low #
(12-20 Hz), high g (20-30 Hz), low y (30-60 Hz), mid y (60-120 Hz), high y (120-250 Hz)). Blue dots: binned data points; black line: best linear fit; gray shaded
area: 95% C.I. F and p-values are indicated in the main text. Behavioral performance, y-axis: ratio between hit and hit+miss trials in%. Distance between the decoded
attentional spotlight (AS) and actual target presentation location, x-axis: normalized distance. (M1: 10 sessions, M2: 9 sessions).

session. The decoder captures the difference in population information
content between these two categories of trials from both MUAs and LFPs.

In a first analysis, all decoders are trained on exclusively HighCon-
tent trials. As predicted by the rationale behind dividing trials on High-
Content and LowContent attentional trials, testing the decoder on vary-
ing proportions of HighContent trials relative to LowContent trials criti-
cally impacts spatial attention decoding performance. Using 100% High-
Content trials testing set from MUA signal leads to an average increase
in decoding of 27% (s.e. = 0.8%) between 10 ms to 600 ms pre-target
averaging window sizes and an average increase of 18.7% (s.e. = 0.3%)
between 600 ms to 1200 ms pre-target (Fig. 4B, Wilcoxon rank sum
test, p-value < 0.05) relative to a regular decoding procedure involving
only step one. Using 100% HighContent trials testing set from LFP sig-
nal leads to an average increase in decoding of 34% (s.e. = 0.9%) and
25% (s.e. = 0.7%), respectively for the short and long pre-target aver-
aging window sizes (Fig. 4B, Wilcoxon rank sum test, p-value < 0.05).
This effect was particularly striking for smaller window sizes. A signif-
icant increase of performances with respect to a randomly distributed
dataset is observed for a minimum threshold of 70% of HighContent
trials in the MUA testing set and 50% in the LFP testing set (Fig. 4B,
Wilcoxon rank sum test, p-value < 0.05). In addition, and in contrast
with what is described in Fig. 2, decoding accuracy increment is most
marked for shorter than for longer time intervals. Overall, the higher
the HighContent testing trials rate, the higher the gain in attention clas-
sification performance. In contrast, the higher the LowContent testing
trials rate, the higher the loss in overall spatial attention decoding per-
formance. A testing set of 100% LowContent trials leads to a drastic
reduction of decoding performance compared to a randomly distributed
testing set both for MUA signals (Fig. 4B, —13% (s.e. = 0.4%) between
10 ms to 600 ms and —16% (s.e. = 0.1%) between 600 ms to 1200 ms,
Wilcoxon rank sum test, p-value < 0.05) and LFP signals (Fig. 4B, —10%
(s.e. = 0.8%) and —12% (s.e. = 0.6%), Wilcoxon rank sum test, p-value
< 0.05). A significant decrease in spatial attention decoding accuracy as
compared to a random training dataset is observed for MUA (resp. LFP)
testing sets starting from 80% or more LowContent trials (resp. 90%,
Fig. 4B, Wilcoxon rank sum test, p-value < 0.05). Thus, LowContent tri-
als are detrimental to spatial attention decoding accuracy. Importantly,
the positive effect of HighContent testing trials on decoding performance
is more marked for LFP signals than MUA signals (Wilcoxon rank sum
test, p-value < 0.005). Moreover, LFP signals are less impacted by the
lower ratios of HighContent trials over LowContent trials than MUA
signals - thus resulting in a lower decrease in decoding performance
(Wilcoxon rank sum test, p-value < 0.005). In other words, while the
two-step decoding improves attention decoding accuracies, this impact
is more pronounced on LFP signals than on MUAs.

In order to assess the impact of the proportion of HighContent trials
relative to LowContent trials in the training set, we further estimated,
for neuronal activities averaged over 150 ms prior to target presen-
tation, the decoding accuracies obtained for varying HighContent vs.
LowContent trials in both the training and testing sets (supplementary
figure S7). Overall, both ratios were critical to optimal decoding per-
formance. However, confirming the logic of the proposed two-step de-
coding, overall decoding accuracies are highest (figures S7AC) and sig-
nificantly above the standard decoding accuracies (figures S7BD), for
both MUA and LFP signals, when HighContent trial proportion is high
in both the training and testing sets. In mirror to this, overall decoding
accuracies are lowest and significantly below the standard decoding ac-
curacies when LowContent trial proportion is high in both the training
and testing sets (figure S7).In particular, when training is performed ex-
clusively onto LowContent trials, no information can be recovered from
novel testing trials, including when testing is performed on HighCon-
tent trials, most probably due to the fact that on LowContent training
trial sets, decoded attention location is uncorrelated with cue instruc-
tion. As a result, no learning can take place. Overall, this confirms that
prior selection of a spatial information rich training dataset is crucial to
optimize access to prefrontal attentional encoding and further improve
classification performances on remaining trials.

Functional validity of this two-step decoding procedure implies that
exclusive training on HighContent trials, whether in MUA or LFP sig-
nals, maximizes the correlation between the decoded attentional spot-
light to expected target distance and behavioral performance (Astrand
et al., 2016). We thus trained a decoder using only HighContent tri-
als and tested it on misses and remaining HighContent trials (50% of
hit testing trials) and LowContent trials (50% of hit testing trials) to
simulate a balanced proportion of hit trials categories and misses. As
expected, HighContent trials based decoding increases the linear rela-
tionship between attentional spotlight to target distance and behavioral
performance. Specifically, in the MUAs, r? value increased from 0.48
(Fig. 3A linear regression: r? = 0.48, F = 85.8912, p-value < 0.05) to
0.91 (Fig. 4C, linear regression: r2 = 0.91, F = 962, p-value < 0.005), and
correlation slope becomes markedly more steep (Fig. 4C, linear regres-
sion: a = —0.3, vs. Fig. 3A linear regression: a = —0.12). In the LFPs, 12
values increase from 0.65 (Fig. 3B linear regression: r2 = 0.65, F = 174,
p-value < 0.005) to 0.86 (Fig. 4D linear regression: r> = 0.86, F = 569,
p-value < 0.005), and correlation slope also becomes steeper (Fig. 4D
linear regression: a = 0.27, vs. Fig. 3B linear regression: a = 0.10). Over-
all, this thus confirms the functional validity of this two-step decoding
procedure, both for MUA-based decoding of spatial attention, as well as
for LFP-based decoding of spatial attention. Crucially, we demonstrate
that using spatial information enriched trials (i.e. HighContent trials)
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Fig. 4. Two-step decoding procedure im-
proves correlation between behavioral per-
formance & distance between the attentional
spotlight and the target location. (A) Following
the first decoding step, hit trials can be subdi-
vided into HighContent and LowContent trials
based on how close decoded attentional spot-
light is to the actual target location (mid panel).
HighContent trials consistently fall in the cued
quadrant (left panel) while LowContent trials
don’t. Note that the tendency of decoded at-
tention to over-explore the center of the screen
on LowContent trials can be attributed to the
fact that attention is dynamic and globally has
a higher probability to sample the portion of
the screen lying more central to the expected
target location rather than more peripheral. Al-
ternatively, this can be due to the fact that at-
tention is not properly focused in a spotlight
fashion. (B-C) Following the second decoding
step, the higher the proportion of HighContent
trials in the testing set, the higher the atten-
tion decoding accuracy on novel trials. This
improvement in attention decoding accuracy
is more marked when decoding from LFP sig-
nals (C) than from MUA signals (B) (HighCon-
tent trials (HighC.); LowContent trials (LowC.);
Shaded gray are: no significant difference in
performance as assessed by Wilcoxon rank sum
test; Shaded black are: time intervals excluded
due to absence of HighContent trials for 5 ses-
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allows to better account for the relationship between observed behavior
and the (x,y) decoded attentional spotlight.

4, Discussion

In this manuscript we report for the first time high decoding accuracy
of the (x,y) location of the attentional spotlight based on prefrontal LFP
signals, to a comparable degree to that achieved from MUA signals. We
show that both decoded information (MUA and LFP signals) are predic-
tive of behavioral content and that LFP attention-related information is
maximal in the gamma band. In addition, we show that selecting max-
imally attention-informative trials (HighContent trials) during the de-
coding procedure strongly improves the correlation between our MUA
and LFP based decoding and behavioral performance, thus further re-

fining the functional relevance of this decoding of the (x,y) locus of the
attentional spotlight. This improvement is more marked for LFP signals
than for MUA signals. In the following, these findings are discussed in
the light of the current literature.

4.1. Decoding attentional information from LFP signals

The neural bases of spatial attention in the prefrontal cortex have
been extensively studied based both on neuronal spiking activity,
local field potentials and interferential studies (Ibos et al., 2013;
Buschman and Miller, 2007; Wardak et al., 2006). In recent years,
this accumulated knowledge has set the grounds for real time decod-
ing of attention both from invasively recorded spiking activity (Astrand
et al., 2014a, 2016, 2020; Farbod Kia et al., 2011; Gaillard et al., 2020;
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Tremblay et al., 2015) and non-invasive brain signals (Andersson et al.,
2011, 2012; Thiery et al., 2016; van Gerven and Jensen, 2009). At-
tentional decoding methods from MUA signal have made substantial
progress, moving from the classification of attention into subspace sec-
tors to the actual decoding of the (x,y) position of the attentional spot-
light (Astrand et al., 2016; Tremblay et al., 2015). However, progress
has been much slower in the decoding of attention from non-invasive
MRI or EEG signals. Decoding of attention from LFP signals and develop-
ing novel decoding strategies on this type of signals can be considered as
an intermediate step towards improving the decoding of attention from
less invasive signals.

To our knowledge, only one study to date has addressed the decoding
of spatial attention from prefrontal LFP, based on a four spatial quad-
rant classification approach (Tremblay et al., 2015). Here, we report,
for the first time the real-time tracking of the (x,y) attentional spot-
light locus from prefrontal LFPs. Crucially, we show that the extracted
(x,y) locus of the attentional spotlight is highly predictive of the behav-
ioral performance, such that the closer the attentional spotlight to the
target presentation location, the higher the correct detection rate. In
contrast, the further away the attentional spotlight to the target presen-
tation location, the higher the miss rate. This is important in two ways.
First, this result validates the behavioral relevance of the decoding pro-
cedure, describing a direct behavioral relationship between where the
decoded attentional spotlight is in space relative to where the target is
presented and the detection rate of the subject. Second, this indicates
that very much like has been described from MUA-based attentional
spotlight tracking, the LFP-based attentional spotlight is highly dynamic
and explores space even when cued towards a specific location. Indeed,
the LFP-based decoded attentional spotlight is not anchored at the ex-
pected target location following cue presentation, but can be more or
less close to this task-relevant location, in spite of the fact that behav-
ioral performance is enhanced when the attentional spotlight is closest
to the cued location.

As previously described by Tremblay et al. (2015), we confirm that
attention-related information is maximal in the LFP gamma frequency
band (above 30 Hz, and maximally between 60 and 120 Hz). Attention-
related information can still be extracted above chance in lower LFP
frequency bands, though at much lower accuracies. These results are
in agreement with the contribution of gamma frequency bands to at-
tentional processes. Indeed, in V1, attention is shown to selectively de-
crease LFP gamma synchronization as well as gamma spike field coher-
ence, in the low gamma band (Chalk et al., 2010). In contrast, attention
orientation enhances low gamma synchronization and perception in V4
(Fries et al., 2001), and enhances low gamma band oscillatory coupling
between the FEF and V4 (Gregoriou et al., 2009). This indicates that
gamma mechanisms are different across cortical areas. Within the FEF,
a strong phase-amplitude coupling is observed in the LFP theta content
and the low gamma band during attention orientation (Fiebelkorn et al.,
2018). Most of these studies highlight the long range functional role
of low gamma band. Only few studies have addressed the distinctive
functional contribution of low gamma band (< 60 Hz) relative to higher
gamma band LFP content (mid and high gamma in our analyses). Several
hypotheses are proposed to address the function of these high gamma
rhythms in attentional process. Recording from the somatosensory cor-
tex, Ray et al. (2008) elegantly show that high-gamma power in the LFP
strongly correlates with the average spiking firing rate, both in time and
on a trial-by-trial basis. In contrast, the correlation between firing rate
and low-gamma power (40-60 Hz) is much smaller. Using a modelling
approach, the authors show that high-gamma power is more sensitive to
changes in spiking rate than to changes in neuronal synchrony. More re-
cently, Leszczynski et al. (2020) show that, in primary visual cortex V1
and primary auditory cortex Al, high gamma can be divided into two
independent components, a deep and a superficial component, only the
former being strongly associated with MUA activity. This thus suggests
that the second component reflects dendritic processes that are disso-
ciable from local neuronal firing. This most probably accounts for the
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fact that the attention decoding accuracies from the mid gamma band
power is indistinguishable from the decoding accuracies from average
LFP frequencies. Interestingly, attention-related information can still be
extracted above chance in lower or higher LFP frequency bands, though
at lower accuracies. Therefore, from a methodological point of view,
there is no benefit in decoding attention-related information from spe-
cific independent frequency bands. Indeed, average power LFP decod-
ing accuracy is higher or equal to gamma specific LFP power. Overall,
this result suggests that attention related information is not fully re-
dundant across frequency and stresses the notion of functional rhythms
(Fries, 2015; Gaillard et al., 2020).

The correlation between decoding and behavior is further enhanced
using the two-step decoding procedure that we introduce here and that is
discussed below. This latter point is crucial for neurofeedback and cog-
nitive brain-machine interfaces (Andersen et al., 2010; Astrand et al.,
2014b; Enriquez-Geppert et al., 2017; Jiang et al., 2017; Ordikhani-
Seyedlar et al., 2016), where one wants to work with information of
maximal behavioral relevance. Interestingly, Salari et al. (2014) demon-
strate a modulation of perception by a neurofeedback manipulation
based on EEG gamma power. This is possibly in agreement with our
observation that gamma frequency contains high attention-related in-
formation. However, these studies are based on direct modulation of
surface gamma power, independently from behavioral performance or
a global extraction of attentional spotlight locus. Our approach allows to
track the dynamic attentional spotlight with a high temporal resolution
(down to 30 ms). We expect this type of approach to provide subjects
with more informative and reliable neurofeedback to work on.

4.2. Comparing to EEG studies

Several studies both in humans and non-human primates report
access to a two or a four quadrant classification of subject’s atten-
tion location while performing a simple cognitive task with eyes fixed
(Andersson et al., 2011; Astrand et al., 2014a, 2014b; Rotermund et al.,
2013; Tremblay et al., 2015; Zhang et al., 2011). Brain activity decod-
ing approaches have been applied to numerous signal types, ranging
from EEG (Morioka et al., 2014; O’Sullivan et al., 2015; Treder et al.,
2011; van Gerven and Jensen, 2009) to ECoG (Gunduz et al., 2012)
and fMRI (Andersson et al., 2012, 2011). In particular, the EEG litera-
ture, has followed two distinct approaches at decoding visuospatial at-
tention. The first one is based on the decoding of occipito-parietal ERP
amplitude in the presence or absence of attention. This has led to the
development of such tools as the P300 Speller tool as well as to the
exploration of the temporal dynamics or goal-relevant representations
(Hubbard et al., 2019). It is important to note that this approach does
not allow to track covert attention stricto sensu, as it relies on the inter-
pretation of the modulation of the response to a visual probe, which can
be attended or not attended. The second approach is based on an actual
tracking of covert attention, mostly based on the topographical organi-
zation of the power of the occipito-parietal alpha band (Samaha et al.,
2016). Desantis et al. (2020), additionally show that alpha power is
more associated with the orientation of covert attention in space, while
raw EEG activity is more associated with the influence of attention on
perception. Likewise (Bae and Luck, 2018) show that alpha band oscil-
lations primarily carry information about spatial attention orientation,
while sustained potentials carry information about the information held
in working memory.

Most of these EEG studies rely on occipito-parietal alpha. In mon-
keys, converging evidence suggest that the prefrontal cortex (PFC), and
specifically the frontal eye fields (FEF) is at the origin of attentional spot-
light control, gating neuronal activity in the parietal and occipital cor-
tex (Buschman and Miller, 2007; Ekstrom et al., 2008; Gregoriou et al.,
2009; Ibos et al., 2013; Wardak et al., 2006), the PFC controlling atten-
tional modulation of alpha and gamma oscillations in lower order corti-
cal regions (Fiebelkorn et al., 2018; Kerkoerle et al., 2014; Kienitz et al.,
2018). While accessing precise attention-related information from the
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prefrontal cortex might remain challenging using EEG recordings, due
to the intrinsic properties of this methodology, targeting prefrontal at-
tention information actually has major advantages over decoding occip-
ital information. The first important advantage is, as described above,
the fact that PFC the source of attentional orientation signals. Attention-
related signal-to-noise ratio in that region is thus expected to be higher
than in down-stream regions. In addition, and actually related to the
previous point, occipital alpha power is not of unique origin, but should
be considered as a compound signal, arising from the influence of multi-
ple cortical (Gregoriou et al., 2009; Kerkoerle et al., 2014; Kienitz et al.,
2018) and subcortical sources (Saalmann et al., 2012). This difference
between prefrontal and occipital attention-related information is impor-
tant for decoding applications. It however becomes crucial in neurofeed-
back applications, whereby targeting prefrontal attentional processes
are expected to have a stronger behavioral influence than targeting com-
pound occipital processes.

4.3. Exploiting attention dynamics to improve real-time attention decoding
accuracies

There is a crucial need in the field of machine learning to develop
methods to isolate a small set of critical samples (referred to as represen-
tative dataset) that best describes an unknown process. Several recent
studies in the machine learning field report high increase in classifi-
cation performances using re-training procedures based on sub data-set
(Kitamura and Deible, 2020; Niu et al., 2020), as proposed here. Indeed,
it has been shown that huge training data libraries used to train decoders
to dissociate between multiple features, while allowing to avoid over-
fitting, may actually lead to under-fitting. In contrast, small specific sub-
sets of training data prevent under-fitting while not necessarily leading
to over-fitting if well designed. In addition, one important limitation
to huge training datasets is the cost of building such labelled libraries.
This cost turns out to be crucial when dealing with physiological data
of high intrinsic variability (as compared to dataset that can be labelled
automatically, such as pictures or words for instance). Recent studies re-
port that training dataset size can be compressed by up to 95% without
any drop in classification performance, by identifying “representative
samples” in the training dataset (i.e. high informational content trial)
(Ghadikolaei et al., 2019). This is very similar to the two-step decoding
procedure proposed here.

The fact that the attentional spotlight is extremely dynamic
(Gaillard et al., 2020) suggest that not all hit trials are equivalent. In-
deed, we observe that some hit trials take place when the attentional
spotlight is successfully located where the target appears and other hit
trials in contrast happen when attention is far away from target presen-
tation location. This has a direct impact on decoding performances. The
more space sampled, less stable the information in the neuronal popula-
tion, thus impairing resulting decoding performance. On the contrary, a
trial with less exploration and a more stable spotlight will lead to a sta-
ble neuronal information and more accurate decoding. Based on these
observations, we reasoned that training our classifier on all of these hit
trials is suboptimal as compared to training the classifier on hit trials in
which attention was properly oriented. We thus use a first decoding step
to identify such good trials (i.e., high attention-related information con-
tent or HighContent trials) and specifically use them to train the decoder
on a second decoding round. This significantly increases the attention
decoding accuracies. Several points need to be noted. First, as expected
from our initial hypothesis, the higher the proportion of HighContent
trials used for the training the higher the relative gain in decoding accu-
racies. Strikingly, for both MUA and LFP signals, decoding improvement
is higher when considering short time interval compared to longer time
window. This observation could be explained by the fact that the longer
the time window, the more attention is expected to explore the target
position, this both on HighContent and LowContent trials. Quite impor-
tantly, this increment in decoding accuracies was more marked for the
LFP decoding than for the MUA decoding. This possibly indicates that
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LFP signals multiplex attention related information with other sources
of information, contributing to LFP signal variability, and that are more
prevalent on LowContent than on HighContent trials. Last but not least,
this two-step decoding procedure drastically improves the correlation
between the (x,y) attentional spotlight real-time estimate and behavioral
performance, whether from MUA or LFP signals. In other words, the de-
coded attentional spotlight better explains behavior, both as assessed
from the strength of the correlation and from its slope. The real-time
performance of the decoder is impacted by two main factors: the neu-
ronal averaging window and the test time (usually less than 5 ms). In the
case of neurofeedback applications, an additional communication cost
between the processing hardware and the presentation hardware must
be added (typically in the range of 10 to 70 ms, depending on multiple
technical parameters). An important aspect of this two-step decoding is
that it doesn’t impact this real-time performance. Indeed, the first decod-
ing step needs to be performed after collecting a representative number
of trials (typically, 60 for 4 attention positions). The second decoding
step can be performed directly after this first step. These two steps are
very easily performed during an inter-trial interval that typically lasts
for 200 to 500 ms. In other words, the proposed two-step decoding en-
hances the attention decoding accuracy, with no impact on the real-time
performance of the decoder.

Overall, our work presents two major advances in the field of real-
time access to the attentional spotlight locus. First we demonstrate that
this spotlight location can be estimated from both MUA and LFP signals.
Second, we introduce a novel two-step decoding method that further
enhances the behavioral relevance of the decoded attentional spotlight.
Most crucially, our work illustrates the tremendous benefit of adapting
machine learning strategies to the specific functional properties of the
cognitive function under study.
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