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Prefrontal cortex (PFC) asymmetry is an important marker in affective neuroscience and

has attracted significant interest, having been associated with studies of motivation,

eating behavior, empathy, risk propensity, and clinical depression. The data presented

in this paper are the result of three different experiments using PFC asymmetry

neurofeedback (NF) as a Brain-Computer Interface (BCI) paradigm, rather than a

therapeutic mechanism aiming at long-term effects, using functional near-infrared

spectroscopy (fNIRS) which is known to be particularly well-suited to the study of PFC

asymmetry and is less sensitive to artifacts. From an experimental perspective the

BCI context brings more emphasis on individual subjects’ baselines, successful and

sustained activation during epochs, and minimal training. The subject pool is also drawn

from the general population, with less bias toward specific behavioral patterns, and no

inclusion of any patient data. We accompany our datasets with a detailed description of

data formats, experiment and protocol designs, as well as analysis of the individualized

metrics for definitions of success scores based on baseline thresholds as well as

reference tasks. The work presented in this paper is the result of several experiments

in the domain of BCI where participants are interacting with continuous visual feedback

following a real-time NF paradigm, arising from our long-standing research in the field of

affective computing. We offer the community access to our fNIRS datasets from these

experiments. We specifically provide data drawn from our empirical studies in the field

of affective interactions with computer-generated narratives as well as interfacing with

algorithms, such as heuristic search, which all provide a mechanism to improve the ability

of the participants to engage in active BCI due to their realistic visual feedback. Beyond

providing details of the methodologies used where participants received real-time NF

of left-asymmetric increase in activation in their dorsolateral prefrontal cortex (DLPFC),

we re-establish the need for carefully designing protocols to ensure the benefits of NF

paradigm in BCI are enhanced by the ability of the real-time visual feedback to adapt to

the individual responses of the participants. Individualized feedback is paramount to the

success of NF in BCIs.

Keywords: functional near infrared spectroscopy (fNIRS), PFC asymmetry, visual feedback (VF), neurofeedback

(NF), dataset

https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://www.frontiersin.org/journals/neuroscience#editorial-board
https://doi.org/10.3389/fnins.2020.601402
http://crossmark.crossref.org/dialog/?doi=10.3389/fnins.2020.601402&domain=pdf&date_stamp=2020-12-18
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org
https://www.frontiersin.org/journals/neuroscience#articles
https://creativecommons.org/licenses/by/4.0/
mailto:fcharles@bournemouth.ac.uk
mailto:m.cavazza@greenwich.ac.uk
https://doi.org/10.3389/fnins.2020.601402
https://www.frontiersin.org/articles/10.3389/fnins.2020.601402/full
















Charles et al. PFC Asymmetry BCI

FIGURE 9 | Experimental setup for the HEU experiment (see Figure 1 [HEU] for overall visual feedback setup). A* represent is artificial intelligence search algorithm.

FIGURE 10 | Protocol design for the HEU experiment.

3.4. Motivational BCI—[HEU]
3.4.1. Subjects
This experiment (Cavazza et al., 2017) was conducted with eleven
adults (three females; mean age = 37.18 years, SD = 11.21,
range= [20; 52]) who were right-handed, reported no treatment
history for psychiatric conditions and provided written consent
prior to participation. Subjects were seated in a dimly-lit room
in a comfortable chair to minimize movements, with the fNIRS
probe positioned over their forehead and covered with non-
transparent fabric to prevent ambient light reaching the sensors.

3.4.2. Protocol
HbO values were averaged over the four leftmost and the
four rightmost channels (located over the left and right
dorsolateral prefrontal cortex, respectively). Average right HbO
was subtracted from average left HbO to derive a simple, real-
time prefrontal asymmetry score rejecting differential changes
in oxygenation. We developed bespoke experimental software
for generating real-time feedback and interfacing with the
WA* algorithm (Figure 9). Response time is an important

component of NF systems; however, (Zotev et al., 2016)
reported successful fMRI-based NF despite the ∼7 s delay
of the BOLD signal. Since delay using fNIRS is comparable,
we sought inspiration from the experimental protocol of
(Zotev et al., 2016). The overall protocol design for the
experiment is described in Cavazza et al. (2017) and in
Figure 10.

3.4.3. Results
Out of all 66 blocks completed by the eleven subjects, 38 (58%)
contained an NF epoch with statistically significant left-side
asymmetry; these blocks were considered successful. Each subject
had at least one successful block, and eight subjects (73%) had
at least three successful blocks (i.e., half of blocks successful).
No subject achieved NF success on all six blocks. Since fNIRS
signals are relative values, it can be difficult to compare them
across subjects (Sakatani et al., 2013); moreover, the magnitude
of oxygenation changes can also differ substantially across blocks
within the same subject (Figure 11). Our mapping strategy was
designed to mitigate the issue of comparability.
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FIGURE 11 | Results from the post-hoc analysis of the HEU experiment, illustrating the dynamics of PFC asymmetry over the whole experiment for successful blocks

(Left) and unsuccessful blocks (Right) successful blocks demonstrates a significant increase of the left-side oxygenation compared to unsuccessful blocks.

4. DATA FORMATS AND DATASETS

4.1. Data Formats
The benefits of offering datasets to the BCI community must
allow for the data to be easily manageable by all, which
includes requirements, such as the ability to process the data
with a wide range of modern software, in our case this
includes Matlab or R, and also the ability to account for latest
offerings in terms of programming languages, such as Python
or Julia.

Other initiatives have supported the exchange of NIRS
data, for instance the Shared Near Infrared Spectroscopy
Format (SNIRF)4, developed by the Society for functional
Near Infrared Spectroscopy. In an effort to facilitate the
sharing of NIRS data, they have developed the Shared
Near Infrared Spectroscopy Format (SNIRF). It follows a
hierarchical data format—HDF5 which is a general purpose,
machine-independent standard for storing scientific data in
files, developed by the National Center for Supercomputing
Applications (NCSA). As well as SNIRF, they have also
developed two other text-based alternatives for platforms
that do not support HDF5—JNIRS and BNIRS which
are JSON and binary JSON files with the forementioned
file extensions.

We have opted for a more portable and lightweight
alternative to HDF5: JSON. To facilitate access to our
data, we also provide binary data files for the most
commonly used scientific languages—R, MATLAB,
Python and Julia. The binary data allows for instant
access to the data without the prerequisite of being
familiar with HDF5 or JSON and acquainted with the
necessary libraries that are needed to load the data in any
given environment.

4https://github.com/fangq/snirf/blob/master/snirf_specification.md

Unlike SNIRF, which follows a generic filing-like hierarchical
data structure, we have taken an object-oriented approach to
structuring our data. This approach is self-contained and is
descriptive of our experiments as we have objects that define a
subject, an experimental block and an epoch (Figure 12). This
approach facilitates the understanding and possible analysis of
the data, as we have included as many properties as needed for
ease of use and to accurately depict our experiments, such as a
Boolean value property which indicates whether an experimental
block was characterized as successful or not, the unfiltered HbO
values for each channel used and the filtered asymmetry scores
used during the NF epoch—and many more.

Our intention was to provide datasets ready for use, i.e.,
requiring minimum data wrangling prior to analysis. Though
SNIRF provides a generic mechanism to share NIRS data, one
would still need to extract relevant information and restructure
the data depending on the intended data analysis. Our data
format also reflects the fact that we are sharing fNIRS data in a
NF context, and supports additional annotations typical of NF
on top of RoI signal dynamics (in this case, PFC activity).

Thus, we decided to provide our datasets in multiple file
formats so as to expand the usability of our datasets across
software and languages—we therefore provide our data as files
for MatLab (file extension .mat), R (file extension .RData), JSON
(file extension .json), Pickle (file extension .pckl), and Julia (file
extension .jld).

In this section, we provide details of the overall structure of the
datasets, as well as highlighting detailing specificities, in order to
make them as accessible as possible for further processing and
analysis using programming languages Python or Julia, or from
recognized data processing and analysis packages, such as Matlab
and R. We first present generic data which are common to all our
experiments, then we provide details about the specific Subjects
data, as well as Blocks and Epochs, and finishing with a short
discussion on Time Series (see framework and structural datasets
details in Figure 12, as well as a summary of both the experiments
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FIGURE 12 | Diagram providing details of the structure of the overall datasets. The only difference in structures are shown in the blocks data, where (a) is specific to

both [ANG] and [RAP] experiments, whilst (b) is specific to the [HEU] experiment.
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TABLE 1 | Comparison table of overall protocol and analysis settings for the three experiments.

Experiment HEU ANG RAP

Threshold 0 Dynamic (M + 1.28*SD) Dynamic (M + 1.28*SD)

Maximum 1.1 (fixed) Dynamic (min + range) Dynamic (min + range)

Practice 3 blocks 2 blocks 1 block

N blocks 6 6 8

Baseline task Rest Rest Rest

Reference epoch No Yes Yes

Test Parametric Parametric Bootstrapping

Success test Real-time Real-time Post-hoc

Filtering No No Yes (FIR, SMAR, detrending)

Success measure r d r

Delay treatment Remove 7 s Remove 7 s Windowing

Effective NF epoch length 33 s 15 s (+15 s reference task) 40 s (+40 s reference task)

N subjects 11 11 17

Block success 58% 58% 58%

Subject success 73% 73% 70%

TABLE 2 | Comparison table of participants’ demographic information for the

three experiments.

Experiment HEU ANG RAP

N subjects 11 11 17

N female subjects 3 5 8

Mean age 37.18 33.55 35.11

SD age 11.21 11.53 11.25

Range [20; 52] [24; 59] [21; 60]

settings in Table 1 and participants’ demographic information in
Table 2).

4.2. Generic Data
4.2.1. Sampling Rate and Number of Channels
By default, our fNIR system records two wavelengths and dark
current for each 16 optodes, totalling 48 measurements for
each sampling period. Although the sampling rate of the latest
generation systems can be up to 10 Hz, our experiments were
recorded at 2Hz sampling rate (Sampling_rate). Although the
fNIR system provides full data for all 16 optodes, as we only
consider data for the calculation of the asymmetry scores, we
here provide HbO data for eight optodes (Number_of_channels).
Asymmetry calculations are derived from the four leftmost and
four rightmost optodes, as a difference of Left minus Right (see
Figures 2B,C).

4.2.2. Asymmetry Data and Filtering
The asymmetry data (Asymmetry_data) calculated in real-time
during the experiments is provided in the datasets as a tensor
in the following format (subject, time, blocks). This subset
constitutes the asymmetry data for all subjects and all blocks
in the experiment considered. Each epoch within has been
resampled and the data has been filtered using FIR filter
kernel (Filter_kernel) applied as a low-pass filter to each raw
channel data.

4.2.3. Time and Blocks
All data provided includes timestamps in the form of a
normalized time vector (Time) which is the temporal reference
for all data in the experimental blocks considered. As described
in detail for each protocol design in the previous section, we
also record the number of experimental blocks for each subject
(Number_of_blocks). These individual subject blocks also include
the practice blocks. Practice blocks were actual blocks, as per
the experimental design, used as a prior task for the subjects to
acquaint themselves with the task which was expected from them.
Subjects were not directly influenced by the experimenter during
these blocks, but were given the opportunity to discover what the
realtime system consisted of, overall. Although, practice blocks
were also logged in our original data, we do not include them
here, since they were not part of our original analysis.

4.2.4. Markers
All our experiments include the very important markers data
(Markers), which has been set consistently across our three
experiments. It is provided as a collection of marker IDs, which
include the “num,” being the marker number used to label the
time series, as well as a “description” providing details of the
epoch they refer to (e.g., 54 is “NF epoch”). These marker IDs are
generated during the experiments so as to facilitate the extraction
of the blocks from the raw data for the post-analysis. Marker
data (Marker) is provided as a vector of the markers for each
data point, so as to be able to label individual data points with
the allocated reference marker, which then provides the details of
which epoch they refer to.

4.3. Subjects
The all-important data recorded per subject is being made
available on a per subject basis. For each subject we provide
a reference (id) which is the subject’s unique identifier. This
identifier was generated following the convention “MDDN,”
where M is the number of the month of the day the experiment
took place, DD is the day of the experiment, and N is the subject
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order on the day of the experiment—(i.e., 3,241 is the 1st subject
to take part in the experiment on the 24th of March. This method
of anonymizing the subjects’ details were deemed sufficient to
be able to retrieve the subject’s data if they had decided, at
any point, to retract their data from the experiment analysis.
(Channel_data) is a tensor in the format (channel, time, blocks)
containing the channels for all blocks. Each epoch within has
been resampled and the data has been filtered. The asymmetry
information provided (Asymmetry_data) is amatrix in the format
(time x blocks) containing the asymmetry data for all blocks.
Each epoch within has been resampled and the data has been
filtered. As expected from any data information, time stamps are
also provided for each data entry (Time), which is a normalized
time vector providing temporal labeling for the “Channel data”
and “Asymmetry data” time series. Then, as presented previously,
we also include marker data (Marker) as a vector of markers
for segmenting the “Channel data” and “Asymmetry data” time
series. And finally, (Blocks) is a collection of all blocks data. This
is presented in the next section.

4.4. Blocks
Blocks are characterized by their identifier (Block_number) which
describes the order of the block (starting at zero). We define
a boolean variable (Success) indicating whether the block was
successful based on the actual success criteria defined for the
considered experiment (refer to the above sections for details of
the definition of the success criteria). (Whole_block) is a variable
which contains the data for the whole block (details are provided
in the next section on Epochs). As we have presented in the
details of the experiments above, the two important epochs are
provided here as View (View_epoch), being a variable which
provides the details of the View epoch data only, after having
been segmented from the Whole_block, and the NF epoch data
(NF_epoch), being a variable which provides the details of the
NF epoch data only, after having been segmented from the
Whole_block. Contrary to the HEU experiment, in both the ANG
and RAP experiments, mapping is defined between the realtime
asymmetry value processed and the feedback value, which is
calculated on the basis of a [Min; Max] range—determined
in realtime from the reference View epoch. Thus these two
experiment datasets also include the following information for
each block:

• (Mapping_min) is the value calculated as the lower bound
value as: theMean of the View epoch + 1.28 standard deviation
of View epoch.

• (Mapping_max) is the value calculated as the upper bound
value as: the Mapping min value + range of the View epoch.

• (Mapping_feedback) is the actual NF signal value mapped to
the feedback.

4.5. Epochs
After having described the details of the actual structure of the
data presented in the blocks, we are providing details for the
epoch data points. We note that Whole_block, View_epoch, and

NF_epoch follow the same data structure. (Time) is the un-
normalized time vector containing the exact time each data point
was recorded during the experiment. This provides accurate
and detailed overview of the actual recordings and affords
possibilities for the potential further analysis. (Marker) is a vector
of markers allowing for the segmentation of time, HbO filtered
and unfiltered, Average left, Average right, and asymmetry values.
(HbO) provides a matrix of the low-pass filtered HbO channel
data in the format channel x time. (HbO_unfiltered) provides
the same matrix format for the unfiltered HbO channel data.
(Average_left) is the average value of the four leftmost optodes.
(Average_right) is the average value of the four rightmost optodes.
And finally, (Asymmetry) is the actual asymmetry value generated
as the difference of Average_left and Average_right.

4.6. Time Series Discussion
The ANG dataset differentiates between approach and valence,
albeit not perfectly, and could be used to experiment whether
differences of magnitude take place by removing the valence
component. In the HEU dataset, NF success above baseline
is used primarily as a trigger so could be of interest on
comparative study of NF dynamics but perhaps less onNF epoch-
based validation. The RAP dataset is closer to previous EEG
experiments (Cavazza et al., 2014) and the one with perhaps
the most potential for confounding various aspects of PFC
asymmetry in terms of its dimensional interpretation (approach,
valence). On the other hand, it has some of the longest fNIRS
NF epochs (Kohl et al., 2020) and is a good candidate to study
signal dynamics.

5. CONCLUSIONS

We have described three datasets for fNIRS PFC asymmetry,
which correspond to one of the most investigated signals
in social and affective neuroscience and also one of the
main areas for fNIRS NF. Although the focus of our BCI
experiments were primarily on the motivational dimension, the
DLPFC signals can also be of interest to researchers requiring
comparative data when investigating cognitive workload or
other dimensions, such as valence. As these datasets cover
different NF variants, they should be valuable to investigate
signal dynamics across epochs of different lengths as well as
issues around baselining and reference epochs. Since they all
have been previously analyzed as part of various publications
(Aranyi et al., 2015b, 2016; Cavazza et al., 2017), they can also
support experiments with various statistical methods for post-
hoc epoch validation. We have endeavored to facilitate this
through the various formats we have embedded data into, which
should support various processing pipelines in data analysis or
machine learning.
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