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Brain-computer interfaces (BCIs) are being investigated as an access pathway

to communication for individuals with physical disabilities, as the technology

obviates the need for voluntary motor control. However, to date, minimal

research has investigated the use of BCIs for children. Traditional BCI

communication paradigms may be suboptimal given that children with

physical disabilities may face delays in cognitive development and acquisition

of literacy skills. Instead, in this study we explored emotional state as an

alternative access pathway to communication. We developed a pediatric

BCI to identify positive and negative emotional states from changes in

hemodynamic activity of the prefrontal cortex (PFC). To train and test the

BCI, 10 neurotypical children aged 8–14 underwent a series of emotion-

induction trials over four experimental sessions (one o	ine, three online) while

their brain activity was measured with functional near-infrared spectroscopy

(fNIRS). Visual neurofeedback was used to assist participants in regulating their

emotional states and modulating their hemodynamic activity in response to

the a�ective stimuli. Child-specific linear discriminant classifiers were trained

on cumulatively available data from previous sessions and adaptively updated

throughout each session. Average online valence classification exceeded

chance across participants by the last two online sessions (with 7 and 8 of

the 10 participants performing better than chance, respectively, in Sessions

3 and 4). There was a small significant positive correlation with online BCI

performance and age, suggesting older participants were more successful at

regulating their emotional state and/or brain activity. Variability was seen across

participants in regards to BCI performance, hemodynamic response, and

discriminatory features and channels. Retrospective o	ine analyses yielded

accuracies comparable to those reported in adult a�ective BCI studies using

fNIRS. A�ective fNIRS-BCIs appear to be feasible for school-aged children,

but to further gauge the practical potential of this type of BCI, replication

with more training sessions, larger sample sizes, and end-users with disabilities

is necessary.
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FIGURE 9

Trial-averaged hemodynamic response functions (1[HbO] and 1[Hb]) for P4 for Sessions 1 and 2. (A) 1[HbO] for Session 1, (B) 1[HbO] for

Session 2, (C) 1[Hb] for Session 1, and (D) 1[Hb] for Session 2. The response function for each channel is shown mapped according to its

position over the forehead. The lighter shade (green) indicates the average of all positive trials, and the darker shade (red) indicates the average

of all negative trials from the respective session.

3.3. O	ine cross-validated classification
results

In addition to the real-time, online classification accuracies,

10 iterations of 10-fold cross-validation were used to

evaluate BCI performance offline. The resulting average

classification accuracies can be found in Table 2. Thirty-eight

of the forty sessions exceeded the 95% confidence level

of chance of 65% (Müller-putz et al., 2008; Combrisson

and Jerbi, 2015). Thirty-five of the forty exceeded the

99% confidence level, and fifteen of the forty sessions

exceeded the 99.9% confidence level. The average offline

classification accuracies across all participants was 78.4%±7.8%,

77.4%±3.7%, 76.7%±9.5%, and 76.9%±7.7% for sessions

1–4, respectively.

4. Discussion

4.1. Feasibility of a pediatric fNIRS
a�ective BCI

The results of this study suggest that it is possible to

discriminate emotional valence from hemodynamic activity

in children based on a bimodal emotion-induction task. Out

of all 40 sessions, there were only two where chance level

classification accuracies were not achieved in an offline 10-fold

cross-validation analysis. Average cross-validated classification

accuracies for each participant across their four sessions ranged

from 70.0% to 85.3% (mean 77.3%±7.2%). This study is the

first, to the authors’ knowledge, to investigate an affective

BCI for children using fNIRS, and the classification accuracies

Frontiers inHumanNeuroscience 11 frontiersin.org
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FIGURE 10

Trial-averaged hemodynamic response functions (1[HbO]) for P2 for all four sessions. (A) 1[HbO] for Session 1, (B) 1[HbO] for Session 2, (C)

1[HbO] for Session 3, and (D) 1[HbO] for Session 4. The response function for each channel is shown mapped according to its position over the

forehead. The lighter shade (green) indicates the average of all positive trials, and the darker shade (red) indicates the average of all negative

trials from the respective session.

achieved in this study are similar to those reported in affective

fNIRS-based BCI studies conducted in adult populations. The

average cross-validated classification accuracies are comparable

to studies with analogous classification tasks (i.e., discriminating

positive and negative valence), such as Hosseini et al. (2011)

(mean accuracy 70.6%) and Moghimi et al. (2012) (mean

accuracy 71.9%). Tai and Chau (2009) and Trambaiolli et al.

(2018b) achieved higher classification accuracies (mean 84.6%

emotion vs. neutral, and 89.9% positive vs. neutral, 81.5%

negative vs. neutral, respectively), although the classification

task in these studies was between a presumably more distinct

set of classes—i.e., emotional vs. a neutral/rest state, rather

than positive vs. negative. Heger et al. (2014) reported lower

classification accuracies, but were investigating the multi-class

discrimination of emotional arousal in addition to valence.

The study results also suggest that emotion prediction in

children in real-time may also be feasible using an fNIRS-

BCI. Every participant in this study had at least one session

where they were able to exceed chance-level classification

accuracies with online emotion prediction, and 8 of the 10

participants exceeded chance level for two of their three online

sessions. A trend of improvement in performance across online

sessions was observed, which could be due to enhanced classifier

performance from an increasing amount of training data or

participants becoming more familiar with emotional regulation.

Limited related work has explored online, real-time classification

of emotional states using fNIRS in adults. In Trambaiolli

et al. (2018a), participants self-regulated their emotional state

using real-time BCI classification output as visual feedback,

and a median of 70% classification accuracy distinguishing
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FIGURE 11

Classification accuracies in excess of chance for online sessions,

grouped by age. There is a moderate significant positive

correlation between age and BCI performance (r = 0.63, p =

0.03).

positive emotional states from neutral was observed with

just over half of their participants achieving this benchmark.

Aranyi et al. mapped affective features in the fNIRS signal to

facial expressions of a virtual character in an affective BCI-

neurofeedback study, and observed that participants were able

to successfully regulate their hemodynamic activity at a success

rate of about 50% for positive (Aranyi et al., 2016) and 67% for

negative emotions (Aranyi et al., 2015).

The ability to differentiate positive and negative emotional

states from hemodynamic activity in a BCI suggests underlying

neurophysiological differences in the processing of emotional

valence. These differences have historically been attributed to

two functional neural systems—the approach system, which

primes an individual for approach, attachment or appetitive

behaviors, and the withdrawal system, which primes an

individual for avoidance, flight or defense (Davidson, 2002).

Stimuli that evoke negative emotions such as fear or anxiety

activate brain regions of the withdrawal system, facilitating

avoidance, while stimuli that produce positive emotions such as

happiness or excitement recruit the approach system, facilitating

advancement toward the rewarding stimulus (Davidson, 2002).

Differential lateral activation has been observed in the PFC,

with right PFC activation associated with unpleasant emotional

stimuli or the withdrawal system, and left PFC activation

associated with pleasant emotional stimuli or the approach

system (Davidson et al., 1990). This is known as the valence

asymmetry hypothesis and has been observed in activation of

the PFC through a variety of imaging modalities including EEG

(Davidson, 1992), fMRI (Canli et al., 1998; Herrington et al.,

2005), and fNIRS (Morinaga et al., 2007; Marumo et al., 2009;

Tuscan et al., 2013; Balconi et al., 2015).

In the current study, features of lateral asymmetry were

not found to be discriminatory for use in an online affective

BCI classification task. Despite the historical popularity of the

valence asymmetry hypothesis, there is also a large body of

work that has failed to support or found only partial support

for the hypothesis, observing overlap in lateral activation of

the PFC in response to positively and negatively valenced

stimuli (Herrmann et al., 2003; Lewis et al., 2007; Yang et al.,

2007; Colibazzi et al., 2010; Hoshi et al., 2011; Moghimi et al.,

2012). It is now more widely accepted that the approach-

withdrawal network may be driven more broadly by goal-

directed motivations rather than valence alone (Carver and

Harmon-Jones, 2009; Berkman and Lieberman, 2010). In this

hypothesis, approach/withdrawal behaviors can be stimulated

either by lower-level stimulus appraisal (i.e., the desire to

move away from something unpleasant, like a disgusting

smell) or higher-level, top-down goal pursuit (i.e., avoiding

a pleasant stimulus like the smell of freshly baked cookies

because it contradicts ones’ desire to lose weight) (Berkman

and Lieberman, 2010). Anger is an example of an emotion

that may have approach-related motivations despite being

negatively valent and has been found to follow asymmetrical

patterns of lateral activation in the PFC consistent with the

approach-withdrawal hypothesis (Carver and Harmon-Jones,

2009; Berkman and Lieberman, 2010). It is possible that in

the current study, had the emotion induction stimuli been

controlled for action (i.e., the desire to approach/withdraw)

rather than valence alone, better performance with the BCI

could have been achieved.

Alternatively, the ability to classify emotional states in real-

time could be a result of learning to self-modulate neural activity

in response to the provided visual neurofeedback (Sitaram

et al., 2017). Neurofeedback training has been investigated to

ameliorate particular behaviors or “rewire” certain pathological

networks, and has shown to produce lasting functional changes

in the brain using EEG (Thibault et al., 2016), fMRI (Paret

et al., 2019), and fNIRS (Kohl et al., 2020). fMRI neurofeedback

training for emotional regulation has been, in particular, quite

broadly researched and has been shown to promote successful

self-regulation of activation in the amygdala, anterior insula,

anterior cingulate cortex (ACC), and the PFC (Linhartová et al.,

2019). Neurofeedback training has also been shown to be feasible

in children, including work by Cohen Kadosh et al. where

children and adolescents were successfully able to upregulate

and downregulate activation in the amygdala using fMRI-based

neurofeedback, mitigating symptoms of anxiety (Cohen Kadosh

et al., 2016; Lipp and Cohen Kadosh, 2020; Zich et al., 2020).

In BCI studies, closed-loop neurofeedback training has been

used to help participants produce more reproducible brain
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TABLE 2 Average o	ine classification accuracies for all four sessions.

Participant

Session P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 Avg

1 74.3** 90.2*** 73.3** 74.2** 92.7*** 80.5*** 71.7** 82.8*** 71.0** 73.3** 78.4**

2 75.7** 80.5*** 78.2** 71.7** 78.8** 73.2** 80.0*** 74.3** 77.7** 83.8*** 77.4**

3 62.3 80.0*** 60.0 72.5** 91.3*** 83.3*** 78.5** 79.3** 81.2*** 78.7** 76.7**

4 69.2* 85.5*** 68.5* 78.5** 78.5** 79.2** 82.8*** 88.2*** 72.8** 65.3* 76.9**

Avg 70.4** 84.0*** 70.0** 74.2** 85.3*** 79.0** 78.3** 81.2*** 75.7** 75.3** 77.3**

Accuracies were calculated from 10 iterations of 10-fold cross validation. Accuracies exceeding the upper limit of the 95%, 99%, and 99.9% confidence intervals of chance are marked with

*, **, and ***, respectively.

activity and thus achieve better control with the BCI (Perdikis

and Millán, 2020; Benaroch et al., 2021; Roc et al., 2021).

Further, Weyand et al. (2015b) showed that participants could

eventually “wean off” neurofeedback, gradually learning to self-

modulate their hemodynamic activity in an fNIRS-based BCI in

the absence of any visual feedback. Future investigation would

be needed to see if with additional emotional regulation and

neurofeedback training, better performance could be achieved

in an online, affective, fNIRS-based BCI.

4.2. Interparticipant variability

Brain-computer interface performance varied considerably

across participants, with some achieving online accuracies as

high as 75%, others struggling to surpass the chance level

threshold. Average sensitivity and specificity scores suggest that

some participants may have been better at controlling positively

valenced emotions, while others were better at modulating

negative valenced emotions. This variability in performance was

also supported by variability observed in individual participant

hemodynamic response functions as well as in the selection

of discriminatory channels chosen for each participant by the

feature selection algorithm. Such interparticipant variability is

not uncommon—individual differences in performance have

been well-documented in research on both neurofeedback

training (Alkoby et al., 2018; Kadosh and Staunton, 2019; Weber

et al., 2020) and endogenous BCI paradigms (i.e., modulation

of sensorimotor rhythms through motor imagery) (Saha and

Baumert, 2020; Zhang et al., 2020). The term BCI “inefficacy”

has been coined to describe users who are unable to master

control over their brain activity (Alkoby et al., 2018), and has

been attributed to a variety of psychological, neurophysiological,

structural, and protocol-related factors.

Motivation is one psychological trait that has been shown

to affect individual performance in neurofeedback/BCI

paradigms (Kadosh and Staunton, 2019), with low motivational

incongruence (mismatch between goals and perceived

achievement) (Diaz Hernandez et al., 2018), high mastery

confidence and low incompetence fear (Nijboer et al., 2010),

and increased sensitivity to reward (Alkoby et al., 2018) shown

to correlate with better performance. Characteristics of resting

state or baseline neurophysiological activity have also been

shown to correlate with neurofeedback/BCI performance;

for example, resting state power of the sensorimotor rhythm

frequency band (12–15 Hz) predicted performance in both

neurofeedback conditioning training (Reichert et al., 2015) and

motor imagery-based BCI (Blankertz et al., 2010; Suk et al.,

2014). Structurally, volume of gray and white matter in various

cortical regions (Kasahara et al., 2015; Ninaus et al., 2015) may

also be associated with performance. Finally, protocol-related

factors such as mental modulation or motor imagery strategy

used (Kober et al., 2013), amount of training (Esteves et al.,

2021), and saliency and design of feedback (Lotte et al., 2013)

can also impact performance across individuals. The impact

of these factors has yet to be explored and validated for

pediatric populations, yet the added variability and complexity

of the developing brain will likely further contribute to

individual variations in performance, emphasizing the need

for personalized training protocols, feedback design, and BCI

solutions for pediatric users.

For affective BCIs in particular, differences in temperament

across participants should also be considered, as temperament is

closely linked with ability to self-regulate emotions (Rothbart,

2007; Bates et al., 2008). Temperament has been linked to

differences in recruitment of the approach and withdrawal

systems; it has been found that individuals with higher

withdrawal or avoidant temperaments respond more strongly to

negatively valenced words in an emotional Stroop task, while

individuals with higher approach temperaments responded

more strongly to positively valenced words in the same

task (Mauer and Borkenau, 2007). Further, individuals with

higher approach temperaments experience greater physiological

changes in response to affective images than those with avoidant

temperaments (Yoshino et al., 2005). Effortful control in

particular is a temperamental measure that describes capacity
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and willingness to direct attention and behaviors in order

to achieve desired goals, even in the face of averse or

unpleasant stimulus (Rothbart et al., 2003). Stadler et al. (2007)

observed that children with low levels of effortful control have

reduced activation in the ACC—a crucial component of the

brain’s emotional networks with extensive connections to the

PFC—when viewing affective images. In the current study,

differences in temperament, as measured by the EATQ, were

not found to be correlated with BCI performance. However,

due to the lower power of this study, future work is needed

to more deeply investigate correlations between individual

differences in temperament, emotional self-regulation, and

affective BCI performance.

Finally, some affective images used in the stimulus set

could have elicited empathetic responses in the participants

(i.e., images of children crying). Thus, individual differences

in the ability to experience empathy could also contribute

to the variability observed in performance. There is some

evidence suggesting that predisposition to different types

of empathy leads to different patterns of activation in

the PFC during emotion processing (Light et al., 2009).

However, further research is needed to formalize links

between empathetic predisposition, neurophysiological patterns

of prefrontal activation, and affective BCI performance.

4.3. BCI performance and age

A small significant positive correlation (r = 0.63, p =

0.03) was found between BCI performance and age, with the

three best performers all over 13 years of age. The age of

the participants in this study ranged from 8 to 14 years, a

period over which considerable emotional, neurophysiological,

and cognitive development occurs. Throughout mid-childhood,

ongoing developments in cognition, language, and social

participation facilitate an increase in emotional awareness in the

self and others. Children at this age begin to employ a variety

of emotional self-regulation strategies in a variety of contexts,

such as re-directing attention from emotionally salient stimuli,

re-framing the meaning behind such stimuli, and managing

physiological responses to emotional arousal (Thompson, 1991).

These strategies continue to mature with adolescence as a more

sophisticated sense of self is established and a more nuanced

understanding of emotional experiences of others is developed

(Thompson, 1991). The temperamental measure of effortful

control also plays a key role in the ability to execute emotional

self-regulation strategies (Eisenberg et al., 2011), and has also

been shown to increase throughout adolescence (Atherton et al.,

2020). It is possible that older participants in this study were

better able to execute emotional self-regulation strategies to up-

regulate or down-regulate their emotional responses and thus

achieve better control of the BCI.

Interoception, the perception of one’s internal bodily state,

is also closely linked with emotional self-regulation ability,

with higher interoceptive awareness associated with increased

success in emotional regulation and reappraisal (Füstös et al.,

2013). Interoceptive sensitivity develops throughout childhood

and adolescence (Murphy et al., 2017) and developmental

trajectories have been observed in the activation of brain regions

implicated in interoception, including the insula (where bottom-

up processing of sensory information is integrated with top-

down contextual processing) (Li et al., 2017) and the PFC

(Klabunde et al., 2019). Differences in interoceptive sensitivity

across childhood and adolescence could have led to increasing

success with emotional self-regulation and contributed to the

trend in improvement in affective BCI performance seen with

age in the current study.

Development of temperament, interoception, and

emotional self-regulation are supported by the functional

neural development of the cortex throughout childhood.

The PFC, which directs behaviors required for emotional

self-regulation, begins to develop early in childhood but

continues to mature throughout adolescence (Tsujimoto, 2008).

This maturation process involves a reduction in neuronal

density, synaptogenesis, branching, and increased myelination,

supporting the specialization of the PFC into functional

networks that can carry out the complex cognitive tasks

required for a comprehensive awareness and understanding of

emotion (Casey et al., 2005; Tsujimoto, 2008). It is possible that

the more developed prefrontal cortices of the older participants

evoked more reliable and distinct patterns of hemodynamic

activity in response to affective stimuli, or were better able to

maintain their focus over the course of the session than the

younger participants, allowing them to achieve more accurate

control of the BCI (Myrden and Chau, 2015).

4.4. Intersession (intra-participant)
variability

Across the three online sessions, considerable variation was

seen within each participant’s BCI performance. For example,

P2 achieved accuracies of 68% in sessions 2 and 4 but only

55% in session 3. This variability was also reflected in a

visual inspection of the signal morphology of the HRFs across

different session days. Furthermore, online BCI performance,

using classifiers trained on previous session data, was poorer

than offline BCI performance where classifier models were based

on single-session data. This could have been due in part to this

intersession variability.

Variability in the hemodynamic response across different

days is a known challenge for fNIRS-BCIs. Holper et al.

(2012) found that a greater amount of intersession variability

negatively impacted BCI performance in a motor imagery task.
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Power et al. (2012) found that the hemodynamic response varied

across different days in a mental arithmetic task, and Moghimi

et al. (2015) observed variability in the hemodynamic response

during repeated exposures to musical stimulus. This variability

has been attributed to participant-related factors such as changes

in fatigue, attention, mood, motivation; physiological factors

such as changes in underlying baseline neural activity and basal

metabolic rate; environmental factors such as distractions; and

to instrumentation-related factors such as deviations in optode

placement and calibration (Orihuela-Espina et al., 2010; Power

et al., 2012; Myrden and Chau, 2015).

Psychological factors may have also contributed to intra-

participant variation. Fatigue, a poor mood or sense of

frustration, decreased motivation and attention, could have

led to poorer task performance and lower accuracy, which in

turn may have worsened mood and led to even more fatigue

and frustration as participants struggled to control the BCI.

Literature on mechanisms of learning indicates that while some

level of challenge can lead to effective problem solving, toomuch

frustration can eventually lead to complete disengagement from

a task (D’Mello and Graesser, 2012).

4.5. Comparing online and o	ine BCI
performance

Offline cross-validated classification accuracies from

analyzing BCI performance for each session post-hoc were

consistently higher than the real-time, online classification

accuracies. This suggests that the classifiers used for real-

time prediction had difficulty generalizing to new, unlabeled

data (Jain et al., 2000; McFarland and Wolpaw, 2011). The

online classifiers, trained on previous session data, could have

been limited by intersession variability of the hemodynamic

response. Collecting more same-day data for classifier re-

training, is known to mitigate the effects of intersession

hemodynamic variations (Rezazadeh Sereshkeh et al., 2019).

There were likely samples within the collected data set that

were accompanied by shifts in attention, participant movement,

distractions, fatigue, or blunted emotional reactions. Thus,

higher online classification accuracies might have been achieved

with an optimized subset of training data. Subset selection

can also minimize computational costs in machine learning

problems with large data sets (Mourad et al., 2017).

4.6. Study limitations

1. Modest data quality and quantity: Children have lower

attention spans and fatigue more easily than adults (Plude

et al., 1994). As such, the experimental sessions were

deliberately abbreviated as much as possible, thereby

limiting the amount of data collectable in a single session.

Differences in attention were apparent between younger

and older participants; the younger participants had more

difficulty remaining still and required more frequent breaks.

This restlessness likely augmented the risk of artifacts

in the acquired hemodynamic signal due to optode-scalp

decoupling. Wavering attention likely also contributed to

inconsistency of hemodynamic response. Further, the small

sample size of this study reduced the ability to investigate the

impact of group level differences in age and temperament on

BCI performance.

2. Suboptimal sensor-skin interface: While fNIRS is relatively

robust to motion artifacts (Orihuela-Espina et al., 2010), we

could not arbitrarily increase optode-scalp coupling as the

children could only tolerate a modest level of probe-on-scalp

pressure. In some instances, coupling may have thus been

suboptimal. The signal-to-noise ratio of the hemodynamic

signal is known to depend, in part, on hair color and density,

as well as skin pigmentation (Scholkmann et al., 2014), factors

that were not controlled in our sample.

3. Slow system response: The hemodynamic response is

inherently sluggish, with a post-stimulus peak at about 5–

8-s (Coyle et al., 2004b). The long observation window (20

s) deployed in this study limited the practical real-time

sensitivity of the BCI. Recent work has suggested that a

5-s stimulation interval was optimal for classification in a

sensorimotor fNIRS-BCI task (Afzal Khan and Hong, 2021).

Similar investigations could identify an optimal stimulation

and response window for affective fNIRS-BCI tasks. Future

research may also consider the initial dip in oxygenated

hemoglobin concentration as a discriminating cue (Hong and

Zafar, 2018).

5. Conclusion

Above-chance, online binary differentiation between

prefrontal cerebral hemodynamic responses evoked by visual-

aural affective stimuli was feasible in a sample of 10 school-aged

typically developing children. Classification accuracies from

retrospective offline analyses were comparable to those reported

in adult affective fNIRS-BCI studies. Brain-computer interface

performance was positively correlated with participant age.

High variability was observed across sessions, likely due to a

combination of physiological, environmental, instrumental and

psychological factors. A bimodal affective fNIRS-BCI holds

promise as an access modality for school-aged children but

longitudinal training and evaluation is necessary in future

research to ascertain its practical potential.

This study was the first of its kind to investigate an

affective fNIRS-BCI for a pediatric population. It is also one

of few studies to conduct real-time prediction of affective state

from hemodynamic activity. A BCI that can accurately predict

emotional valence could be used to detect emotional states in
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children with physical disabilities who have had limited success

with existing assistive technologies for communication. The

binary detection of emotional valence could be used to express

feelings, preference or even affirmative/negative responses to

questions, without the need for words or other developed

language abilities. With access to communication, these children

can engage within their communities, learn how to advocate

for themselves, gain independence, and overall improve their

quality of life.
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