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ABSTRACT
As non-invasive neuroimaging techniques become less expensive
and more portable, we have the capability to monitor brain activity
during various computer activities. This provides an opportunity
to integrate brain data with computer log data to develop models
of cognitive processes. These models can be used to continually as-
sess an individual’s changing cognitive state and develop adaptive
human-computer interfaces. As a step in this direction, we have con-
ducted a study using functional near-infrared spectroscopy (fNIRS)
during the Sustained Attention to Response Task (SART) paradigm,
which has been used in prior work to elicit mind wandering and
to explore response inhibition. The goal with this is to determine
whether fNIRS data can be used as a predictor of errors on the
task. This would have implications for detecting similar cognitive
processes in more realistic tasks, such as using a personal learning
environment. Additionally, this study aims to test individual differ-
ences by correlating objective behavioral data and subjective self
reports with activity in the medial prefrontal cortex (mPFC), asso-
ciated with the brain’s default mode network (DMN). We observed
significant differences in the mPFC between periods prior to task
error and periods prior to a correct response. These differences were
particularly apparent amongst those individuals who performed
poorly on the SART task and those who reported drowsiness. In
line with previous work, these findings indicate an opportunity
to detect and correct attentional shifts in individuals who need it
most.

CCS CONCEPTS
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1 INTRODUCTION
Functional near-infrared spectroscopy (fNIRS) has increasingly
been used to assess cognitive state in real-time during interactive
computing tasks [1, 8]. fNIRS is an emerging tool that emits near-
infrared wavelengths at a person’s forehead. These wavelengths
are either absorbed or reflected back to the device depending on
hemodynamic activity in the frontal cortex. The reflected light can
then be used to detect highly active regions in the frontal lobe
during a given task.

Most fNIRS research focuses on detecting and understanding pat-
terns of activation in the anterior prefrontal cortex (aPFC), where
the device is most effective. Because many studies using fMRI have
found a connection between activation in the aPFC and cognitive
states relevant to interactive computing, there is an opportunity
for improving understanding of human-computer interaction pro-
cesses through fNIRS neuroimaging. Devices are far less restrictive
than fMRI, portable, and less costly [8], and thus they represent a
unique opportunity to study cognition during realistic interactive
computing tasks. Using fNIRS, we can take steps to bridge the con-
ceptual gap between cognitive states identified in highly controlled
cognitive neuroscience studies and the more complex, high-level
cognitive states investigated in most HCI research [5].

We see promise in the combination of computer log analysis
and non-invasive neuroimaging during computer usage since both
methods provide unique moment-to-moment information about the
user. The continuous nature of physiological measurements allows
us to fill in gaps in the log data with insights from brain data. In par-
ticular, we can compare patterns in brain data occurring during in-
teractive computing tasks with those collected during well-studied
controlled cognitive tasks with similar timing characteristics. By re-
lating these well-studied tasks that elicit particular cognitive states
with interactive computing tasks with similar patterns, we can be-
gin to understand more about the cognitive processes occurring in
human-computer interaction. In addition, detailed computer log
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Figure 1: Approximate location of fNIRS channels in the an-
terior prefrontal cortex.

data provides contextual information that will enable better inter-
pretations of the brain activity. Using brain-based sensing, our goal
is to improve personalized interactive computing experiences.

To move towards these goals, we are building a corpus of com-
bined brain and log data that enables us to model the user’s cogni-
tive state. We aim to collect data from both controlled lab tasks in
which fNIRS is likely to detect distinct cognitive states as well as
more realistic interactive computing tasks where those cognitive
processes are also involved.

In this paper, we discuss initial work in which we explore the
fNIRS response during a sustained attention to response task. Prior
work [3] using fNIRS indicated significant differences in oxygenated
hemoglobin (HbO) in the mPFC between periods of successful and
unsuccessful task completion. This was tied to mind wandering. In
our study, we further investigated differences in frontal lobe blood
oxygenation between successful and unsuccessful task completion
states using fNIRS. We explore both behavioral data from the task
and fNIRS data to gain insight into the cognitive processes occurring
during this controlled task. This work serves as a foundation for
modeling attentional states using machine learning tools to enable
the creation of better and more personalized technology-based
learning experiences.

2 EXPERIMENT
2.1 Task
A Sustained Attention to Response Task (SART) [6] was used while
capturing frontal lobe activity with fNIRS. A number (1-9) was
presented at the center of a blank white screen for 0.5 seconds
followed by a 1.0 second pause. Participants were instructed to
press the spacebar for each stimulus other than the number 3 (target
stimulus). Stimuli were presented in 6 blocks, with 10 targets and
190 non-targets presented pseudorandomly in each block such that
targets were not presented back to back.

2.2 Equipment
Hemodynamic data was collected with an 8-channel fNIRS device
manufactured by ISS, Inc., with sensors placed against the partic-
ipant’s forehead and kept in place with headbands that reduced
light interference. The SART program sent markers to an iMotions
data acquisition platform, indicating the stimuli type (target or
non-target). In addition, fNIRS raw data was sent in real-time via
TCP/IP to the iMotions platform, which synchronized the stimuli
with the fNIRS signal.

2.3 Participants
There were 12 participants (8 female) between the ages of 18-41
(Mean: 28, SD: 6.48).

2.4 Procedure
After providing informed consent, each participant was given in-
structions about the SART task and the opportunity to ask questions.
Then, the fNIRS sensors were positioned on the participant’s head
and they performed the SART task on a computer. The experiment
consisted of six sections of 200 trials, with 10 targets in each trial
section. Target trials were arranged pseudorandomly, such that no
two target trials were immediately next to each other. In between
sections, the subject was given a short ten second break.

At the end of the experiment, participants completed a post-
experiment survey where they were asked to report their level
of focus (scale of 1-7) and frequency of drowsiness and unrelated
thoughts (scale from ’never’ to ’very frequently’, later converted
to scale of 1-7). The questionnaire also provided a space to report
opinions on SART and any difficulties experienced during the task.

3 RESULTS
3.1 Subjective Responses
Survey responses were analyzed for both mean and median. Mean
focus level was reported to be 4.55 (StdDev = 0.34, Median = 5),
mean number of unrelated thoughts was reported to be 4.46 (StdDev
= 0.40, Median = 4), and mean drowsiness level was 3.27 (SE = .56,
Median = 3).

3.2 Behavioral Data
We were interested in examining the behavioral and brain activity
differences between correct target responses (refrained from key
press, not mind wandering) and incorrect target responses (key
press, mind wandering). Mean correct response accuracy for target
and non-target stimuli was calculated along with 95% confidence
intervals.

Across all six blocks, mean accuracy in target stimuli responses
was .7041(SE = .0372, Median = .6554), with a 95% CI from .6223-
.7860 (Figure 2). This was significantly lower than mean accuracy
for non-target stimuli (Mean = .9493, SE = .0226).

SART accuracy on target stimuli was calculated as a function
of the three scaled survey questions, splitting participants into
two groups based on the median survey response. In other words,
we looked at accuracy on SART for those that reported above the
median survey score in comparison to those that reported below
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Figure 2: Average accuracy for SART Targets (Mean: .7041,
SE: .0372) was significantly lower than average accuracy for
Non-Targets (Mean: .9493, SE: .0226). Figure shows mean ac-
curacy and standard error across all participants for SART
Targets vs. SART non-targets.

the median. Participants that reported exactly the median survey
score were included in the group above the median.

SART accuracy differed significantly for participants who re-
ported above median drowsiness and those who reported below
median drowsiness (Figure 5). SART accuracy on targets and non-
target did not significantly differ between participant who reported
high and low focus levels and number of unrelated thoughts.

3.3 fNIRS Data
Raw fNIRS intensity values were converted to changes in oxy-
genated (HbO) and deoxygenated (HbR) hemoglobin using the
modified Beer-Lambert Law [9]. All analysis was completed in
MATLAB. For each target appearance, we extracted fNIRS data
from 30 seconds prior to the target and 10 seconds after each target
(referred to as target periods). It was possible that another target
appeared in this 40-second window. Window length was informed
by the work of Durantin et al. [3]. Target periods with significant
artifacts were excluded using a threshold of +/- 2.0 µM. Data was
downsampled to 2Hz to account for slight variations in sample
amount in the target periods. In order to assess change in HbO over
time, we used the 5 seconds before each 40-second window as a
baseline. We calculated the average value in the baseline window
and subtracted that value from the values in the 40-second win-
dow to center the data. Finally, we calculated the folded average of
HbO change across all participants for the correct and incorrect tar-
get responses. Folded averages were also calculated along median
splits for SART accuracy and survey responses. One participant
was excluded from all analysis due to lack of in-range fNIRS data.

In fNIRS channels 2 and 3 (located around the medial to left
prefrontal cortex), and 7 and 8 (located around the right anterior
prefrontal cortex) (Figure 1), HbO decreased significantly in the 10

Figure 3: Average change in HbO showed a significant de-
crease in the 15 seconds preceding the appearance of a SART
target in fNIRS channels 2,3,7, and 8. Figure shows averages
across all target periods for all subjects for SART Errors (in
red) and no SART Errors (in green). Shaded areas represent
standard error for each trial type.

Figure 4: For participants with low task performance, the av-
erage change in HbO showed a significant decrease in the 15
seconds preceding the appearance of a SART target in fNIRS
channels 2. Figure shows averages across all target periods
for all subjects for SART Errors (in red) and no SART Errors
(in green). Shaded areas represent standard error for each
trial type. The bottom plot (a) shows only participants with
belowmedian task performance accuracy and the top figure
(b) shows those with above median accuracy.
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Figure 5: Mean accuracy on SART task, split by high and low
drowsiness responses.

seconds preceding a missed target, and remained relatively constant
in all channels during correct target hits (Figure 3). There were no
significant differences in Hb over SART errors vs. no errors.

For participants that achieved below median accuracy on SART
target responses (<.6554), fNIRS channels 2, 3, and 4 showed an
even more significant HbO decrease in the 10 seconds preceding
a missed target and again and remained relatively constant in all
channels during correct target hits (Figure 4). For participants that
achieved above median SART target accuracy (>.6554), there was
no clear change or directionality in HbO in the target period.

Finally, in participants that reported above median drowsiness
(>3), fNIRS channel 2 showed a similar dip in HbO in the 10 seconds
preceding a missed target, while again remaining constant during
target hits (Figure 6).

4 DISCUSSION
Consistent with prior work, we observed significantly lower re-
sponse accuracy to target stimuli than non-target stimuli. Periods
of poor performance on SART have been associated with mind
wandering and have also been associated with activity in the de-
fault mode network, specifically in the medial prefrontal cortex
as measured by stronger BOLD fMRI signal and increases in HbO
[2, 3]. Consistent with prior findings our work provides evidence
that there are differences in frontal lobe blood oxygenation patterns
between periods of mind wandering and periods of focus. Our find-
ings are also consistent with those of Mason et al. [7], who found
significantly stronger BOLD signal during mind wandering for in-
dividuals who self-reported higher mind wandering tendencies via
the daydreaming frequency scale.

In contrast to previous findings that showed a significant in-
crease in HbO immediately before the appearance of a target, our
results showed a significant decrease in the 10 to 15 seconds pre-
ceding a target and a potential increase after the target. This result

Figure 6: For participants that responded with high drowsi-
ness levels, the average change in HbO showed a signifi-
cant decrease in the 15 seconds preceding the appearance
of a SART target in fNIRS channel 2. Figure shows averages
across all target periods for all subjects for SART Errors (in
red) and no SART Errors (in green). Shaded areas represent
standard error for each trial type.

might be accounted for by the hemodynamic response lag, mean-
ing that event-related blood oxygenation may have occurred in
the few seconds after the actual event. It is unclear whether prior
work transformed data with a window shift and whether such a
transformation would better align our data with the findings of
Durantin et al. [3].

Furthermore, where Durantin et al. [3] noted temporal differ-
ences only in one optode near the medial prefrontal cortex located
on the right of side of the prefrontal cortex, our preliminary results
indicate that frontal lobe areas in both the left and right sides of
the anterior prefrontal cortex may have distinct temporal patterns
of HbO change during mind wandering, and should be considered
when modeling mind wandering using machine learning. However,
the medial prefrontal cortex was indeed the only area sensitive
to poor performance on SART (as measured by channel 2 in our
analysis). To build on these results, we also found that high levels
of drowsiness also increases the visibility of the HbO decrease in
the 10-15 seconds preceding a missed target.

5 FUTUREWORK
We plan to continue exploring this data through different signal
processing methods, including noise reduction using short sepa-
ration channels as has been described in recent work [4]. We also
plan to correlate behavioral and fNIRS data to subjective responses
from the post-experiment survey.

Using this behavioral and physiological dataset, we will develop
machine learning approaches to robustly identify the cognitive
states elicited by SART and other highly controlled tasks based on
themultimodal data from fNIRS and behavioral data. The behavioral
information gained can be used to generate labels associating a
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particular cognitive state (e.g. mind wandering) with fNIRS brain
activity.With this labeled data from controlled tasks, we can explore
supervised feature selection and classification models enabling the
robust detection of the appropriate state.

6 CONCLUSIONS
These preliminary results demonstrate the possibility to detect
hemodynamic changes that are predictive of task performance. The
detection of predictors of performance without interruptions of
the main task (e.g. experience sampling) builds a foundation for
exploring brain patterns in more realistic and complex tasks during
interactive computing tasks. These results show promise for the
detection of adverse cognitive states in individuals that have the
strongest tendency for these states.
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