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Abstract: EEG-based systems are widely used because of their high temporal resolution, but
they’re not affordable for everyone. One of the newest low-cost EEG devices that was released
is the Emotiv Insight, which is a mobile five channel headset promoted to produce clean, robust
signals anytime, anywhere. The objective of this research was to test its abilities concerning
distinguishing different workload levels, since monitoring workload can help us for example at
work create a safer and better working environment, causing higher productivity and motivation.
Previous research revealed that in event related potential (ERP) measures, the P300 reflects
attentional and working memory processes. Therefore, we have manipulated workload levels by
varying long term memory retrieval and working memory updates. The ERP results showed
small significant differences around the P300 for absence compared to the presence of working
memory updates at the AF4 channel. But for the other channels and the results concerning long
term memory retrievel, no significant differences were found around the P300. Therefore, the
conclusion of this research is that the Emotiv Insight was not capable of distinguishing between
different workload levels.
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Introduction

Over 80 years already it is known that electrical
activity of the brain can be recorded externally
by electrodes on the surface of the scalp (24).
This resulted in electroencephalography-devices
which are widely used because of their portability,
high temporal resolution and relatively low costs
compared to other non-invasive methods such as
MEG and fMRI (40). Nevertheless, the traditional
EEG-device is still not affordable for everyone.

Figure 1.1: The Emotiv Insight

appear on the market. One of the newest low-cost
EEG devices that was released is the Emotiv
Insight(Emotiv Systems Inc., San Francisco, CA,
USA), see Figure 1.1. This is a mobile five channel
headset promoted to produce clean, robust signals
anytime, anywhere. Although this sounds very
promising, the question remains what can be
measured with only five channels. The objective
of this research is to test its abilities concerning
mental workload, because mental workload is an
important and relevant subject in our modern
knowledge society, where information overload
is a fact of life. Monitoring mental workload
can help us to create better and safer working
environments, causing higher motivation and
productivity.(27; 28) But this is only feasible with
a robust, low-cost EEG-device.

1.1

Mental Workload

”Mental workload” has been defined in different
Currently, more and more low-cost EEG devices ways, but a common definition is that mental
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workload is the ratio between task demands
and a person’s capacity, where workload is
high when task demands are close to exceeding
capacity.(15; 26). In other words, mental workload
describes the level of mental resources utilized
when a person is performing a task(22).
Mental workload can be measured in different
ways, but research revealed that EEG is the most
sensitive or promising indicator of mental workload
compared to physiological variables like different
eye and heart related measurements(3; 4; 6; 8).
Another way of measuring workload is with
subjective rating scales like RSME(41), SWAT
and NASA-TLX (25). But this is distracting for
the subject (23; 39) and possibly suffers from
biases because it is always measured at one point
(13). A last alternative for measuring workload
is measuring performance measures like accuracy,
but this is also only one measurement each trial.
EEG on the other hand, provide a continuous
record of mental workload over time.

decreases(1; 12; 16; 19; 31; 32; 38). For Example,
Allison used a shooting game in which workload
was manipulated by adjusting the number of enemies. The ERP amplitude diminished as game difficulty increased.
Other early components like the N100, N200
(1; 18; 36) and the P1 (31) respond to workload or
task difficulty as well. In Figure 1.2 you can see an
overview of these ERP components.
Although it is clear that it is possible to measure workload with a full-scale EEG device, the
question is whether this is also possible with a
simpler device. In three papers, research has been
done with a low-cost EEG device, the Emotiv
Epoch, concerning mental workload levels. This
mobile 14 channel device is more expensive than
the Emotiv Insight but still cheaper than a
traditional EEG device. The results showed significant differences between workload levels (2; 17; 37).

1.2

Figure 1.2: Overview early ERP attributes

One aspect of EEG are event related potential measures. ERPs are scalp-recorded fluctuations in the brain’s electrical activity, elicited by
a stimulus event(35). ERPs are calculated by averaging EEG epochs time-locked of this particular event, for this research solving equations. According to previous research, the P300 component
of ERP measures reflects attentional and working memory processes(29; 30). Many studies found
that when memory or workload increases, the P300

Arithmetic task

An often used task to measure mental workload
levels is the well-known n-back task (5; 7; 9; 14; 33;
34; 37). For this task, you have to recall an item
you saw n items back. However, for this task it is
not clear which resources in the brain are employed
exactly, because people have different strategies to
remember the items. The same holds for other tasks
for which the participant has to remember multiple
items, like a grid memory task and a forward or
backward digit span task (4). Furthermore, these
tasks are artificial, especially designed for research,
not something people do or learn by themselves.
In another study subjects had to perform a silent
reading task under different difficulty levels (17).
But during a silent reading task, subjects can suffer
mind wandering. So, again we are not sure what
exactly is happening in the brain.
Arithmetic tasks on the other hand, can include
specific areas in the brain and are less artificial since
people learn mathematics on school and use them
in their daily life. For example to calculate how
much they have to pay a friend after eating together. Simple equations can also be solved quite
fast, which prevents mind wandering from happening. Berka, for example, used an addition task
requiring participants to employ working memory
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and executive function resources. An obvious workload effect was shown (4). Echkard also performed
a research in which mental workload was measured
using a simple mathematical task. Again, a correlation between increasing the difficulty of the calculations and mental workload was shown (11).
For the current study, we designed an arithmetic
task with different types of equations that do or do
not require the subjects to employ their working
and/or long term memory. So, to operationalize
mental workload we varied working memory
updates and long term memory retrieval.

removed as well. So for the stimulus-locked analysis ten participants remained, four of them women
and six men.

Based on the previous researches described
above, the expectation is that the Emotiv is able to
measure workload levels. However, the differences
may be less significant than with the Epoch and
classical EEG devices, due to the fact that it has
less channels. The difference we think should be
possible to measure is the decrease of the P300
when the workload is high, meaning working memory updates and or long term memory retrievals are
required.

The Emotiv Insight was used to record electroencephalographic data. This wireless Bluetooth device has five electrodes, located and named as in
Figure 2.1.
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For the response-locked analysis, two more participants (both a male and a female) had to be removed, due to too many eye-movements in the EEG
data. In section 3, these different analyses will be
explained in further details.

2.2

Materials

Methods

The experiment consisted of two phases: a training
phase and a test phase. During the training phase,
the subject learned to know the task by solving
one equation of each type. In the test phase, during
which the EEG data were collected, 50 equations
of each type had to be solved by the subject. The
”types” differed based on the requirement of long
term memory retrieval and/or working memory updates. One type required none of the above.

2.1

Participants

Thirteen students from the University of Groningen
participated for a compensation of 8 Euros. The
mean age of the participants was 23. All participants were able to speak fluent English and had
normal visual capabilities. Halfway through testing
the last participant the battery of the Emotiv Insight broke. The EEG data of participant 9 was too
disturbed and therefore not useful. Participant 10
did not understand the task fully correctly for the
first 72 trials and was not able to solve all equations.
Therefore, the results of this participant have been

Figure 2.1: Overview and location of the electrodes of the Emotiv Insight

To collect the electroencephalograph data,
the Emotiv was connected to the Emotiv software Testbench using bluetooth. Using virtual
COM-ports, Testbench and OpenSesame(21) were
connected. The experiment was implemented and
the markers for the EEG data were defined in
Opensesame. EEGlab(10), which is an interactive
Matlab toolbox, was used to filter and analyse the
data afterwards.
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2.3

Design

The task consist of five types of equations that will
be explained below. First an example equation will
be given, followed by a detailed description.

result, 12, has to be kept online in the working memory. After that, 4 can be transferred
to the other side. Then, 12 has to be divided
by 4 to bring us to the answer of the equation
which is 3 in this case.

• Type 1: x = 100, x = y with y in 0 - 100
This type of equation can be solved without 2.4 Procedure
workload, since the answer is y, which is in The experiment began with a few personal questhis case 100.
tions the subject had to answer: their gender and
their age. After that they saw an instruction screen.
• Type 2: x + 12 = 48,x + y = z or x - y = z
It explained the task, told them how they should
with y in 0 - 100, z in 0 - 100, x + y in 0 - 100
answer by using the mouse and that it was more
and x - y in 0 - 100
important to answer correctly then fast. This last
To solve this type of equations, the subject
thing was included, because only correctly anhas to employ his or her working memory to
swered trials can be used for the data analyses. But,
move y to the other side of the equation. In
since unusually slow trials are useless as well, the
this case, 12 has to be moved to the other side
instructions told them that the equation would disof the equation and has to be subtracted from
appear after a while as well.
48 after that. The mathematical rules needed
After the instructions, the training phase started.
to solve these equations are so easy that they
This phase consisted of one equation of each type,
are intuitive and therefore the use of our long
which sums up to five equations. Participant were
term memory is minimal.
asked whether they understood the task and were
• Type 3: x = 4 / 2, x = y / z or x = y * z, with ready to start with the real experiment with a text
y in 1 - 10, z in 1 - 10, y/z in 1 - 100 and y * screen. When he or she pressed the ok button, the
real experiment began, which consisted of 250 equaz in 1 - 100
To solve this type of equation, the subject has tions, 50 of each type. These were generated arbito employ its long term memory to retrieve the trarily - within the requirements described above
- and presented in a random order. The 250 equaanswer, which is in this case 2.
tions were divided into three blocks. Since 250 can• Type 4: 4x = 12, x/y = z or x * y = z with not be divided by three equally, the first block consisted of 84 equations, and both the second and
same conditions as above.
This type is quite similar to type 3, except third of 83 equations.
from the fact that a working memory update
has to take place, because a digit had to be
moved to the other side of the equation (in
this case 4). After that, it is a multiplication
or division just like type 3. In this case 12 /
3, which gives us the answer 4. So, both long
term memory retrieval and working memory
updates are required.
• Type 5: 4x + 5 = 17, ix + y = z or ix - y = z
with i in 2 - 10, y in 2 - 100 and z in 1 - 100
This last type is a combination of the above,
requiring the most steps to be able to solve it.
So both long term memory retrieval and working memory updates are required. In this case,
5 has to be transferred to the other side of the
equation and must be subtracted from 17. The

Figure 2.2: Overview of the arithmetic task

Each trial consisted of a fixation dot, equation
and feedback, see Figure 2.2. The fixation dot was
shown for a random duration between 400 and 600
milliseconds, to prevent expectation. The equation
was shown for a maximum of ten seconds. The sub4

ject had to indicate he or she knew the answer by
clicking on the screen. Afterwards, an onscreen keyboard appeared for a max of two seconds, so that
the subject could perform the whole experiment by
mouse only. This ensured that the subject moved as
little as possible. After the participant had submitted an answer, feedback was given which was either
the word correct or wrong. This was done because,
as said before, only correctly answered trials could
be used for the analysis of the data.

tion 2.5, the EEG data has been analysed in
two ways, response-locked and stimulus-locked.
Stimulus-locked means that the zero is the moment at which the stimulus appear on the screen.
Response-locked means that zero is the moment at
which the subject filled in the answer. For both the
analyses, different workload levels based on working
memory updates and long term memory retrievals
will be researched and visualized in this section.

3.1
2.5

Behavioural results

EEG recording and Analyses

During the whole task the participants were wearing the Emotiv Insight. For most participants a little bit of salty gel was needed to establish a stable connection between the five electrodes and the
scalp. Behind the left ear, the reference electrode
was located. The data were re-referenced over all
channels. Frequencies below 1 and above 30 Hz were
filtered out of the data. After that, the data were
epoched based on both the moment of the stimulus and the moment of the response. The stimuluslocked data were epoched 200 ms before the stimulus and 1500 ms after it. The response-locked data
were epoched 1500 ms before the response and 200
milliseconds after it. The stimulus-locked data were
baselined based on the 200 milliseconds before the
stimulus appeared on the screen. For the responselocked data the baseline was based on the 200 ms
after the response was given by the participants.
During wrong answered trials we cannot tell
what happened in the brain of the subject, so these
were removed. Then, with help of EEGlab (10),
the trials with extreme values were marked. All trials are visually inspected and the outliers were removed. A lot of data were disturbed and had therefore to be removed, which came down to about half
of the trials for each participant. We decided at
least 100 trials had to remain for containing the
data in the analyses for the results. We used this
threshold because a lower one would make the data
less trustworthy and if we required more trials, not
enough participants would remain.

Type
1
2
3
4
5

Reaction time
851 ms
3629 ms
1723 ms
2224 ms
3976 ms

Answered correctly
99.9%
97.9%
99.2%
99.2%
97.4%

Table 3.1: Table of the behavioural data

To see if the task we used was reliable, we took
a look at the behavioural data of the participants,
see Table 3.1 for an overview. As expected, the
first type was answered the fastest, since for this
type of equation the answer was right there. No
transitions had to be made and no information
had to be retrieved or kept online, so neither the
working memory nor long term memory was used.
Type 3 was quite simple as well, since the answers
were already stored the brain. Only the retrieval of
the answer had to take place. Type 4 was similar
to type 3, but it included a working memory
update. We see this in the reaction time which
was indeed a little slower. Type 2 required only
working memory updates. These answers could
not be retrieved, but had to be calculated. The
reaction times indicate that this is much slower
than retrieving the answer from the long term
memory. Type 5 contained the most steps to solve
and was indeed answered the slowest. This was a
combination of type 2 and type 4.

The second column of Table 3.1 tells us the percentage of equations that were answered correctly.
For all types this amount is quite high, telling us
3 Results
that the participants did understand the task and
Both behavioural data and EEG data were col- the equations were not too difficult.
lected during the experiment. As said in Sec5

3.2

ERP results

To take a first look at the ERP data, a stimuluslocked and a response-locked graph have been
made for each channel, see Figures 3.1 and 3.2. In
each graph all five different types of equations are
shown in a different color. In all stimulus-locked
graphs the P300 component of the ERP can be
recognized, except for the T7 graph. Unexpectedly,
type 1 - which requires the lowest amount of
workload - shows, compared to the other types,
an increased P300 instead of a diminished one.
Furthermore, type 5 - which requires the highest
amount of workload - shows an average P300,
while we expected it to be the most diminished
compared to the other types. Type 2 has also an
increased P300 compared to the other types, even
though we thought it would be more diminished
because of a relative high workload. Type 3 and
4 show a bigger difference in P300 for channels
Pz and T8 than expected, since these types were
quite similar. These results suggest that the P300
increased with a higher workload and diminished
with a lower one which is exactly the opposite of
what we expected.

translucent red and blue areas show the standard
errors. These reflect what the results could look
like with more participants. We see that the
lines as wel als the translucent areas are quite
overlapping for all graphs, which means that
the are quite similar, even when the population
would have been bigger. The absence of difference
is also shown by the significant areas, which
are only a few and very little. Furthermore, no
significant differences are shown by the results
around the P300. The same can be seen in Figure
3.4, which shows the differences between the
equations that did (blue) and did not (red) require
working memory updates. In this graph slightly
more significant areas are shown, but these are
still small and only one of them -in channel
AF4- is at the P300 peak. Furthermore, both the
red and blue lines and areas are again quite similar.
Similar graphs for the response-locked analysis
can be found in in Figures 3.5 and 3.6. A lot of significant areas are shown by this graphs, but these
are mostly small and not consistent between the
different graphs. Furthermore, these significant areas are spread across the whole graphs which makes
it impossible to find any logical patterns.

In the response-locked graphs, all types look to
have an arbitrary graph, no ERP components can
be identified. For channel AF3, type 1 has a big
dip at the left side of the graph, but this could not
be explained. There is also no link between the
different channels and the different types visible.
At each point in time, for both stimulus-locked
analysis and response-locked analysis, a t-test
has been done to test if there is a significant
difference between the equations that required the
subject to employ their long term memory and
the equations that did not. The same was done
for the equations that required subjects to employ
working memory and the equations that did not.
The significance level that was used is 0.05. The
t-test that has been executed was paired, since
all participants performed all conditions - they
answered all different kinds of equations.
In Figure 3.3 the equations that did (blue) and
did not (red) require long term memory retrieval
are set out for each channel. The grey areas show
which parts of the graph differ significantly. The
6

Figure 3.1: Stimulus-locked graphs for all channels
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Figure 3.2: Response-locked graphs for all channels
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Figure 3.3: Stimulus-locked long term memory graphs of all channels with the standard errors and
significant parts
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Figure 3.4: Stimulus-locked working memory graphs of all channels with the the standard errors
and significant parts
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Figure 3.5: Response-locked graphs of the five channels concerning long term memory retrieval
with the standard errors and significant parts
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Figure 3.6: Response-locked graphs of the five channels concerning working memory updates with
the standard errors and significant parts
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4

Discussion

ones that did not, instead of a diminished P300 like
stated by the literature(1; 12; 16; 19; 31; 38; 32).
To test the abilities of the low-cost EEG device
The results of the response-locked analysis for
the Emotive Insight, a mental workload experiment the working memory updates show significant
was conducted. From previous research we have areas all over the place as well. So again, no
learned that early ERP attributes, especially the components or patterns could be found in this
P300, reflect mental workload (1; 12; 16; 18; 29; data. Based on this results we can draw a similar
30; 31; 32; 36; 38). Using an arithmetic task, we re- conclusion as for the long term memory retrieval.
search two types of mental workload, one requiring The Emotiv Insight was not able to distinguish
long term memory and the other requiring working between the situations in which working memory
memory. These types were analysed both response- updates were required and the situations in which
locked and stimulus-locked. The results as showed it was not.
in Section 3 will be discussed below.
Based on the above we can conclude that no convincing
differences could be found between the dif4.1 Mental workload effects
ferent types of mental workload. The behavioural
In our results of the stimulus-locked analysis for the data on the other hand did show the expected diflong term memory retrieval, we saw that the graph ferences. So, based on these results we can conclude
with the equations that involved long term memory that the Emotiv Insight is not capable of measuring
retrieval and the ones that did not were quite simi- significant differences in mental workload.
lar, see Figure 3.3. No significant differences around
the P300 were found. Based on the standard error,
4.2 Implications
we can conclude that even with a bigger population
no significant differences would have been found.
The results of the response-locked analysis
concerning long term memory retrieval shows
significant areas all over the place, which makes
it impossible to draw any conclusions. The behavioural data on the other hand, did show
differences between the situations in which the
participants had to employ their long term memory and the ones they did not, see 3.1. Based on
these results we can conclude that the Emotiv
insight is not capable to distinguish between the
situations in which long term memory retrievals
were required and the situations in which they
were not.
Figure 4.1: Example output ICA algorithm

Our stimulus-locked results that concern the requirement of the working memory, do not show a
convincing significant difference around the P300
either. Only the AF4 channel shows a little significant difference around the P300, but this one is very
small and in contradiction with the literature. In
the behavioural data in Subsection 3.1 we saw that
equations that included working memory updates
were the most difficult ones. In the graph for channel AF4 we see that the line representing the requirement of working memory updates shows an increased P300 compared to the line representing the

One of the reasons that we could not find
significant differences in mental workload could be
the small number of participants. This shortage
was due to the fact that the battery of the Emotiv
broke down after twelve and a half participant. The
standard errors were quite overlapping, suggesting
that there would not have been more significant
differences with a bigger population, but with more
subjects the measurement will be more precise,
so the standard errors will go down. This means
that the translucent areas around the graphs will
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4.3

Conclusion

Based on our results can be concluded that the
Emotiv Insight was not able to distinguish between
different workload levels. There were no convincing
significant differences between the workload levels
around the P300 and the only small difference
that appeared was in contradiction with previous
studies. The behavioural data on the other hand
did show the expected differences. So, the Emotiv
Insight might not be as suitable for measuring
different workload levels as we hoped for.
Figure 4.2: Stimulus-locked AF3 graph filtered
by ICA

Further research is needed, because a daily device to measure mental workload would still be
very useful. Another component of EEG data is frequency band analysis. This could be tried as well.
be smaller with more participants, so a significant Also, more participants might help to get better
and more trustworthy results. However, we think
difference could appear.
it might be better to test another low-cost EEG
device in follow-up research.
That we could not even find an ERP component or any form of a recurring pattern in the
response-locked data could be due to the fact that
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