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Abstract—There are several difficulties encountered by learn-
ers during learning such as good or bad learning content, the
difficulty level of learning content, and the degree of learning
proficiency. It is possible to detect these difficulties by measuring
the browsing history, editing history, and biological information
such as brain waves or eye-tracking information. In this paper,
we measure electroencephalograph (EEG) information during
programming learning. We focus on the relationship between task
response time and EEG, and try to detect careless mistakes due
to the lack of attention. The results show that careless mistakes
during programming learning can be detected by experiments.

Index Terms—e-Learning, Self-study System, Simple EEG,
Careless Mistake

I. INTRODUCTION

This research aims to develop a self-study system equipped
with an artificial teacher who gives advice to students by
detecting the learners and to evaluate language learning in a
unified framework. “Detecting the learners” means that the
system understands the learners’ learning conditions, such
as the learner’s degree of understanding, the difference in
the learner’s thinking process, the degree of concentration or
boredom during learning, and the problem-solving skill of each
learner, which can be interpreted from the learning behavior.

Several studies have used electroencephalograph (EEG)
information as a way to understand the learners’ learning
conditions [1] [2] [3] [4]. It has been found that measuring
the ratio of α and β waves is effective for observing the
human thinking state [5] [6] [7]. In addition, β/α increases
when working on difficult tasks [8] [9] [10].

In this study, we measure EEG information during pro-
gramming learning. We focus on the relationship between
answer time and EEG, and attempt to detect careless mistakes
when attention is lost. We believe that intensive training on
problems that are likely to cause careless mistakes can lead to
improvements in programming skills.

The rest of the paper is organized as follows. In Section 2,
we describe previous works related to this study. In Section

3, we explain the details of the experiment. In Section 4, we
discuss the proposed method for judging careless mistakes.
In Section 5, we analyze the experimental results. Finally, in
Section 6, we summarize our study and discuss future work.

II. PREVIOUS WORKS

A. Study on brain waves

It has been empirically found by studies in neuroscience
and psychology that brain waves can be used as an index of
a person’s state of mind [11]. In previous studies, the α and
β waves (obtained from analyzing the power spectra of EEG
in frequency space) were used to estimate a person’s state of
mind [12].

B. Applicability of brain waves to learning

Several studies have measured cognitive load during learn-
ing using EEG. Measuring the changes in the power of brain
waves with EEG was also the method of choice in a study
that examined cognitive processes in multimedia learning [3].
Antonenko et al. used EEG to investigate the effects of leads
on cognitive load and learning in an experiment involving
participants reading lead-augmented hypertexts of comparable
conceptual difficulty [4].

Other researchers have found that the power spectra of the
α and β waves, the ratio of the α and β waves in relation to
all brain waves, and the simple ratio of the α and β waves can
be used to estimate a person’s state of mind [5] [7]. Moreover,
it was also shown that the activity of a person’s brain can be
estimated by measuring the α and β waves and estimating β/α
[6].

In a previous experiment using a simple typing test with
varying degrees of difficulty, we confirmed that the β/α ratio
increases with task difficulty [8]. We also found that the low-
β-wave/low-α-wave ratio, where “low” means low frequency,
increases as a person works on a difficult task [9].



In another experiment in which the change in brain waves
was measured as the examinees became used to a new task
(assembling a robot using a three-dimensional motion capture),
we showed that although the examinees became accustomed
to the task in various ways, the low-β/low-α ratio of the
examinees who reported that the task was easy fell gradually
[10].

III. DETAILS OF THE EXPERIMENT

A. Participants

Three undergraduate students from the Shonan Institute of
Technology participated in the experiment.

B. Learning contents

Learning content is the basis of the Java language and
consists of the following eight chapters. Note that, Chapter
1 is only for practice; hence, no EEG was measured.

Chapter 1. Input/output (for practice)
Chapter 2. Variable, Operation
Chapter 3. Branch
Chapter 4. Repetition
Chapter 5. Array
Chapter 6. Method
Chapter 7. Class 1
Chapter 8. Class 2

Each chapter consists of materials that explain the contents
and 10 questions to measure the level of understanding.

Figure 1 shows an example of a question built on Moodle.
We conducted a questionnaire on the degree of difficulty that
can be answered easily for each question. In addition, since
we constructed each question as a single task in Moodle, the
answer start time and answer end time can be collected later
as logs using the Moodle function.

C. Experiment flow

The flow of the experiment is shown in Fig. 2. Firstly,
the participants learn by reading the explanatory material in
Chapter 1. Then, they continue to answer questions from the
first to the tenth question in Chapter 1. Note again that Chapter
1 is only for practice and the subsequent chapters are the actual
experiments. The participants learn by reading the explanatory
materials in Chapter 2. The brain wave at that time is measured
for 5 minutes, and the measurement is stopped once after 5
minutes. The participants continue to answer questions from
the first to the tenth question in Chapter 2. At that time,
the brain wave is measured. We then measure continuously
without stopping at each question. Since the measurement time
can be acquired as a log, it is possible to extract the brain wave
corresponding to each question. We repeat the same process
for all subsequent chapters.

D. Method of measuring brain waves

The EEG used for measuring the brain waves was a
MindWave Mobile headset (NeuroSky, Inc.). As shown in
Ref. [15], the MindWave Mobile headset picks up potential
differences (voltages) on the skin at the forehead (FP1 position

Fig. 1. Question built on Moodle.

Fig. 2. Experiment flow.

in the international 10-20 EEG system) and the ear (A1

position)(gray circles in Fig. 3). The signals were passed
through analog and digital low- and high-pass filters to retain
signals in the 1–50Hz range. After correcting for possible
aliasing, the signals were sampled at 128Hz. For each second,
the signal was analyzed in the time domain to detect and



correct noise artifacts. A standard fast Fourier transform was
performed on the filtered signal, and finally the signal was
rechecked for noise and artifacts in the frequency domain.

Fig. 3. International 10-20 EEG system.

As shown in Fig. 4, the headset was connected to a
ThinkGear Connector by Bluetooth, and the ThinkGear Con-
nector communicated with a log-collection application by
TCP/IP. The ThinkGear Connector is a driver provided by
NeuroSky Inc., which can transfer brain wave data converted
in the headset into the log collection application.

Fig. 4. Outline of the method for measuring brain waves.

Eight types of brain waves were acquired according to
Ref. [15]; these are shown in Table I. A four-byte (unit-less)
floating-point value was acquired for each type. The Mind-
Wave Mobile headset can also collect eSense (i.e., Attention
and Meditation) data. The Attention and Meditation values
were scaled between 1 and 100, and evaluation of the rating
scale was as follows [16]. Measurements between 1 and 20
were considered very low, those between 20 and 40 were
considered low, those between 40 and 60 were considered
“neutral”, those between 60 and 80 were considered a little
high, and those between 80 and 100 were considered high.

TABLE I
ACQUIRED BRAIN WAVES [15].

Type Frequency (Hz)
δ wave 0.5–2.75
θ wave 3.5–6.75
low α (αl) wave 7.5–9.25
high α (αh) wave 10–11.75
low β (βl) wave 13–16.75
high β (βh) wave 18–29.75
low γ wave 31–39.75
mid γ wave 41–49.75

IV. PROPOSED CARELESS MISTAKE ESTIMATION METHOD

In this study, we define careless mistakes as “wrong answers
in a short time” and “wrong answers without thinking”, that
is, “wrong answers because they did not answer properly.”

Our proposed careless mistake estimation method is as
follows. First, we calculate the average answer time for each
question for each participant in the experiment. Then, we focus
on the questions that they answered incorrectly, and then focus
on the questions whose answer time is smaller than the average
value. In other words, we are focusing on questions answered
incorrectly in a short time.

Here, we refer to the average value of the EEG while solving
the target question as the target average. We also refer to
the average value of the questions from the first question
to the question immediately before the target question (not
including the target question) as the cumulative average. The
next step is to compare the target average with the cumulative
average, and extract the value whose target average is smaller
than the cumulative average. However, question 1 is excluded
because there is no cumulative average value to compare it
with. Finally, we performed an F -test (test for homogeneity
of variance) and a t-test (test for difference in means) on the
extracted average and the corresponding cumulative average,
and check whether a significant difference is observed.

V. EXPERIMENTAL RESULT

We first show the average answer time of the participants
in Table II.

TABLE II
AVERAGE ANSWER TIME OF THE PARTICIPANTS.

Average answer time (sec)

Participant 1 39.6

Participant 2 59.6

Participant 3 44.2

Fig. 5. Average EEG when answering each question in Chapter 3 for
participant 1.



Fig. 6. Average EEG when answering each question in Chapter 7 for
participant 2.

Fig. 7. Average EEG when answering each question in Chapter 8 for
Participant 3.

Next, as an example, we show the brain waves of three
participants in Figs. 5, 6, and 7. The horizontal axis shows
the question number, while the vertical axis shows the value of
β/α. Note that we only show the average EEG corresponding
to answering each question. We observe that the values of
β/α at the locations of the ellipses in Figs. 5, 6, and 7
are decreasing. Hence, if the corresponding questions have
incorrect answers, have short answer times, and the values
of β/α are statistically significantly lower, then a careless
mistake is made.

Table III shows the experimental and estimated results of
careless mistakes. It shows the questions that each participant
answered incorrectly and the corresponding answer time that
was shorter than the average answer time for each participant.
We did not include questions that took longer than the average
answer time in Table III because they were not considered as
careless mistakes.

The tenth to fourteenth columns of Table III show the
average values of EEG while answering each question. Note
that we considered five types of EEG, i.e., βl/αl, βh/αh,
βl/αh, βh/αl and βl+h/αl+h, based on a previous study.

The fifth to ninth columns of Table III show cumulative
averages. For example, the value of 1.499 in the third row
from the top of the fifth column correspond to question 7 in
Chapter 3, so it is the average EEG when answering questions
1 to 6 in Chapter 3.

Next, the shaded cells in the tenth to fourteenth columns
show values smaller than the cumulative average values in the
fifth to ninth columns. We performed an F -test and a t-test on
the shaded cells and their corresponding cumulative averages
using the original data before averaging (see Appendix). The
symbol “*” represents values that are statistically significantly
smaller than the average value of EEG.

Cells with this symbol correspond to not only short answer
time, but also small β/α from EEG. In other words, it can be
determined that they did not consider answering and that this
is a careless mistake.

According to Table III, participant 1 had a few incorrect
answers. It is thought that he was good at Java programming.
Participant 2 had a slightly higher number of incorrect an-
swers, but none were estimated as careless mistakes. It is
thought that he made a mistake after careful consideration.
Participant 3 made many incorrect answers. Among them were
for question 9 in Chapter 2, question 9 in Chapter 4, question
7 in Chapter 5, question 7 in Chapter 6, and questions 3 and
9 in Chapter 8, which can be estimated as careless mistakes.
We found that participant 3 was more likely to make careless
mistakes at the end of each chapter.

VI. CONCLUSION AND FUTURE WORK

In this study, we measured EEG information during pro-
gramming learning. We focused on the relationship between
question answer time and EEG, and we were able to detect
careless mistakes when attention was lost. In the future, we
would like to incorporate the method of determining careless
mistakes into a self-study system equipped with an artificial
teacher who gives advice to students by detecting the learners
and evaluate the effectiveness through experiments.
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APPENDIX

Table IV shows the results of the F -test and t-test. The
results of the F -test are shown in the fifth to ninth columns
of Table IV. The unshaded cells denote that the p-value is
less than 0.2, that is, the null hypothesis of the F -test (test
if two populations have equal variance) is rejected and the
two populations are determined to not have equal variance.
Conversely, cells that are lightly shaded denote that the two
populations have equal variance.

According to the results of the F -test, the results of the t-test
assuming equal variances and assuming not equal variances are
shown from the tenth to fourteenth columns of Table IV. The
dark shaded cells denote that the p-value is less than 0.05, that
is, there is a difference in the average value.




