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Abstract— Unhealthy eating habits have become a big issue that often causes many chronic diseases in
various countries in recent years. The current assessment to identify the status of eating habits is to use self-
assessment. However, self-assessment is known to have an error or uncertainty value due to cognitive
factors from respondents that affect the results of the assessment. This study identifies a person's eating
habits by taking further analysis on the P300 which is an ERP component that excels in showing differences
in individual responses to attention processing in visual food images. A set of healthy and unhealthy food
images was used as a stimulus when recording the EEG data. The method used for classification is dynamic
evolving spiking neural network (deSSN) based on the Neucube architecture. The results showed that the
mean amplitude of the P300 component discovered in the Parietal and Occipital lobes was higher for healthy
food in the healthy eating habits group. Whereas the unhealthy eating habits group was higher for unhealthy
foods. The deSNN classification is proven to operate in learning ERP data but the accuracy rate is not too
high due to inadequate sample training.
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DESNN

Unhealthy eating habits are known widely have a
significant effect on health problems [1]. Nevertheless, in
the real life there are still many people who are negligent
and do not take more attention in maintaining their diet.
Fulfill the daily nutritional needs is a very important
obligation and requirement to make the body function
optimally [2]. This is evidenced by the increasing rates of
being overweight and obese over the past few decades
which often contribute to chronic related diseases in the
global population [3] - [5]. Thus, that makes every state
infrastructure in the health department continues to
campaign about the importance of diet and food behavior
[6], [7]- Because it is known that the main factors that cause
adverse effects on a person's weight status are physical
inactivity and unhealthy dietary habits [5], [8]. Although
very good knowledge of general guidelines for healthy
eating, the occurrence of differences in the actions carried
out by each person is strongly influenced by the perception
factors that are built up in their minds [9].

Self-assessment is a well-established instrument in
classifying someone who adopts a healthy lifestyle
(preventive) or someone who does not maintain their
lifestyle (curative). However self-assessment is known to
have flaws because the results contain a bias which causes
the accuracy of the classification results is not optimal. Many
factors influence the misclassification done by self-
assessment because everyone has their standardization in
assessing themselves [10] - [12]. Then because the profile of
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eating habits is strongly influenced by one's views and
perceptions, other alternatives using data obtained directly
from their brains are believed to be able to support self-
assessment to improve accuracy. Event-related potential
(ERP) is the primary technique used by neuroscientists in
dealing with identifying a person's perception or attention
[13]. Therefore, the experiment in this study was conducted
to capture and evaluate the performance of ERP brain data
in recognizing their profile using machine learning
techniques. This paper is organized as the following: 1)
Introduction  describes the  background, problem
statements, and research objectives of this study, 2) Related
Works presents previous studies on ERP related to food, 3)
Participants in this experiment are described, 4)
Methodology demonstrates procedures or techniques used,
5) Discussion interprets and describes the findings of the
experiment results, and 6) Conclusions and Future Work
summarizes the main findings and suggest the
recommendation to extend this current works.

Event-related potential (ERP) is one technique for
processing cognitive food images at the nerve level [14].
Research in using Event-related potential (ERP) has analyzed
the reactivity of food images extensively [15]. ERP has
revealed differences in the way the brain processes food
images [16]. For research purposes, food images are a
suitable and convenient alternative to real food because
many dietary decisions are carried out based on the visual
appearance of food [17].
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In the past few years, there have been many experiments
in utilizing ERP signals to understand a person's response to
a stimulus in the form of a food image. Literature studies on
cognitive ERP related to food is summarized in a study [18]
which aims to look at ERP components that need to be
highlighted concerning eating habits. This study concludes
that ERP shows a convincing ability to extract features
related to human cognition. However, there are limitations
in several previous studies that only compare perceptions
and attention to healthy and unhealthy food stimuli, or high
calorie and low-calorie foods, but do not observe the
relationship to eating habits. This raises the importance of
holding this study to conduct further analysis with the
relationship between ERP on food and eating habits [19-21].

As stated by previous studies, it was found that there is
one powerful ERP cognitive component in showing
differences in individual responses to attention processing
in visual food images, namely the P300 (P3) component[16],
[18], [22]. P300 as the main component of research is a
positive ERP component that occurs around 300 ms after
the stimulus is given. This component is associated with the
allocation of attention and memory in the human brain,
where greater attention is reflected by larger P3 waves [23].

I1l. PARTICIPANT

Twenty-two (11 male, 11 females, mean age 21.45 years)
undergraduate students at International Islamic University
Malaysia (IIlUM) participated in the experiment. Participants
were prior recruited through public announcements and
screened based on their scores and status on eating habits.
This assessment was carried out using the HPLP-II
questionnaire by taking the nutritional dimension. This kind
of screening stage aims to find 11 participants with healthy
eating habits status and 11 participants with unhealthy
eating habit status to avoid having a dominant sample in this
experiment. None of them reported any neurological
disorders, eating disorders, substance abuse or addiction.
All participants are explained about the experiment
instructions and must be willing to sign the consent form
before participation. This study was approved by the IIlUM
Research Ethics Committee (IREC).

IV. METHODOLOGY

In general, the method or sequence of processes applied
in this study is illustrated in Figure 1, namely data collection,
pre-processing, and classification.

‘ DATA ACQUISITION ‘

i

‘ PRE-PROCESSING ‘

i

‘ CLASSIFICATION ‘

Fig. 1 The flow of methods used in this study
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A. Data Acquisition

Raw EEG data was recorded using a Dabo-machine with 19
electrodes and EEG sampled at 250 Hz. The location channel
that was according to International 10-20 system includes
Fp1) sz) F7! F3) FZ) F4) F8I T3! c3) CZ, C4) T47 T4I TS) P3) PZ)
P4, T6, 01, and O2. The electrode placement on the subject's
scalp according to the position of the channel as shown in
Figure 2, followed by an explanation of the electrode
labelling in Table I. CFz indicates as a recording reference,
and AFz indicates as ground.

Prior the data collection session, there was a prerequisite
for participants not to consume anything other than mineral
water (250 ml) within 3 hours beforehand [20]. This is
because the hunger level becomes a new variable that
affects data analysis.

Then participants were asked to sit comfortably while
looking at the computer monitor used for stimulation
presentations. During the recording of EEG data,
participants passively pay attention to the images presented
and were asked to minimize body movements. Participants'
movements are monitored by researchers and documented
via video for offline analysis.

INION

Fig. 2 Distribution of electrode sites on the scalp

TABLE |
EEG ELECTRODE LABELLING
Ar;aato_mlcal Description Left Right
egions
Fp Pre-frontal lobe Fpl Fp2
F Frontal lobe F3, F7 F4, F8
T Temporal lobe T7 T8
C Central C3 C4
P Parietal lobe P3,P7 | P4,P8
¢} Occipital lobe 01 02
7 An electrode placed ) )
on the midline
Nasion A point between the ) )
forehead and nose
Inion The bump at the ) )
back of the skull
Even Refer to the right
numbers hemisphere i i




International Journal on Perceptive and Cognitive Computing (IJPCC)

All participants were tested individually by receiving
stimuli that were designed using the PsychoPy software.
Each experiment begins with a background of light grey
with a cross fixation in the middle with a duration of 1-2
seconds as an intertrial interval (ITI), followed by a visual
presentation of stimulation in the form of food images for 2
seconds.

Stimuli consists of two categories of images that show
images for healthy foods and unhealthy foods that are
demonstrated randomly with ITI in between. A total of 60
stimuli, consisting of 30 images each for healthy and
unhealthy food. The image database used in this study was
taken from the Standardized Food Images (SFI) database
[17]. Then the selection and categorization of images carried
out by a nutritionist namely Dr Nur Fardian, M. Nutrition
(Indonesia) and Asst. Prof. Dr Nor Azwani Binti Mohd Shukri
(ITUM Kuantan, Malaysia).

B. Pre-processing

ERP data analysis is initialized by conducting pre-
processing as shown in Figure 3. For the whole of operations
in this method use a MATLAB package named ERPLAB
Toolbox. This stage aims to clear data from noise or external
sources not related to recorded neurological activity.

SIGNAL
FILTERING

ARTEFACT
REJECTION

SIGNAL
AVERAGING

Fig. 3 The procedure flow of signal pre-processing

After receiving the raw EEG signals from each dataset,
pre-processing begins with filtering of EEG signal recordings
to eliminate signals from unwanted frequencies by pressing
certain frequency areas without distorting and losing
significant information from the data. This study uses a
Bandpass filter by implementing a high-pass filter with a cut-
off of half-amplitude 0.1 Hz and low-pass with a cut-off of
half-amplitude of 30 Hz.

Then proceed with the artefact rejection by Independent
Component Analysis (ICA) which can extract some artifacts,
especially ocular artifacts (blinking and eye movements) on
EEG and ERP data. ICA is competent to increase SNR and
maintain the integrity of information on brain activity [24]-
[27]

Subsequently since the noise has been minimized, the
next step is to convert continuous EEG data into ERP brain
signals for each subject. But to calculate the average of EEG
signals, the process of segmentation and baseline
correction needs to be done beforehand. Segmentation is
performed by suppressing latency or time duration between
250-500 ms post-stimulus to extract the P300 component.
Then ERPs are acquired by extracting and calculate the
average of the EEG signals across a number of the same
events [28] as in the following equation:
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N
=E|[x] = l (6]
y=Elxl~ 5 ) x (™
j
The variable x; refers to the raw EEG signal that reflects
the activity associated with a specific period in the
stimulation presentation for each electrode on the scalp.
The parameters N and j refer to the number of trials and
iteration index, respectively. Then the grand-averages are
calculated for each group (i.e. preventive and curative)
because ERP single subject analysis found that it is difficult
and complex to capture the differences between groups
and conditions.

C. Classification

The final step is the classification of eating habits profiles
by using ERP data and dynamic evolving Spiking Neural
Network (deSNN) technique. DeSNN is one of the artificial
intelligence methods that is appropriate for studying several
complexes from spatio-temporal brain data (STBD), such as
ERP brain signals [29] - [33].

DeSNN has the advantage of adopting a rank-order
mechanism so that it highlights the importance of
sequences in the arrival of surges in input making it suitable
for online learning in various applications [34]. DeSNN is also
able to adjust connection weights depending on the next
surge that comes at the same synapse over time so that the
optimal ability is to capture a portion of memory (long term)
through the potential growth of post-collapse [35].

This study uses Neucube software which is a
machine that applies deSNN as a learning method. The
NeuCube framework has been successfully applied to the
classification and extraction of EEG data knowledge in
numerous cases with high accuracy [30], [35] - [37].

V. DISCUSSION

A. P300-ERP Results

As a method for the initial analysis of the data on the
P300 component, a visual inspection is performed by
displaying a scalp topography using ERPLAB. Scalp
topography shows temporal characteristics as oscillations
or rhythms which extend over some time. Thus, for this
frequency analysis method, Figure 4 shows a scalp
topographic map over a range of 250-500 ms with 50 ms
intervals for both preventive and curative profiles in healthy
and unhealthy foods stimuli. Limiting the time range from
250 to 500 ms is carried out to analyze the P300 component
that can be found in that time frame. Figure 4.a shows the
scalp topography in the preventive group when receiving
healthy food stimuli (top) and unhealthy food stimuli
(bottom).

The topographic map is represented by a spectrum of
colors with the legend on the right side of the image
expressed in the scale bar for each group of profiles. The
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color spectrum shows the value of the voltage produced in
each area or part of the scalp. Therefore, it can be seen that
the darkest red shows the highest amplitude value, while
the darkest blue shows the lowest amplitude value.

PREVENTIVE — HEALTHY FOODS STIMULI

250 ms 300 ms 400 ms 450 ms

PREVENTIVE — UNHEALTHY FOODS STIMULI

DO00O6

250 ms 300 ms 400 ms 450 ms 500 ms

250 ms 300 ms 400 ms 450 ms

CURATIVE — UNHEALTHY FOODS STIMULI

250 ms 300 ms 350 ms 400 ms 450 ms

(b)

Fig. 4 Scalp topography on P300 component (250 - 500 ms)

Based on the examination of figure 4, in both the
preventive and curative groups it was found that in the
posterior region located behind the head around the
occipital and parietal electrodes O1, 02, P3, P4, P5 and P7
produced red color. This indicates that the voltage
generated in the area is higher than in other areas. This
result is in line with several previous studies which also
discovered that the parietal and occipital regions are strong
references in identifying perception and attention [32], [38],
[39]. Therefore, further discussion is focused on the relevant
lobes in the posterior region, namely the parietal and
occipital lobes.

Furthermore, through visual exploration in Figure 4.3, an
interesting initial interpretation can be taken that the
preventive group produces a relatively greater amplitude
for healthy food compared to unhealthy food stimulation. In
contrast to the curative group in Fig 4.b, a greater amplitude
is produced by unhealthy foods compared to healthy foods.
The amplitude value is known to be larger because the area
displays a wider red color. The red color is known to
represent higher amplitude values. Therefore, with the
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initial analysis of the scalp topography, it was found that in
the preventive profile, the attention generated by the
subject was higher for healthy food. While on the curative
profile, the attention was higher when the subjects received
images of unhealthy food.

Also, the amplitude in the posterior region seems to
increase intensively over time. For example, in the
preventive group of healthy food stimuli (refer to Fig. 4.a),
the red color appears darker and wider when observed from
each scalp map capture at 200, 250, 300, 350, 400, 450, and
500. Similarly, the curative group on unhealthy foods (refer
to Fig. 4.b), red is also darker and wider when it reaches
greater latency.

The initial interpretation is further proven by calculating
the average amplitude at 250-500 ms for each preventive
and curative group. The mean amplitude results in channels
P3, P4, P7, P8, O1, and O2 in all conditions are shown in table
Il and table Ill for preventive and curative group respectively.

TABLE 11
MEAN AMPLITUDE OF PREVENTIVE GROUP — P300 IN PARIETAL AND OCCIPITAL LOBE

Channels Stimuli
Healthy Food Unhealthy Food
P3 1.05 0.56
P4 0.79 0.93
P7 0.91 0.17
P8 0.58 0.58
o1 1.61 1.14
02 2.49 1.53
Mean 1.24 0.82
TABLE IH111

MEAN AMPLITUDE OF CURATIVE GROUP — P300 IN PARIETAL AND OCCIPITAL LOBE

Channels Stimuli
Healthy Food Unhealthy Food
P3 1.96 2.83
P4 2.23 2.52
P7 2.78 3.04
P8 3.81 3.48
01 3.76 3.48
02 3.35 4.94
Mean 2.98 3.38

Table 1l confirms that the mean amplitude produced in
the preventive group in the parietal and occipital areas is
greater for healthy food images. Then table IIl shows that
the results for the curative group are contradictory
compared to the preventive group where a greater mean
amplitude is generated for unhealthy foods. The mean
amplitude results are aligned and reinforce the initial
interpretation of the scalp topography that has been
reviewed previously.

The results of ERP signal analysis seem to show and
reflect more desire and attention to the food image that is
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their preference in choosing food in their daily life. Based on
a few papers that stated the amplitude seems greater when
the subject allocates the more attention to the affective
image [23], [40] - [42], then it can be interpreted that each
group shows interest based on their food choices in
everyday life. The preventive group that maintained their
health showed a greater interest in healthy foods.
Meanwhile, the curative group who tended not to take
concern to their dietary nutrition showed more attention to
unhealthy foods.

B. DeSNN Results

The following are the results of the P3 wave classification
process using the dynamic evolving spiking neural network
technique. The dataset is designed with some information
shown in Table IV. The 19 features refer to the number of
channels used, the length of time is the number of recorded
data as many as 63 representing ERP data that is locked time
for 252-500 ms, and 2 classes show as a label of the
classification process, namely preventive (class 1) and
curative (class 2).

TABLE IVV
DATASET INFORMATION ON P300-ERP CLASSIFICATION
Dataset Component Number
Sample 22
Feature 19
Time Length 63
Class 2

Further, the classification is done through a 0.5 set training
ratio process and verifies the classification with leave-one-
out cross validation. Table V records the accuracy of ERP
data on two stimuli, namely healthy food and unhealthy
food. This demonstrates that the proposed method is
proven to run in this study.

Referring to Table V, the average accuracy of the test
results on the waveform of healthy foods is the same as
unhealthy foods. The resulting accuracy tends to be low.
This is most likely due to the relatively small number of
samples to be able to build a good profiling model. As it is
known that Neucube will show better performance if given

greater training data [32], [34], [43], [44].

TABLEV
DESNN RESULT ON P300-ERP DATA
Accuracy Healthy | Unhealthy | Difference
Food Food Wave
Class 1 18.18% 36.36% 27.27%
Class 2 63.64% 45.45% 27.27%
Average | 40.91% | 40.91% 27.27%

Furthermore, based on Table V, it can be seen that both in
healthy or unhealthy food stimuli, more classification
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difficulties occur when predicting preventive class. It also
can be seen that in class 1, which represents the preventive
group, the accuracy is very low compared to the curative
group or class 2. This means that the deSNN technique has
difficulty in identifying and classifying the preventive class.
This shows that the chosen subject seems unable to
represent the profile of healthy eating to the best possible
way. So, in addition to adding sample data, the quality of the
subject also needs to be taken into account to be improved
as well. This can be done by recruiting participants by
determining target subjects in the form of sportsmen or
nutritionists who are considered to have a high awareness
of the importance of a good lifestyle.

VI. CONCLUSIONS AND FUTURE WORK

Preventive or healthy eating habits group generated the
greater amplitude generated in the healthy food stimuli,
while the curative or unhealthy eating habits group
generated a greater amplitude in the unhealthy food. These
results support the belief that food images are closely
related to food choices in everyday life. It was found that the
ERP component of the P300 shows promising potential for
further analysis in identifying a person's profile based on
their eating habit. The proposed methods using ERP data
and dynamic evolving spiking neural networks in eating
habit profiling are proven to be operational. The accuracy
rate of deSNN might be higher if the number of samples is
enlarged and the quality of the subject is improved.

In future work, the number of subjects and the quality of
qualifications must be increased to present each group's
profile more clearly. To improve the quality of the subject, it
can be conducted by setting targets by specifying an
environment for distributing questionnaires, for example,
sports areas or student's degree in the health field for
finding the extremely preventive people.

The experiment protocol used is also recommended to
be more varied by assigning instructions on viewing
unhealthy food stimuli, such as direction for thinking about
the taste of the food, imagining eating the food or thinking
about the short- and long-term consequences of eating the
food. It is expected that by applying all the suggestions and
recommendations presented, classification accuracy can be
improved and a profiling method can be built properly.
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