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ADAPTING THE P300 BRAIN-COMPUTER INTERFACE TECHNOLOGY
TO ASSESS CONDITION OF ANOREXIA NERVOSA PATIENTS

Ganin IP'® Kosichenko EA', Sokolov AV22, loannisyanc OM?, Arefev IM?, Basova AYa?®, Kaplan AYa'

" Faculty of Biology, Lomonosov Moscow State University, Moscow, Russia
2 Scientific-practical Children's and Adolescents Mental Health Center n.a. G. Sukhareva, Moscow, Russia
8 Pirogov Russian National Research Medical University, Moscow, Russia

Brain-computer interface based on the P300 wave (P300 BCI) allows activating a given command according to the electroencephalogram (EEG) response to a
predetermined relevant stimulus. The same algorithm enables detecting a subjectively important item (i.e., one triggering emotional response) in an environment
even without actively drawing attention to it. Such systems allow assessing the personal significance of certain information, which can be used in the diagnostics
of disorders of emotional perception or value system, e.g., eating disorders. This study aimed to investigate the EEG responses of anorexia nervosa patients
(diagnosis F50.0, n = 12, age 11-16 years) to the stimuli with different perceived emotional significance, as well as to validate application of P300 BCI to detect the
focus of attention to subjectively important stimuli. The inclusion criteria were: diagnosed anorexia nervosa (diagnosis F50.0); active rehabilitation. We registered
the EEG while presenting images with different content to the patients. The event-related potentials (ERP) were detected and analyzed with the help of MATLAB
7.1 (MathWorks; USA). Statistica 7.0 software (StatSoft; USA) was used for statistical analysis of the data. We have discovered that in passive viewing paradigm,
images of body parts of emaciated people among other images caused ERP with higher amplitude than images of food. Moreover, the accuracy of detection was
higher for images of body parts: 89% against 59%, respectively. Thus, we have proven the validity of applying P300 BClI to detect covert emotional foci of attention
and added to the existing knowledge about the mechanisms of development of anorexia nervosa.

Keywords: brain-computer interface (BCI), electroencephalogram (EEG), event-related potentials (ERP), visual attention, P300 wave, eating disorders,
anorexia nervosa

Author contribution: all authors participated in the experiment planning; Ganin IP — immediate research activities, data analysis and interpretation, literature
analysis, manuscript authoring; Kosichenko EA — immediate research activities, literature analysis, data analysis; Sokolov AV — immediate research activities, data
interpretation, text editing; loannisyanc OM — diagnosing and selection of patients for the study; Arefev IM — support of experiments, data interpretation; Basova AYa —
data interpretation, text editing; Kaplan AYa — data interpretation.

Compliance with ethical standards: the study was approved by the ethical committee of Scientific-practical Children's and Adolescents Mental Health Center
n.a. G. Sukhareva (Protocol No. 1 of 2017.09.21). The legal representatives of children signed a voluntary informed consent allowing them to participate in the study.

<] Correspondence should be addressed: llya P. Ganin
Leninskie Gory 1, bld. 12, ap. 246, Moscow, 119234, ipganin@mail.ru

Received: 08.10.2018 Accepted: 27.03.2019 Published online: 10.04.2019
DOI: 10.24075/brsmu.2019.022

AJANTALMA TEXHONOMMN UHTEP®ENCOB MO3I-KOMIMBLIOTEP HA BOJIHE P300
ANs1 OLEHMBAHUA COCTOAHUSA BOJIbHbIX HEPBHOW AHOPEKCUEN
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VIHTepdenc mosr-komnbtotep Ha ocHoBe BOsHbl P300 (MIMK-P300) no3sonsieT ¢ NOMOLLBIO nokasaTtenen anekTposHuedanorpammbl (S36), NofyHeHHbIX Npy
peakuun Ha 3afiaHHbll 3apaHee CTUMYN, akTVBMPOBaTb COOTBETCTBYIOLLYIO LieneByto komaHay. C MOMOLLIO aHaNorMYHOro airoputMa MOoXHO BbIAenTb 13
OKPY>KAIOLLIEro KOHTEKCTa CyObeKTUBHO BbIAENSOLLMACS MO SMOLMOHASBbHBIM XapakTepUCTUKaM CTUMYN Aavke 6e3 NPUBAEHEHNS K HEMY aKTUBHOIO BHUMaHWS.
Takve crCTemMbl MO3BOSIAT OLEHMBATL 3HAYMMOCTb A1 YeloBeKa OMPeAesieHHoN MHAOPMaLWN, YTO MOXHO MCMOMb30BaTh MPU AMArHOCTUKE HapyLLEeHWN
3MOLWIOHAIBHOrO BOCTIPUSITUS UMM CUCTEMBI LIEHHOCTEN, HanpuMep, Npuy HapyLLeHUsX N1LLIEBOro noBeaeHus. Liensto viccneposaHys 66110 nayqinTs O3M-peakummn Ha
npeabsiBAeHne CTYMYOB Pasn4HON SMOLIMOHaTBHOM 3Ha4MMOCTV 60nbHBIM ¢ avarHo3oM F50.0 «HepeHasa aHopekcus» (0 = 12, BogpacT 11-16 neT) 1 npoBepuTb
rMnoTe3dy O BO3MOXXHOM AETEKTUPOBaHMN (POKyCa BHUMaHUS K CyObEKTMBHO 3Ha4MbIM CcTmynam Ha ocHose IMK-P300. Kputepuin BKIKOYEHNA NauLneHToB
B mMccrnepoBaHve: Hanmdne avarHoda F50.0 «HepBHasi aHopekcus»; nepuog peadbunutaumm. Pervctpuposany 93 Ha (hoHe MpeabsBAeHUs N306pakeHni
Pas3nNMYHOro CopepXKaHVs. Bbiaensanm v aHanmsnpoBany NoTeHLmasbl, cBA3aHHble ¢ cobbimuamu (NMCC) ¢ nomolpto cpeabl MATLAB 7.1 (MathWorks; CLLIA).
CraTncTn4ecKuii aHann3 faHHbIX BbINOMHANM C MOMOLLBIO nakeTa nporpamm STATISTICA 7.0 (StatSoft; CLUA). Kak nokadano nccnegoanve, npeabsasneHne B
YCNOBVISIX MACCVBHOMO BHMaHUS 300paXKeHNI YacTell Tena NCTOLLEHHbIX Nofel Ha hoHe MPOYMX M306padKeHNit Bbi3biBaIO Honee BbiCokue amnamnTyapl MNCC,
4eM NPV NPEeSbABNEHUM N30OPaDKEHNIA MULLM. ANTOPUTM MO3BONA TakxKe Pacrno3HaBaTb peakLmn BHMMaHMs B O3l nonb3osaTens Ha oba Tvna n3o0pakeHnin
Cpeav OCTasTbHbIX CTUMYJIOB, MPW 3TOM TOYHOCTb PACMO3HaBaHWA A1 N300PadKEeHW HacTen Tena Obina CyLLEeCTBEHHO Bbille (89% npoTvs 59%). 310 AoKasbiBaeT
BO3MOXHOCTb Mcnonb3osaHns VIMK-P300 ang pacnosHaBaHus HEABHbIX SMOLMOHATTbHBIX (DOKYCOB BHVUMAHUA W JOMOSHAET CyLLEeCTBYOLIME 3HAHWS O
MexaHM3Max PasBrUTUS HEPBHOM aHOPEKCHN.
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Brain-computer interface technology (BCI) is currently being
accepted as a standard research tool by more and more
neurophysiology laboratories in the world [1]. BCl is a system
developed and designed to enable people with lost or damaged
motor functions to command external devices by decoding
specific electroencephalogram (EEG) patterns [2]. There is a
high demand for such interfaces in medicine: they are used
to control auxiliary units [3, 4], for rehabilitation purposes [5],
and also for communication [6]. Therefore, BCl is the subject of
many research efforts.

At its current level, in certain conditions BCI allow highly
accurate interpretation of the operator's commands as
analyzed from EEG, which signals of the possible extension
of the technology's potential sphere of application. First of all,
the approaches and algorithms used in BCI can be used not
only to recognize specific commands resulting from an arbitrary
concentration of attention, but also to detect implicit foci of
attention to external stimuli or one’s own internal states. Such
involuntary shifts of attention or, on the contrary, absence of
attention markers in the EEG readings under certain conditions,
can help diagnose various mental disorders in the context of
instrument-assisted examinations.

There is a number of BCI versions that would allow
designing a system for this purpose; the most appropriate of
them is the interface enabling interpretation of the P300 wave,
the P300 BCI [2, 6, 7], which offers external stimuli-commands
and thus enables its operator to select commands. Determining
such commands takes sequential activation of the stimuli (e.g.,
flashing letters on a display) and analysis of the response
thereto. If the amplitude of the event-related potentials (ERP) is
high, the stimuli is considered to be important for the operator,
which translates into selection of the corresponding command.
P300, a well-studied wave, is the main component of ERP: its
amplitude is highest in response to rare and important stimuli.

EEG registers a specific response to an external stimulus
in case the BCI user actively concentrates on the relevant
command. However, the P300 wave and other EEG-detectable
signs of attention to an event may be caused by stimuli
that attract the person's attention indirectly, i.e. they are not
immediately and clearly interesting to that person but probably
possess some significance due to subjective experience,
current psycho-emotional status [8, 9], which justifies the
involuntary attention. Thus, the P300 BCI stimuli presentation
paradigm also allows deriving the peculiarities of perception of
specific information from the person's EEG readings, as well
as detecting the focus of implicit interest to the certain classes
of external stimuli. The patients would not have to react to a
specific class of stimuli; rather, such a system would simply
require them to look at the presented sequences of stimuli
[10], thus exploiting the so-called passive attention paradigm.
The feasibility of such an approach is based on the fact that
even without a conscious response to a stimulus, biological or
emotional, it can anyway trigger a reaction [11] because it is of
significance to the person. Therefore, for the BCI purposes such
a stimulus can be considered a "target" stimulus, which allows
further classification based on the analysis of EEG readings.

The most logical option for such examination methods is to
use emotional content in a mix with neutral content [12]. The
systems making use of these methods would automatically
detect overexcitement in people whose job implies high
emotional load [13]. They would also enable instrument-
assisted diagnosing of the emotion perception disorders, such
as autism [14, 15].

Applying the methods exploiting P300 BCI to assess the
state of patients with eating disorders is as interesting. In
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particular, they can be shown a number of visual stimuli related
to anorexia, and their EEG readings, analyzed, can serve as
an additional indicator of treatment effectiveness. Earlier, it was
shown that anorexia nervosa patients fail to perceive emotional
stimuli normally [16], and that failure is EEG-detectable. Besides,
the P300 wave and other ERP components registered in such
patients feature some specific characteristics if recorded when
they solve a task requiring concentration of attention, which
signals of deterioration of some brain functions [17].

Some previous research efforts aimed to identify the
peculiarities of EEG readings resulting from presentation of
visual stimuli in various conditions. However, to date, there is
no prototype of a system that would recognize the focus of
interest to certain classes of stimuli based on the EEG signal.
Therefore, this study aimed to find the specific features of ERP
triggered by presenting the stimuli of varying emotional value
to anorexia nervosa patients whose attention is in the passive
mode, as well as to validate application of P300 BCI to detect
the focus of attention to subjectively important stimuli.

METHODS

Twelve adolescent girls (11-16 years old), patients at the
Scientific-practical Children's and Adolescents Mental Health
Centern.a. G. Sukhareva, participated in the study. The inclusion
criteria were: diagnosed anorexia nervosa (diagnosis F50.0);
active rehabilitation. The exclusion criteria were: severe somatic
pathology; high degree of protein and energy deficiency; strict
bed rest. We recorded EEG of the participants while they were
looking at the screen showing sets of photographic images.

The angular dimensions of the images were 12.9 x 9.6°;
they were presented against a gray background following the
oddball paradigm: the stimuli appeared sequentially in the center
of the screen, which remained empty otherwise. The stimuli
were shown for 200 ms, the interval between them was 500 ms.
There were two types of images: pictures of food and body
parts of emaciated people. As for the neutral (“insignificant”)
stimuli, they were images of objects, animals, geometric figures,
landscapes, etc., taken from the IAPS database [18], which
was also the source of some images of food. The majority of the
significant stimuli was selected following the analysis of online
channels covering anorexia. Before being shown to the patients,
all images were assessed by the doctor that treated them. The
sets included 6 images, 5 insignificant and 1 significant. Each
set of stimuli presented was covered by a single EEG recording
lasting less than a minute; the recordings were separated by
short pauses. The presentation took form of the sequences
of stimuli, each showing the images once, in a random order.
One EEG recording consisted of 10 sequences of stimuli. Each
participant received the sets in a pseudo-random order; the
records with the stimuli (food and body parts) were rotated. The
total number of "food" and "body parts" stimuli records usually
equaled 10 and 12, respectively (each patient).

The EEG registration was monopolar, sites Cz, P3, Pz, P4,
PO7, PO8, O1, 02, reference electrode on the lobe of the left
ear. We used the NVX52 amplifier with a sampling frequency
of 500 Hz. BCI2000 software (www.bci2000.0rg) enabled data
recording and stimuli presentation control.

MATLAB 7.1 (MathWorks; USA) was used to isolate and
analyze ERP. We bandpass filtered the EEG signal in the
range of 0.5-20 Hz (Butterworth filter), and then divided it into
epochs relative to the moment the stimulus was presented
with boundaries from 0.1 to 0.7 s. After removing the epochs
containing oculomotor artifacts from the array, we divided the
epochs into target ("significant") and non-target ("insignificant").
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The type of the image (food or body part) was another criterium
for division. The number of target and non-target epochs was
equalized through eliminating some of the latter. The epochs for
target and non-target stimuli were equalized separately. Thus,
for each participant we received target and non-target ERP in
all EEG channels and in two blocks. Besides, the difference
ERP were determined through subtracting non-target curves
from target curves.

The amplitudes of P300, N1 and LPP components were
measured as a maximum or a minimum value in time window
selected individually for each participant. The P300 component
amplitudes were measured in the Cz and Pz channels, those
of the N1 and LPP components — in channels PO7, PO8, O1
and O2. Not all participants had the entire range of components
registered in all channels, therefore the results contain the
number of patients (n) that underwent this or that analysis.

Using the Fisher's linear discriminant, we modeled an
approach to classification of the P300 BCI target commands
with the aim to assess the effectiveness of EEG-enabled
identification of special responses to significant stimuli. The
classifier learned and was tested through cross-validation
of two classes, target and non-target stimuli. In each testing
attempt, the classifier was tasked with identifying one most
prominent stimulus out of six. If the identified stimulus was
significant, the attempts was deemed successful.

Based on the ERP amplitude calculations and the level of
accuracy of classification, we calculated the averages of each
value in both blocks by processing the data in STATISTICA 7.0
software (StatSoft; USA). When the samples distribution was
normal, we used the paired samples t-tests, when it was not —
Wilcoxon signed-rank test.

RESULTS

The individual difference curves of the majority of anorexia
nervosa patients had peaking N1 (latency 120-180 ms), P300

(850-450 ms), and LPP (550-700 ms). These peaks are also
seen on the target and non-target ERP averaged over the
entire group, as well as on difference curves (Fig. 1). The
ratio of amplitudes of target and non-target ERP seen on the
difference curves allows deducing the intensity with which
significant stimuli attracted attention compared to insignificant
stimuli. Since the individual latency of peaks varied and not all
participants had all peaks in their EEG readings, some ERP
components in the averaged picture appear blurred and poorly
pronounced, so Fig. 1 is the reflection of the situation on the
whole. Table below contains the average values of all analyzed
components in the target, non-target and difference curves.

In both blocks, the amplitude of the P300 component was
higher on target curves than on non-target ones both in the Cz
(0 <0.01;n=11and p < 0.01, n = 12, paired samples t-tests)
and Pz (p < 0.01, n =12 and p < 0.01, n = 11) channels, food
and body parts images, respectively (table). Comparison of the
P300 amplitudes of two difference curves describing two types
of stimuli did not reveal significant differences (Fig. 2).

The N1 component target ERP amplitudes were higher
than non-target for both food images (p < 0.05, n = 9; p < 0.05,
n=10;p <0.05 n=9;p<0.05 n=11, in sites PO7, PO8,
01, 02, respectively, paired samples t-tests) and images of
body parts (p < 0.01,n=9; p<0.01,n=12; p < 0.01,n = 12;
p < 0.01, n = 11, Wilcoxon test). Despite the fact that body
part images triggered higher average N1 difference curves
amplitudes than food images (Fig. 1 and Table), only P08
site has shown significant differences between the two types
of stimuli (p < 0.05, n = 10; Wilcoxon test) (Fig. 2).

The LPP component had the greatest amplitude in the
occipital sites. Its target ERP amplitudes were higher than non-
target for both food images (p < 0.01,n=8; p <0.01,n =9;
p <0.05 n=8;p<0.01,n=09, in sites PO7, PO8, O1, 02,
respectively, paired samples t-tests) and images of body parts
(p<0.01,n=9;p<0.01,n=10; p <0.01,n=10; p < 0.01,
n = 10). On average, the images of body parts caused higher
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Fig. 1. Group mean differential ERP (n = 10). Stimuli: black line — images of food, gray line — images of body parts of emaciated people. Vertical — amplitude (mkV),
horizontal — time (ms). Vertical dashed line (O ms) reflects the time of stimulus presentation. Above each curve — name of EEG site

BULLETIN OF RSMU | 2, 2019 | VESTNIKRGMU.RU



OPUIMHAJTbHOE NCCINELOBAHVE | HEVPO®W3NONOIIAS

Table. P300, N1 and LPP amplitude values, response to presentation of stimuli (images of food and images of body parts of emaciated people). Mean + standard

error of mean, mkV

Images of food Images of body parts
P300
Site Target Non-target Differential Target Non-target Differential
Cz 45+1.1 1.4+07 5.8+0.9 41+0.6 0.6+0.4 59+0.9
Pz 5.0+0.6 21+0.6 55+0.9 57+0.8 22+08 6.0+0.8
N1
PO7 -6.1+1.6 -3.0+0.9 -39+1.0 -45+1.8 0.5+0.9 -73+1.6
PO8 -5.8+2.1 -2.7+1.4 -4.7 1.1 -6.6+1.6 -22+1.8 -8.7+1.6
O1 -46+2.2 -1.7+16 -45+1.1 -41+1.8 0.1+1.7 -6.3+0.7
02 -48+23 -24+18 -40+0.8 -43+1.9 -0.3+2.2 -6.4+0.6
LPP
PO7 0.7+0.8 -2.1+0.9 42+06 6.8+2.7 -1.6+0.8 109+24
PO8 04+1.2 -2.1+0.9 41+0.8 49+1.0 -0.8+1.0 8.0+1.3
O1 -04+1.3 -36+1.2 4.4 +0.9 25+1.4 -2.9+0.8 84+14
02 -1.5+1.0 -4.5+1.1 45+0.8 1.8+1.2 -29+0.9 85+1.4

LPP amplitudes than food images, however, the differences
were significant only at sites PO7 and PO8 (p < 0.05, n = 7;
p < 0.05, n = 8, respectively) (Fig. 2).

Figure 3 shows the average accuracy of significant stimuli
classification among the neutral ones (both blocks). The average
classifier recognition accuracy for the food image stimuli was
59.1 + 5.3%, which is lower than that for the emaciated body
parts images that equaled 89.1 + 2.3% (p = 0.0002, n = 12,
paired samples t-tests).

DISCUSSION

The main result of this study is identification of a number of
features of ERP peculiar to passive perception of emotionally
significant images, as well as the proven possibility to use EEG
readings to detect attention to such stimuli when mixed with
neutral content, the accuracy of such detection being close to
that of the current BCI systems.

It is known that people running a high risk of eating disorders
are sensitive to emotionally significant stimuli associated with
the body shape weight [19]. This level of sensitivity is subjective;

12

_
o

o]

Amplitude (mkV)

in case of anorexia nervosa, it can be explained by the special
attitude the patients have towards their bodies, including
development of the dysmorphophobia / dysmorfomania
syndrome against the background of low self-esteem [19, 20].
We have discovered that food or emaciated body part images
result in higher ERP amplitudes, which means such images are
important to the patients, although the intensity of response
was different for the two types considered.

Based on the available literature, we could explain the
higher ERP amplitude associated with the significant stimuli by
the fact that they are presented rarely compared to the neutral
stimuli in the mix, i.e., as the oddball paradigm has it, rare target
stimuli provoke a more intense response [21]. At the same time,
the oddball paradigm we utilized in our study was modified: its
classic version implies using two greatly different simple classes
of stimuli, whereas we had the stimuli equally heterogeneous
both within the significant/insignificant classes and between
the classes. This fact suggests that the differences registered
in the present study result not from the specific features of
the images but solely from the subjective significance of the
semantic content of this group of stimuli. Thus, presentation

cz Pz || Por POB

O1

o2 || Po7 PO8 01 02

P300 N1

M Images of food

LPP
M Images of body parts

Fig. 2. Group mean P300, N1 and LPP component amplitude, two types of stimuli (images of food and images of body parts of emaciated people). Mean and standard

error of mean. Difference between blocks: *—p < 0.05, # —p < 0.1
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of the images of body parts caused a significantly stronger
reaction (as reflected by ERP) than those of food, although
both such stimuli were equally likely to be important to the
participants. An assumption based thereon is that the stimulus
that is unlike the majority of other stimuli shown triggers intense
response because it is of special emotional value to the patient
and not solely because it is a rare component of the given mix.
This assumption is further confirmed by the fact that the P300
wave amplitude that reflects the frequency characteristics of
the stimulus was the same for the two types of images, while
all other ERP components and classifier accuracy depended
on the type of stimulus.

One of the most important results of this work is the extremely
high accuracy of classification of subjectively significant images
based on the EEG-detectable response: for food images it was
59%, for images of body parts — 89%. It should be noted
here that the tasks set before the participants did not require
them to actively concentrate on the stimuli shown. This level
of accuracy is far higher than the 16.7% random recognition
rate, when participants select one of the 6 stimuli at random.
Moreover, it is close to the values achieved with the help of
P300 BCI, the use of which implies active concentration on
the target stimulus-command and disregard of all other stimuli
[22, 23].

The research described in this paper is largely a pilot
study; its practical value is the effort to adapt the existing BCI
approaches to the purposes of development of methods and
systems to detect subjective foci of attention. Therefore, one
of the limitations of this work is the absence of a control group
of healthy subjects. At the same time, we can consider mixes
with food images to be the control component compared to
mixes with body part images: the two produced different ERP
components, although they were equally likely to prove significant
to the patients and featured the same set of insignificant stimuli
(see above). The results are comparable to those attained by
the authors in the context of another recent study that had
healthy people performing a similar task: they were passively
viewing various images on a screen, the mix featured some
that were emotionally different from the rest but not subjectively
significant to the participants [12]. The component amplitudes
reflecting response to the different stimuli were lower than in
this work, and the accuracy of classification was 40-45%.
Some data suggest that anorexia nervosa patients respond
weaker (as revealed by ERP) to the food-related visual stimuli
than healthy people [24]. We have discovered that images of
body parts of emaciated people triggered a significantly more
intense EEG-detectable response than images of food. This
may mean that the latter can attract attention better and are
especially important to anorexia nervosa patients.

The N1 component reflects the processes of fixation on a
certain stimulus; it is associated with emotional perception [25],
which allows deducing the level of attention the patients pay to
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