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Abstract

A classification of spectral patterns of EEG underlies several cognitive neurotechnologies
including passive and active brain-computer interfaces. Despite arithmetic tasks often being
used in studies of cognitive workload, there is a lack of findings describing a possibility to
recognize EEG patterns related to different types of math operations. In the present work, we
have shown that the power spectral density of EEG can be used to classify types of mental
operations including a classification of verbal and different mathematical tasks for simple
arithmetic operations or logical tasks with arithmetic progressions. The verbal tasks were
separated from arithmetic ones significantly better than arithmetic from logical tasks, and verbal
from logical tasks. Better discrimination of verbal tasks from arithmetic but not from logical
tasks supports the hypothesis of unique EEG patterns associated with verbal activity that
apparently differ from mental operations in arithmetic. Additionally, we compared the behavioral
performance in problem solving and accuracy of EEG classification in two groups of subjects
with education in math or humanities (N = 8 + 8). We obtained the predicted differences related
to better performance of the math group in solving math tasks than the humanitarian group.
However, the classification accuracy of tasks based on EEG did not differ significantly between
groups and was essentially higher than random. Considered together, our results support the
hypothesis that EEG patterns reflect individual cognitive states corresponding to mental
operations and can be used in classification of different cognitive activity.
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Introduction

The modern psychophysiology has accumulated sufficient data about strong
association between individual patterns of electric brain activity (electroen-
cephalogram EEG) and cognitive workload and performance (Antonenko, Paas,
Grabner, & van Gog, 2010; Chaouachi, Jraidi, & Frasson, 2011; Antonenko &
Niederhauser, 2010; Fairclough, Venables, & Tattersall, 2005; Zhu, Maxwell, Hu,
Zhang, & Masters, 2010; Ivanitsky, 1997; Tarotin, Atanov, & Ivanitsky, 2017).
Given that specific EEG rhythmic patterns correspond to the specific aspects of
mental activity, a classification of mental operations based on EEG underlies sev-
eral cognitive neurotechnologies including passive and active brain-computer
interfaces (BCI) (for review: Gerjets, Walter, Rosenstiel, Bogdan, & Zander, 2014:
Allison, Wolpaw, & Wolpaw, 2007).

Artificial neural networks, one of the widely used classification algorithms in
passive BCI, showed remarkable efficiency (more than 90% accuracy) in recogni-
tion of mental operations basing on EEG spectral features while solving verbal and
spatial tasks (Ivanitsky, 1997; Tarotin et al., 2017; Atanov, Ivanitsky, & Ivanitsky,
2016). Several studies have demonstrated a potential of EEG as an indicator of
cognitive workload during training (Antonenko et al, 2010; Antonenko &
Niederhauser, 2010; Fairclough et al., 2005; Fairclough, Gilleade, Ewing, &
Roberts, 2013; Zhu et al., 2010), which is defined as a perceived relationship
between existing mental abilities and resources required for mental tasks (Hart &
Staveland, 1988). Despite arithmetic tasks often being used in studies of cognitive
workload (Walter, Rosenstiel, Bogdan, Gerjets, & Spuler, 2017), there is a lack of
findings describing a possibility to recognize EEG patterns related to different
types of math operations.

Moreover, most of the EEG-based classification algorithms are person-depen-
dent and show a reliable accuracy only when the algorithm training and further
classification is performed on EEG data of the same subject (for review: Putze &
Shultz, 2014). Person-independent algorithms were actively studied because these
algorithms may recognize a cognitive workload of one person having previously
trained on EEG data of other subjects (Wang, Hope, Wang, Ji, & Gray, 2012).
However, the accuracy of person-independent classification of cognitive states is
still near chance level of recognition only if not built on EEG data from a very large
sample of subjects (Jarvis, Putze, Heger, & Schultz, 2011).

The aim of this study was to explore a possibility to recognize different math
operations, both in comparison with each other and compared to verbal tasks in
healthy subjects with special higher education in humanities or math based on clas-
sification of EEG spectral patterns. We used tasks we had defined in a pilot study
according to a similar average time of solution: Verbal Tasks — Anagrams of 5-6 let-
ters and two types of math tasks (arithmetical operations and logical tasks on
arithmetical sequences (Chemerisova & Martynova, 2018). Additionally, we com-
bined data from the current and previous datasets in order to study group differ-
ences in behavioral accuracy and time of task solution between math and
humanitarian subjects. For the purpose of EEG classification we used an artificial
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neuronal network — the perceptron classifier without hidden layers (McCulloch &
Pitts, 1943; Pitts & McCulloch, 1947), which was previously successfully imple-
mented for classification of EEG patterns during solving of verbal and spatial tasks
(Ivanitsky, 1997; Atanov et al., 2016; Tarotin et al., 2017).

Methods
Participants

19 healthy right-handed volunteers participated in the study. All the subjects
were students or alumni of higher education institutions in Moscow. The subjects
were divided into two groups: Math Group (N =9, 5 males, age 21.8 + 2.6 years)
with specialization in math (3 alumni, 6 students) and Humanitarian Group (N = 10,
6 males, age 23.2 + 3.8 years) with specialization in humanities (5 alumni, 5 stu-
dents). Each participant provided a written informed consent to participate in the
study. The study protocol met the requirements of Helsinki Declaration and was
approved by the ethical commission of Institute of Higher Nervous Activity and
Neurophysiology Russian Academy of Science.

Procedure

Subjects were comfortably seated in a sound-shielded room with a distance of 1 m
from a square 19” monitor. During EEG recording, subjects were presented tasks
and were asked to solve them mentally giving equal priority of accuracy and the
shortest solving time. The tasks were presented in a light gray color in the center
of the black screen with the sizes of letters and digits being equal for all tasks. We
presented 3 types of tasks in pseudorandom order: 60 verbal (to solve anagrams of
5-6 letter words e.g. wnesra answer), 60 arithmetic (to calculate expressions on
addition, subtraction, fraction or multiplication) and 60 logical tasks (to extend
sequences of integers). The presentation paradigm was implemented on
Presentation software (Neurobehavioral Systems, Inc., Berkeley, CA, USA). Inter-
stimulus intervals consisted of answer pronunciation (4 s), then the rest until the
subject clicked a mouse button, then an instruction for the next task (2 s) and then
a fixation cross (0.5 s). If no answer was given within 40 seconds the task was con-
sidered as unsolved and disappeared from the screen, and the next block of task
began. The decision time (DT) was calculated between the task start and response
time points. Additional long breaks were organized every 20-30 minutes or upon
subjects’ requests. The entire experiment usually lasted 2-2.5 hours.

Analysis of behavioral data

We used the following behavioral data for analysis of task and group differences:
DT, the number of correct answers (CA), false answers (FA), and the number of
unresolved tasks (UT). Additionally we monitored subjective reports on tasks
after the experiment regarding their complexity and chosen decision strategy.
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Since we used the same types of tasks as in the pilot study (Chemerisova &
Martynova, 2018) we combined the data of the pilot and current studies in order
to get a larger sample size required for reliable statistical analysis of behavioral
results. So, we analyzed behavioral data of 39 subjects: 19 with mathematical edu-
cation and 20 with education in humanities. The behavioral data was analyzed by
ANOVA for repeated measures within the factor of task and between 2 groups of
subjects with Tukey post-hoc comparison. All significant differences were also con-
firmed by Mann-Whitney U-test for nonparametric samples.

EEG recording

During the task solving we recorded EEG using “Encephalan” (Medikom
MTD, Russia, Taganrog) amplifier with 19 channels placed according to an inter-
national 10—20 system (except Oz and Fpz) with 2 additional channels for electro-
oculogram (EOG) recording. EEG was recorded with reference electrodes located
on mastoids under unipolar montage with 250 Hz sampling rate. The default filter-
ing was 0.5-70 Hz bandpass and 50 Hz notch. The electrode impedances were kept
below 10k .

EEG analysis

Three subjects were excluded from the EEG analysis due to an extensive num-
ber of artifacts during the recording. So, EEG data of 16 subjects remained, 8 per
group. The EEG was offline filtered in the 1-40 Hz band and then eye movement
artifacts were removed (by subtracting EOG signal from EEG channels using lin-
ear regression for coefficients calculation). Additionally, muscle and other artifacts
were manually cleaned from the EEG. Further, the continuous EEG was segment-
ed into epochs corresponding to task solving and inter-stimulus intervals. Next, the
absolute values of the power spectral density from Fast Fourier Transformation
(FFT) of these signals were calculated and smoothed with 15 passes of the “three-
point filter”. The length of FFT window was 4096 bins (~16 s) counted from the
end of each epoch. If the epoch duration was lower than needed, we filled the miss-
ing part by zeros (with corresponding normalization). The band of interest (5-20 Hz)
contained 247 spectral bins. The EEG power spectra obtained for each of 19 EEG
channels were concatenated and the resulting vectors were used for classification.
The classifying model was a perceptron without hidden layers, ie. just three
McCulloch-Pitts neurons (McCulloch & Pitts, 1943; Pitts & McCulloch, 1947).
These classes were the presented task types. Classification of the spectra was car-
ried out at individual levels (N-fold cross validation of the feature vectors of one
specific subject). Classification accuracies were compared by ANOVA for repeated
measures within factor of task and between 2 groups with post-hoc planned com-
parison. Additionally values of classification accuracy were also checked for possi-
ble association with behavioral scores of performance in task solving using
Spearman’s rank correlation analysis.
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Results
Behavioral performance in solving the tasks

In the joint behavioral dataset (N = 39) we observed significant interaction of
factors — 3 Types of Tasks and Group — 2 groups for all criteria of success in solv-
ing the tasks. CA: F(4,148) = 10.787, p = .000; DT: F(4, 148) = 2.489, p = .046; and
UT: F(4, 148) = 3.518, p = .009. Both post-hoc comparison and Mann—Whitney
U-test revealed that Math Group showed greater CA for arithmetic tasks (p =.015),
lesser number of UT for logical tasks (p = .012) than Humanitarian Group. DT did
not differ significantly between the groups after pairwise comparison tests. Both
groups solved verbal tasks with similar accuracy and performance (Figure 1).

One-way ANOVA for the current data set (N = 8x8) also revealed no differ-
ences in behavioral scores for verbal tasks between groups. DT for arithmetic and
logic tasks did not differ between groups but, however, CA was higher for Math
Group than for Humanitarian Group for arithmetic and logical tasks: F(1, 14) = 5.46,
p =.034 and F(1, 14) = 9.33, p = .008, correspondingly. The number of UT was
lower in Math Group for logical tasks: F(1, 14) = 4.83, p = .045.

The comparison of DT for different task in the math group showed that verbal
tasks were solved faster than arithmetical ones with more CA on logical as com-
pared with verbal tasks (p < 0.05, Mann—-Whitney U-test). Subjects with educa-
tion in humanities also solved verbal tasks faster that arithmetical and logical (p <0.05,
Mann-Whitney U-test), but with similar performance for all tree types of tasks
(CA and UT did not differ significantly).

Accuracy of task classification based on EEG spectral values

In all three comparisons, an accuracy of classification was higher than chance
level with minimal mean value of 74 % (Table 1). The accuracy of task classification
for all subjects (N = 16) was significantly different between the types of comparison.
Classification of verbal and arithmetic task was significantly better (83.6 + 4.67%) than
arithmetic and logical tasks on progressions (77 £ 5.5%): F(1,15)=7.78,p = .009. The
accuracy of task classification between groups did not reach a substantial level of
probability. We observed only a tendency for better accuracy in the classification
of verbal against logical in the math group compared to the humanitarian group
(p = .052 according to the Mann—Whitney U test).

Correlation of classification accuracy with behavioral scores of task solving

The accuracy of classification of verbal and arithmetic tasks for all subjects from
both groups correlated positively with CA (r = —.78, p = .0004), and negatively
with UT of arithmetic tasks (# = —.69, p = .003).

The correlation coefficients of classification accuracy and behavioral scores
were insignificant for the math group. As for the humanitarian group, we observed
the following significant correlations: accuracy of classification arithmetic against
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Note. Verb —verbal; Ar —arithmetic; Sq —arithmetic tasks for progressions, and Math —all math
tasks (arithmetic plus arithmetic tasks for progressions). The results of the task performance for the
mathematical group are marked by dark grey columns, for the humanitarian group -by light grey.
Significant group differences are marked by * (p < .05). A —on the criterion of “correctness”, B —on
the criterion “unsolved tasks for 40 sec.”, C —according to the criterion “decision time”.
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Table 1
The average classification accuracy of classification of three types of tasks based on the EEG
power density for 16 subjects (8 with math education and 8 with humanitarian education)

Accuracy of task classification | Math Group Humanitarian Group All subjects
Arithmetic vs Logical 7993 £ 7.3% 7477 £71% 77.35+7.5%
Verbal vs Arithmetic 86.66 + 4.8% 81.8 £6.2% 84.23 +59%
Verbal vs Logical 84.6 £ 6.3% 78.04 = 7.0% 81.32 +7.3%

logical tasks positively correlated with CA of arithmetic (r =.74, p = .036) and log-
ical tasks (# = .76, p = .028) and negatively with UT (» = —.86, p = .006; r = —.77,
p =.027) of arithmetic and logical tasks correspondingly. DT of logical tasks corre-
lated negatively with the accuracy of classification of verbal against logical tasks
(r=-717,p=.025).

Discussion

In the present work, we have shown that EEG can be used to classify types of
mental operations including a classification of different mathematical tasks for simple
arithmetic operations or logical tasks with arithmetic progressions. The verbal tasks
were separated from arithmetic ones significantly better than arithmetic from logical
tasks, and verbal from logical tasks. Better discrimination of verbal tasks from arith-
metic but not from logical tasks supports the hypothesis of unique EEG patterns
associated with verbal activity that apparently differ from mental operations in arith-
metic (Wilson & Fisher, 1995). On the other hand, logical tasks for arithmetic
sequences are likely to involve verbal cognitive functions, as they require formulating
rules describing different numerical sequences (Chaouachi et al., 2011), which may
explain more difficult recognition of similar EEG patterns. However, the accuracy of
classification was higher than 80 % on average for all subjects and all types of tasks.
Importantly, the accuracy of classification was similar for two groups of subjects with
education either in math or humanity, while behavioral performance of these two
groups significantly differed. We observed better performance in arithmetic and log-
ical tasks in the math group than in the humanitarian subjects and the performance
on solving verbal tasks did not differ between groups. These findings were predicted
as we expected that humanitarian students and alumni should have more difficulties
in solving math tasks without the extensive practice that is usual for math students.
The current behavioral data confirmed the previous findings of the pilot study with
the same types of tasks (Chemerisova & Martynova, 2018); we also obtained similar
results when we combined data of the current and previous studies.

The classification of math tasks significantly depended on the behavioral per-
formance for all subjects but mainly because of the humanitarian group: the better
the performance was, the higher was the classification. Remarkably, while behavioral
data had a vast dispersion, especially in the humanitarian group, the classification
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accuracy results had very low dispersion. Despite the higher variability of behav-
ioral data, the higher classification rate and its low dispersion also suggest that it is
feasible to use spectral patterns EEG for detection of different mental operations
at individual level.

Conclusion

We tested an offline classification algorithm based on the spectral power density
of EEG in recognition of three types of mental operations: solving verbal, arith-
metic and logical tasks with arithmetic progressions. Additionally, we compared
the behavioral performance in solving tasks and the accuracy of EEG classification
in two groups of subjects with education in math or humanities. We obtained the
predicted differences related to better performance of Math Group in solving the
math tasks than Humanitarian Group. However, the classification accuracy of
tasks based on the EEG did not differ significantly between the groups and was
essentially higher than random. Considered together, our results support the
hypothesis that EEG patterns reflect individual cognitive states corresponding to
mental operations and can be used in classification of different cognitive activities.
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Pesiome

Knaccuduranus creKTpalabHBIX MaTTepHOB D31 IesKUT B OCHOBE HECKOJIBKMX KOTHUTHBHBIX
HelipOTeXHOJIOTUH, BKTIOUas TIACCUBHLIE U aKTUBHBIE MHTepdelchbl MO3T — KoMITbioTep. HecMoTpst
Ha TO 4TO apudMeTHYecKHe 337]auM YacTO MCHOTB3YIOTCA B UCCAEMOBAHUSIX KOTHUTHBHOM
HATPYy3KW, MAaJio DPe3yJBTAaTOB, OMUCHIBAIONIMX BO3MOXHOCTH DPACTO3HABAHMSA TMATTEpHOB D3I,
CBSI3aHHBIX C DA3JUUYHBIMU THIIAMH MATeMATHUeCKUX orepaiuii. B Hacrosieir pabore MbI
TOKA3aJM, YTO CIEKTPAJbHAS TJIOTHOCTH MOIIMHOCTH 23T MokeT HCTONB30BATHCS A
KJIACCH(DUKAIINY TUTIOB YMCTBEHHBIX OTIEPAITHE, BKITIOUAS KAACCH(DUKAIINIO BePOATHHBIX M PA3HBIX
MaTeMaTHUeCKUX 33/1aU HA TIPOCTBIe apudMeTUdeckHe OIepAlliy MJIM JIOTHYECKMX 3a7]ad C
apudMETUYeCKUME ~ MpoTpeccussMu.  BepbaibHble 3a7aud  KIACCHDUIMPOBATIUCH  OT
apudMeTHIECKHX 3HAUNTETBHO JTyUIlle, YeM apudMeTUUecKIe OT JOTHYECKUX 33/1aU U BepOaTbHbIE
OT JIOTHYECKUX 337124, JIyUIIiast TOUHOCTD KJIACCH(PUKAIINHT BepPOATBHBIX 33714 OT apH(METHIECKHX,
HO He OT JIOTUUECKUX 337124, TOJIEPKUBAET TUTIOTe3y 00 YHUKATBHBIX MaTTepHax 33T, CBSI3aHHBIX
¢ BepOaIbHOU JeITeNBHOCTBIO, KOTODbIE, MO-BHAUMOMY, OTJIUYAIOTCS OT YMCTBEHHBIX
apudMeTHUecKux olepanuii. KpoMe TOro, Mbl CpaBHUJIN 3(PGEeKTUBHOCTH pellleHUs 3a7ay
UCTIBEITYEMBIMU U TOUHOCTD Kiaccudurarmu 321y IBYX TPYII CTYAEHTOB C MATEMATHYECKUM TLITH
ryMaHuTapHbIM o6pasoBanueM (N = 8 + 8). Mbl HOMyuWIN O:KUAEMBIE TPYIIIOBBIE PA3JIHYMS,
CBSI3aHHBIE € JIYUIIUMHU TIOKA3aTEJSIMU pellleHUd MaTeMAaTHUeCKUX 3371ad Y MaTeMaTUJIecKoi
TPYIIIBL, YeM Y TYMaHUTapHOH TpyTIibl. OIHAKO TOYHOCTH KJIACCUpUKAIMK 33/1a4, OCHOBAHHAS HA
I3, AOCTOBEPHO HE OTJIMYAMACH MEKJIY TPYITIAMH ¥ OBLIA CYIIECTBEHHO BBIIIe, YeM CIyUANHAS,
[osydeHtble AaHHEBE TOATBEPKAAOT THUIOTE3y O TOM, UTO HAaTTepHB 23II oTpakaior
olpe/iesieHHble KOTHUTUBHBIE COCTOSTHUSA, COOTBETCTBYIOIINE YMCTBEHHBIM OTIEPAITISIM, U MOTYT
WCTIONB30BATELCS MPU KAACCH(PUKAIMN PA3IMYHON KOTHUTUBHOM /IesITeTbHOCTH.

Kmouesrbie ciaoBa: D3I, cmekTpambHas IMJIOTHOCTH MOIHOCTH, MeHTAJbHBIE OMEPATIHH,
UCKYCCTBEHHAS HEHPOHHAS CETh, TOUHOCTH KAACCUPUKATIIL.

Yemepucoa Enena BaamumupoBHa — Bpau-HeHpPOXMDYDPT, MIAANMH HAYYHBIH COTPYAHUK,
ma6opaTOPHs BBICIEH HEPBHOM JIEATETBHOCTH UeJoBeKa, VIHCTUTYT BBICIel HEPBHOM esTe h-
HOCTH U Helipoduanogorun yenoeka PAH.

Cdepa HAYIHBIX UHTEPECOB: HEMPOMMUIKWHT KOTHUTHBHBIX TIPOIECCOB YeIOBeKA.

E-mail: echemerisova@mail.ru
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Aranos Muxaun CepreeBuyu — crapiimiil 1abopaHT, Tab0PATOPUST BBICIIEN HEPBHOM /IeITETBHO-
CTH YeJsioBeKa, THCTUTYT BBICIIEH HePBHOM ZlesiTelbHOCTH U Helipodusuoaorun PAH.

Cdepa HAYUIHBIX HHTEPECOB: OGMOMOTHUECKAst 0OPATHAS CBsI3b, MHTEP(hEIC MO3T — KOMITBIOTED,
33T

E-mail: mikhail atanov@phystech.edu

Muxees Wb Hukomaesnu — cryzeHT-6akamaBp, Kabeapa MeaulMHCKON Gusnuku, Harmo-
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TICUXOJIOTHH.
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