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Enhancing the Reliability of EEG Cognitive State Analysis Using
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Al3S BCI Competition IV Dataset 2aS 7|4t 2 $8Eglon, Aotd #HL 7]& K-means ¥ SOM 7]yt
719 die] dE 2 A5S Bk E3 9n] 7|9 AojaE B 4 7FsAdol FAEAL, AEE BEAoA
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AASHH, &= u-Health R AAZE JAEA A Al2H0] 282 5 & Aoz 7HdH.

Abstract This study proposes an integrated framework to enhance the interpretability and reliability of
EEG-based cognitive state analysis. The proposed method applies a Self-Organizing Map (SOM) for
unsupervised clustering and employs ontology-based semantic inference to transform clustering results
into interpretable cognitive states. In addition, a confidence model combining cluster stability, rule
consistency, and feature stability is introduced to evaluate the quality of the results. A blockchain-based
verification mechanism is incorporated to ensure data integrity and reproducibility. Experiments using
the BCI Competition IV Dataset 2a show that the proposed method outperforms conventional
approaches in clustering performance. The results also demonstrate improved interpretability and stable
confidence estimation. Furthermore, the blockchain-based validation effectively detects data tampering
and guarantees consistent reproducibility. Overall, the proposed framework improves not only accuracy
but also interpretability and trustworthiness, suggesting its applicability in u-Health and real-time
decision support systems.
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[Fig. 1] Overall architecture of the proposed
EEG-based cognitive state analysis system
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dolgMlo g, thofgt ¥ &5 fHS Zgska Qlotk o
T AHARA 1A A 2 AlFoHA] et 1y
£ AF= =gy 71N A ER71 oid BIAE gk
715k el B4 $YPotng, 25 A4 IolA e
W= BEG &4 TS & X Aeli(latent cognitive
states) 2 OHHO} o mEbA ElolE Y] WiAlE wEE
LA ou| 22 HES HFSH] Hg "AvwA
dojgAlo g2 &85t
BEG 413+ 250 Hz HEY FI4E 7|£02 A
=on, 4-40 Hz S ”JHE A-goto] 5wt
cE el yFa F2-S AlASHI. ESH threshold
715t B HEoto] & 2] ¥ AT e 22
OlE|HEE &3}ttt Al 2% 4ol AR &
aslal 50% overlape A-8-513ct. ZF 1kl tisl 6(4
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A3} B/a, 6/8 ¥1&S TESE EA HEE L5190
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+43= SOM(Self-Organizing Map)< 7]§Fo &
Z8=]9ich SOM He 10x102=2 443t 100719
&g PAotgoH, SEES 0.5904 0.017H1] #H4

AHtt o]% S Gaussian TE ARSI, S5
HhE 514 100032 Hﬂé}oﬂu} A8l0] Al 3

H3l7] 9ol 5Y 7oA 53] ¥ =85kl Bgte
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AL YT S04 BHE fsto] Aato] diAdE
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(Table 1) Clustering Performance Comparison

Method Silhouette Score () DB Index (})
K-means 0.39 + 0.02 1.91 £ 0.08
Conventional SOM 0.46 + 0.03 1.62 + 0.06
Proposed Method 0.53 + 0.02 1.21 £ 0.05

(Table 1) 3 4% Hlu Z23E HoEoh At
= W2 Silhouette Score 0.53°2 7} &3 DBI
= 1.212 7P Wof, 34 SR Bert B5 A
Hoe< gRIstelt ol vl 715k AsfiAlo] HeolH
HEHZ FIA711 BEGY HAE E44& a8 os
g7 jEe =R SfAHr

(Table 2> Confidence Analysis by Cognitive State

Cognitive State Mean Confidence g?\/?:ﬁgi
Deep Focus 0.84 0.04
Low Engagement 0.76 0.05
Cognitive Overload 0.80 0.03
Fatigue 0.83 0.04

4 F3} 42 913 Ontology 714t o] F8&
48519t (Table 2> AH8 AIFEES Ve,
EoR YA RS RYrh 1UF A 0.84
= 7]—?%1— %\'119\)&-‘9- ~]7<1Z /K]—EH‘—- O 76_E /\H‘HZ%_E
W) LRt ol A 7t AAYE mEsh) i
2 Sgc BE Aol EZERE 0.03~0.05 5
F02 eh} 9 A% 7} olRol 5 Bl
shoict.

(Table 3) Overall Performance Comparison

Criteria Conventional Method | Proposed Method
Clustering Performance Moderate Improved
Interpretability Low High
Confidence Estimation Not Available Available
Data Integrity Not Considered Ensured
Reproducibility Limited Guaranteed

(Table 3)2 ArH
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