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“Conquer 
dementia through 
QEEG-based AI”

• Cognit ive functions are complexly 
coordinated to al low us carry out dai ly 
tasks.

• Severe deterioration of cogni t ive 
funct ions, namely dementia ,  adversely 
affects our l i fe qual i ty.

• Alzheimer ’s disease (AD) is  one of the 
most common causes of dement ia,  which 
results  from amyloid plaques in  our brain.

• Posi tron emission tomography (PET) can 
be adopted for  the screening of amyloid 
plaques.

• However, i t  is  expensive and resul ts in 
exposure to harmful ionizing radiation .  

• The present study elaborates on the 
residual  network-based model that 
successful ly d i fferent iates quantitative 
electroencephalogram (QEEG) data of  
AD dementia (ADD) pat ients.

• Time-series data were converted into 
frequency domain (1 -45Hz) power spectra 
wi th 0.25Hz resolut ion through fast -Fourier 
t ransform. 

• Age- and sex-standardized Z-scores of  the 
acquired power spectrum were calculated 
through iMediSync’s normative database 
(NMa le = 553, NFema le = 736).

• Gamma fequency band (30-45Hz) was 
excluded due to i ts  vulnerabi l i ty to external  
noises and muscle movements.

• The power spectrum was rearranged into a 
feature matr ix according to spat ia l  locat ions 
of  EEG channels (Figure 2) .  

• The c lassi f icat ion resul ts of  the 
establ ished model upholds QEEG 
ut i l i ty in the dist inguishment of  
Alzheimer ’s disease dementia f rom i ts  
pre-cl in ical  s tages. 

• Cont inuous ref inement wi l l  bolster i ts  
potentia l  in the diagnosis several  
other neurological  d iseases.
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Confusion matrix

True ADD True LBD

Pred ADD 24 55

Pred LBD 3 421

Tab le  1 .  Con fus ion  mat r i x  F igu re  2 .  Rear rangement  o f  the  channe ls  i n to  a  fea tu re  mat r i x

• Eyes-closed ,  rest ing state EEG data 
employed in the present study were 
recorded at 19 channels def ined by the 
internat ional  10-20 system.

• Figure 1 summarizes the data pre -
processing  procedures.
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Band pass filter (0.1 – 45.5 Hz)

Notch filter

Re-referencing to common 

average reference (CAR)

Independent component analysis (ICA)

Bad epoch rejection

Clean data

Remove artifacts (EOG, EMG, ECG)

F igure  1 .  EEG da ta  p re -p rocess ing

• Our 18- layer ResNet model showed the 
fo l lowing test evaluat ion performance:

• 88.5% accuracy 

• 88.9% ADD sensitivity  

• 88.4% ADD specificity
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Z-line electrodes reallocated 
to both left and right sides

Left hemisphere Right hemisphere

Left hemisphere Right hemisphere

• In i t ia l  dataset:  N = 732; 137 ADD, 476 non-
ADD.

• 75% of the non-ADD data were f i rs t  excluded 
as test  data due to data imbalance .

• The remaining data were spl i t  into tra in and 
test data,  8:2 rat io.

• Final  test  dataset: N = 503; 27 ADD; 476 
non-ADD.

• Final  t ra in dataset: N = 229; 110 ADD; 119 
non-ADD.
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