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This study aimed to develop a novel classification model using wearable two-channel
electroencephalography (EEG) data to differentiate between patients with dementia and normal
controls (NCs). We employed an extreme gradient boosting (Xgboost) model combined with recursive
feature elimination with cross-validation (RFECV) to classify patients and NCs. The study included 54
NCs and 29 patients with dementia. Resting-state EEG was recorded, and Mini-Mental Status Exam
(MMSE) and Clinical Dementia Rating (CDR) assessments were conducted. Significant differences were
observed in peak frequency (PF), alpha (A), theta (T), the ratio of alpha to theta (A/T), the ratio of alpha
to low-beta (A/BL), and coherence (CH) between patients and NCs. Patients with dementia exhibited
decreases in PF, CH_A/T, CH_A/BL, A[T, and A/BL, while an increase in T was noted. The primary
finding was that the Xgboost model, a tree ensemble classification, achieved a balanced accuracy of
97.05% with the RFECV-selected feature, which was PF. This study suggests that the novel Xgboost
with RFECV classification model using two-channel EEG data could be a valuable tool for diagnosing
dementia.
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Dementia is a brain disease characterized by declines in memory, cognition, social abilities, and communication
skills. It affects 5-10% of people aged 65 and older!. In South Korea, the prevalence of dementia has been reported
to be between 8.2% and 10.4% 2. This condition significantly impacts the quality of life for those affected®. Early
diagnosis and intervention are crucial in managing the disease®.

Several diagnostic modalities have been suggested for dementia®~’. The importance of having precise and
convenient diagnostic methods is highlighted by the need for immediate and clinically compatible assessments.
Measuring neural activity and cognitive function are crucial for diagnosing dementia. Conventional diagnostic
approaches include examinations of neurocognitive tasks, blood tests, genetic analyses, and neuroimaging
techniques such as magnetic resonance imaging (MRI) and positron emission tomography (PET)3°. These tools,
however, are expensive and involve complex procedures to assess pathophysiology.

To meet the requirement for simplified and accurate assessments, electroencephalography (EEG) is a
recommended non-invasive technique for diagnosing dementia'®!!. Changes in various EEG frequencies
have been reported as biomarkers in patients with dementia'?. Compared to healthy individuals, patients with
dementia exhibit a global increase in theta activity, which correlates with neuropsychological measures and the
total amount of tau'®. Conversely, a decrease in alpha power is a potential biomarker of dementia and is associated
with a smaller nucleus basalis volume, which modulates cortical activity and higher-order cognitive functions'.
Patients with Lewy body dementia show a lower peak frequency compared to those with Alzheimer’s disease
(AD)'. Beta activity could also indicate visual cognitive performance, as its reduction is observed in senior
subjects'®. However, using multi-channel EEG involves uncomfortable procedures and is time-consuming to
set up for recording. Previous studies have reported that wearable two-channel EEG device was effective in
detecting neurophysiological abnormalities in patients with psychiatric disorders!”18.
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Tree model-based techniques, characterized by their hierarchical decision-making structure resembling a
tree, have gained widespread adoption within clinical science!®?°. Among these techniques, extreme gradient
boosting (Xgboost) stands out as a highly efficient and popular algorithm?!. It enhances traditional gradient
boosting with features like regularization to prevent overfitting, support for parallel and distributed computing to
manage datasets, and advanced tree pruning techniques. Additionally, recursive feature elimination with cross-
validation (RFECV) has emerged as a sophisticated method for feature selection?>?3. By iteratively removing less
important features and integrating cross-validation, RFECV ensures robust feature selection, thereby improving
model accuracy and efficiency while mitigating the risk of overfitting.

No study has investigated an Xgboost-based classification model using EEG data for patients with dementia.
Previous studies have reported that Xgboost, using combined biomarkers such as genes, MRI, PET scans, and
neuropsychological measurements, was effective in detecting patients with dementia, mild cognitive impairment
(MCI), and normal controls (NCs)?**?°. The Xgboost model achieved a classification accuracy of 87.57% when
incorporating weighted imbalance to balance the uneven sample sizes?®. In very small datasets, Xgboost can
provide reasonable classification performance if the parameters are tuned appropriately?’.

The current study explored a machine learning model using Xgboost-based EEG biomarkers to distinguish
between patients with dementia and NCs. In this study, an optimized ensemble tree-based learning model
and RFECV were applied to establish an efficient and precise classification model for detecting dementia.
Additionally, the RFECV-Xgboost model was compared with the RFECV-Random Forest (RF) model to validate
its classification performance.

Results

Demographic characteristics

Results of demographic characteristics are presented in Table 1. A significant difference in age was found
between patients with dementia and NCs, with patients with dementia being older than NCs (t=5.70, p <0.001).
Age was negatively correlated with Mini-Mental Status Exam (MMSE) scores in the study population (r=-0.53,
Pp<0.001). Age was positively correlated with Clinical Dementia Rating (CDR) scores (r=0.38, p<0.001). MMSE
scores were negatively correlated with CDR scores (r=-0.70, p <0.001), after controlling for age. The chi-square
test showed no significant association between study group and sex (p =0.825). A significant difference in MMSE
scores was found between patients with dementia and NCs (t=11.32, p<0.001). In CDR scores, a significant
difference was found (t=4.28, P<0.001). There was also a significant difference in formal education levels
(t=3.33, p=0.002). Additionally, patients with dementia were further divided into mild dementia and moderate-
severe dementia groups. Significant differences were observed in age (t=2.76, p=0.010), MMSE scores (t=4.69,
p=0.005), and CDR scores (t=3.70, P=0.012). Patients with moderate-severe dementia were older than those
with mild dementia, and patients with mild dementia had higher MMSE scores than those with moderate-severe
dementia. The CDR scores of patients with moderate-severe dementia were higher than those of mild dementia.
The results of the subgroup analysis were not considered major findings.

Statistical comparison based on spectral power
Table 2 presents the statistical comparisons of EEG spectral values between patients with dementia and NCs.
Compared to NCs, patients with dementia showed a significant decrease in EEG power for several indices
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(F 1 o) =14.16, n’=0.15), *CH_A/BL (F(wo):13.49, n’=0.14), *A1l/T1 %F 1.80)= 3081, n’=0.28), *A2/T2
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n°=0.21),and *A2/BL2 (F(1 50)= 11.81,1°=0.13). Conversely, there was a significant increase for *T1 (F(I,SO) =29.62,

n’=0.27) and *T2 (F =25.75,1?=0.24) in patients with dementia.

(1,80)
Classification results based on spectral power

Table 3 shows the classification model performance and the ranking of the initial 24 features. Figure 1 displays the
ROC curve panels for the initial 24 features and the RFECV-selected features. A total of 24 initial EEG features

Dementia(n=29) (MMSE < 24) Normal(n=54) (MMSE >=24) Statistics
Age(M+SD) 74.24+7.20 64.15+7.95 p<0.001
Sex(m/f) 17/12 33/21 p=0.825
Education, n(M£SD) | 14(7.71+4.34) 38(11.37+3.17) p=0.002
MMSE(M +SD) 19.97+3.33 27.46+1.73 p<0.001
CDR(M +SD) 0.83+£0.47 0.44+0.16 P<0.001

Moderate-Severe Dementia (n=6) (MMSE<20) | Mild Dementia (n=23) (20<=MMSE<24)
Age(M+SD) 78.17+£1.94 73.22+7.73 p=0.010
Sex(m/f) 4-Feb 15/7
Education, n(M +SD) | 4(4.75 +3.40) 10(8.90 +4.23) p=0.108
MMSE(M + SD) 14.50+3.56) 21.39+0.99 p=0.005
CDR(M +SD) 1.50£0.55 0.65+0.24 P=0.012

Table 1. Demographic characteristics of study participants. MMSE, Mini-Mental Status Exam; CDR, Clinical
Dementia Rating. M, mean; SD, standard deviation.
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Dementia(n=29) | Normal(n=>54)
Mean+SD Statistics
PF1 591+1.28 8.90+0.49 *p<0.001,n2=0.648
PF2 6.20£1.19 8.90+0.48 *p<0.001,n2=0.634
CH_A/T |0.87+0.17 1.25+£0.39 *p<0.001,n2=0.152
CH_A/BL | 1.10+0.21 1.49+0.43 *p<0.001,n2=0.147
Al/T1 0.59+0.12 0.97+0.25 *p<0.001,02=0.278
A2/T2 0.62+0.14 0.94+0.20 *p<0.001,n2=0.273
T1 0.51+0.06 0.41+0.05 *p<0.001,12=0.270
T2 0.50+0.06 0.41+0.04 *p<0.001,n2=0.245
Al 0.29+0.03 0.39+0.05 *p<0.001,n2=0.377
A2 0.30+0.03 0.38+0.04 *p<0.001,n2=0.349
Al1/BL1 2.03+0.30 2.73+0.57 *p<0.001,n2=0.223
A2/BL2 2.12+0.33 2.63+0.55 *p<0.001,72=0.135
CH_T 0.43+0.24 0.46+0.20 p=0.329,n2=0.012
CH_A 0.37+£0.22 0.53+0.19 p=0.005,n2=0.095
CH_BL 0.34+0.20 0.39+0.19 p=0.301,n2=0.014
CH_BH 0.36+0.22 0.39+0.18 p=0.362,n2=0.011
CH_T/BL | 1.29+0.26 1.27+0.52 p=0.572,n2=0.004
T1/BL1 3.66+£1.09 2.87+0.54 p=0004, n2=0.100
T2/BL2 3.61+1.12 2.84+0.52 p=0.004,n2=0.100
BL1 0.15+£0.03 0.15+0.02 p=0.631,n2=0.003
BL2 0.15+£0.03 0.15+0.02 p=0.870,1n2=0.0003
BH1 0.06+0.02 0.05+0.01 p=0.126,n2=0.029
BH2 0.05+0.02 0.05+0.01 p=0.168,n2=0.024

Table 2. Comparison between dementia and normal controls (MANCOVA). *Adjusted P<0.002, 0.05/23.
A/T, alpha to theta ratio; A/BL, alpha to low-beta ratio; T/BL, theta to low-beta ratio; BH, high-beta; CH,
coherence; 1, left; 2, right; PE, peak frequency.

were input into the classification model for RFECV using Xgboost. The classification performance with the
initial 24 features resulted in a balanced accuracy of 94.12%, sensitivity of 95.82%, specificity of 92.42%, F1 score
0f0.92, and an AUC of 0.97. Through RFECYV, the final selected feature was PF1. The classification performance
with the selected feature the PF1 achieved a balanced accuracy of 97.05%, sensitivity of 97.96%, specificity
of 96.14%, F1 score of 0.96, and an AUC of 0.97. For age, the balanced accuracy was 66.15%, sensitivity was
71.27%, specificity was 61.03%, F1 score was 0.54, and AUC was 0.66. Additionally, RFECV-RF showed lower
classification performance than RFECV-Xgboost. As a result, RFECV-RF achieved a classification accuracy of
93.28%. The selected features in RF were PF1, PF2, and A2 (Table 4).

Correlations of EEG measures with MMSE and CDR

EEG measures were correlated with MMSE scores in all participants. The results of the correlations are displayed
in Fig. 2. Positive correlations were found for *PF1 (r=0.66), *PF2 (r=0.65), *CH_A/T (r=0.34), *A1/T1
(r=0.46), *A2/T2 (r=0.51), *Al (r=0.55), *A2 (r=0.58), and *A1/BL1 (r=0.38) (adjusted *p <0.002). Negative
correlations were found for *T1/BL1 (r=-0.37), *T2/BL2 (r=-0.39), *T1 (r=-0.49), and *T2 (r=-0.52) (adjusted
*p <0.002). Additionally, EEGs were correlated with CDR scores in all participants. Negative correlations were
found for *PF1 (r=-0.38), *PF2 (r=-0.39), *A1/T1 (r=-0.52), *A2/T2 (r=-0.54), *A1l (r=-0.54), and * A2 (r=-0.55)
(adjusted *p <0.002). Positive correlations were found for *T1/BL1 (r=0.51), *T2/BL2 (r=0.49), *T1 (r=0.60),
and *T2 (r=0.59) (adjusted *p <0.002).

Discussion

The present study explored the distinguishable two-channel EEG biomarkers using tree ensemble learning model
in patients with dementia and NCs. As summarize the results those are as follows: 1) In statistical comparison,
patients with dementia showed decreased activities in PF1, PF2, CH_A/T, CH_A/BL, A1/T1, A2/T2, Al, A2,
A1/BL1, and A2/BL2 as well as increase in T1 and T2.

2) Our main findings were the results on machine learning. Initial 24 features were ranked by RFECV with
Xgboost. PF1 in EEGs was selected as the highest ranked feature. The balanced classification accuracy of PF1
was 97.05% and that of 24 features was 94.12% between patients with dementia and NCs. To identify the effect
of age on classification model, age was inputted as a feature. The balanced accuracy in age was 66.15% which was
ranked 24th of 24.

3) The correlations of EEGs with MMSE and CDR score were found in all participants. The MMSE was
positively correlated with PF1, PF2, CH_A/T, A1/T1, A2/T2, Al, A2, and A1/BL1. The MMSE was negatively
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Dementia(n=29) | Normal(n=54) Classification
Rank no. | Feature Mean +SD Statistics | Performance
1 PF1 591+1.28 8.90+0.49 *p<0.001
2 Al/T1 0.59+0.12 0.97+0.25 *p<0.001
3 A2/T2 0.62+0.14 0.94+0.20 *p<0.001
4 PF2 6.20+£1.19 8.90+0.48 *p<0.001
5 BH1 0.06+0.02 0.05+0.01 p=0.126
6 T1/BL1 3.66+1.09 2.87+0.54 p=0.004
7 CH_BH 0.36+0.22 0.39+0.18 p=0.362
8 A1/BL1 2.03+£0.30 2.73+£0.57 *p<0.001
9 T2 0.50+0.06 0.41+0.04 *p<0.001
10 BL2 0.15+0.03 0.15+0.02 p=0.870
11 Al 0.29+0.03 0.39+0.05 *p<0.001 | Initial 24-features
Balanced accuracy: 94.12%
12 CH_T 0.43+0.24 0.46+0.20 p=0329 | Sensitivity: 95.82%
13 CH_A/BL | 1.10%0.21 1.49£0.43 *p<0.001 | Specificity: 92.42%
F1 score: 0.92
14 CH_T/BL 1.29+0.26 1.27£0.52 p=0.572 | AUC: 0.97
15 A2/BL2 2.12+0.33 2.63+0.55 *p<0.001
16 BH2 0.05+0.02 0.05+0.01 p=0.168
17 T2/BL2 3.61+1.12 2.84+0.52 p=0.004
18 A2 0.30£0.03 0.38+0.04 *p<0.001
19 T1 0.51+0.06 0.41+0.05 *p<0.001
20 CH_BL 0.34+0.20 0.39+0.19 p=0.301
21 BL1 0.15+£0.03 0.15+0.02 p=0.631
22 CH_A/T 0.87+0.17 1.25+£0.39 *p<0.001
23 CH_A 0.37+0.22 0.53+0.19 p=0.005
24 Age 74.24+7.20 64.15+£7.95 *p<0.001
RFECV-Selected Feature in Xgboost
Balanced accuracy: 97.05%
Sensitivity: 97.96%
PF1 591+1.28 8.90+0.49 *p<0.001 | Specificity: 96.14%
F1 score: 0.96
AUC: 0.97

Table 3. Classification model and rank of features in RFECV with Xgboost. A/T, alpha to theta ratio; A/BL,
alpha to low-beta ratio; T/BL, theta to low-beta ratio; BH, high-beta; CH, coherence; 1, left; 2, right; PE, peak
frequency.

correlated with T1/BL1, T2/BL2, T1, and T2. The CDR was negatively correlated with PF1, PF2, A1/T1, A2/T2,
Al, and A2. The CDR was positively correlated with T1/BL1, T2/BL2, T1, and T2.

A decrease in PF is associated with memory impairment in patients with dementia?. In our study, patients
with AD had a PF of 5.91+1.28, while NCs had a PF of 8.90 +0.49. The PF in AD patients was observed within
the theta frequency range, whereas in NCs, it was within the alpha frequency range. PF is an intuitive measure
that identifies the most representative frequency within a given band (Supplementary Figure). According
to previous study, PF is a useful indicator of the awake state, reflecting levels of consciousness as well as the
transition from the rise to the fall of spectral power®. It is used to distinguish neural deficits between patients
with AD and frontotemporal lobar degeneration, and neural changes are reflected in the correlation between
PF and MMSE scores®’. Another study reported that AD patients showed a lower occipital peak frequency than
elderly controls, with the exception of cases where the CDR score was 0.5%!. In our study, 48 NCs had a CDR
score of 0.5, while the remaining 6 had a score of 0.0. This suggests the possibility that patients with a CDR score
of 0.5 may show no EEG changes and that individuals with a CDR score of 0.5 may not progress to dementia.
Alpha frequency plays a role in sensory gating during pre-attentive information processing, which is critical in
the resting-state default mode network®>**. Patients with dementia show malfunctions in attention and working
memory as resting-state alpha is decreased. Alpha to beta ratio could indicate a better cognitive performance
which is reduced in patients AD. Our findings were that compared to NCs, alpha to theta ratio was reduced in
patients with dementia. A Reduction in A/T and CH_A/T is also indicative for dementia, reflecting decreased
alpha activity relative to theta as well as beta. Furthermore, PF is the most distinctive biomarker of dementia, and
it represents the most prominent frequency power between alpha and theta.

Our primary finding underscores that a tree ensemble-based classification model employing Xgboost and
RFECV exhibited the highest performance score when distinguishing between patients and NCs. Remarkably,
the final selected feature, PF1, achieved a balanced accuracy of 97.05%. Notably, the initial set of 24 features
demonstrated reasonable performance (94.12%), with one particular feature proving exceptionally effective.
Additionally, compared to the baseline model using RF, the Xgboost model demonstrated better classification
performance. This suggests the potential to achieve optimal classification performance using a single selected
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Fig. 1. ROC curve panels in EEG features in Xgboost classification model.

EEG feature, which could aid in dementia diagnosis. Furthermore, this approach yielded superior performance
compared to the biological age. Although the age difference was statistically adjusted using MANCOVA, we
acknowledge that age may still influence EEG results. However, in our classification model, age was found to
have the lowest importance among the input features, suggesting that its impact on classification outcomes is
minimal. Previously, Xgboost utilizing MRI and PET data demonstrated excellent diagnostic performance for
dementia®. In our study, the feature selection technique, RFECV combined with Xgboost, achieved nearly 100%
accuracy using only two-channel frontal EEG data, employing weighted balancing to prevent overfitting. Despite
the increased computational load, RFECV would play a crucial role in selecting the optimal EEG features for
diagnosing dementia.

Previous studies reported that cognitive functions estimating by MMSE associated with frontal EEG activity
in both senior people and patients with dementia®”%. Especially, alpha and beta frequency were correlated
with MMSE score in both patients with AD and NCs*. PF was also correlated to MMSE in elderly people.
Our results imply that correlations between EEG and MMSE scores are reproducible in both patients and NCs.
Therefore, increases in alpha, beta, and PF activity would be beneficial for aligning with MMSE scores to assess
cognitive functions in dementia. Conversely, decreases in theta activity correlated with MMSE would also be
useful for estimating cognitive functions.

Conclusions

The present study identified a novel approach utilizing Xgboost with RFECV-based feature selection from data
captured by a frontal two-channel device for detecting dementia. Additionally, our concerns have addressed
smaller sample sizes and imbalanced class. We aimed to mitigate these challenges through assigning weights to
the imbalanced class. However, these limitations should be acknowledged and addressed in future studies. In
particular, the limited sample size may impact the generalizability of the findings. Therefore, validating the model
with larger and more diverse AD populations is essential to enhance its reliability and clinical applicability. In
conclusion, the Xgboost with RFECV model using two-channel EEG data holds significant promise in assisting
with dementia diagnosis.

Materials and methods

Participants

Eighty-three outpatients voluntarily consented to participate in the study at a university hospital. Twenty-nine
patients were diagnosed with dementia, showing mild impairments in memory, executive function, attention,
and general cognition. The remaining 54 participants served as NCs recruited from the general medicine
departments of the same hospital. Inclusion criteria included being adults aged 18 years and older, capable
of communication, and providing voluntary consent. It was determined that various types of dementia such
as Dementia with Lewy Bodies (DLB), Parkinson’s disease dementia (PDD), and Frontotemporal Dementia
(FTD) could interfere EEG analysis due to differences in pathological findings and brain invasion sites compared
to Alzheimer’s dementia. Therefore, only Alzheimer’s dementia patients were enrolled in this study. For the
diagnosis of AD, brain MRI was performed in patients with a score of less than 24 on the MMSE screening to
identify and exclude vascular dementia, and brain atrophy and white matter hyperintensity were confirmed.
Afterwards, the Seoul Neuropsychological Screening Battery (SNSB), a neuropsychological battery developed
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Dementia(n=29) | Normal(n=54) Classification
Rank no. | Feature Mean+SD Statistics | performance
1 PF1 591+1.28 8.90+0.49 *p<0.001
1 PF2 6.20£1.19 8.90+£0.48 *p<0.001
1 A2 0.30+0.03 0.38+0.04 *p<0.001
2 Al 0.29+0.03 0.39+0.05 *p<0.001
3 A2/T2 0.62+0.14 0.94+0.20 *p<0.001
4 Al/T1 0.59+0.12 0.97+0.25 *p<0.001
5 T2 0.50+0.06 0.41+0.04 *p<0.001
6 BH1 0.06+0.02 0.05+0.01 p=0.126
7 Al1/BL1 2.03+0.30 2.73+0.57 *p<0.001
8 CH_T/BL 1.29+0.26 1.27£0.52 p=0.572
9 BH2 0.05+0.02 0.05+0.01 p=0.168 | Initial 24-features
Balanced accuracy: 91.86%
10 T1 0.51+0.06 0.41£0.05 *p<0.001 | Sensitivity: 94.64%
11 CH_A/T | 0.87+0.17 1.25+0.39 *p<0.001 ilie:c‘gf:{) 8879-07%
12 CH_BH 0.36+0.22 0.39+0.18 p=0.362 | AUC: 0.92
13 Age 74.24+7.20 64.15+£7.95 *p<0.001
14 T2/BL2 3.61+1.12 2.84+0.52 p=0.004
15 BL2 0.15+0.03 0.15+0.02 p=0.870
16 CH_BL 0.34+0.20 0.39+£0.19 p=0.301
17 CH_A 0.37+0.22 0.53+0.19 p=0.005
18 CH_A/BL | 1.10%+0.21 1.49+0.43 *p<0.001
19 T1/BL1 3.66+1.09 2.87+0.54 p=0.004
20 A2/BL2 2.12+0.33 2.63+0.55 *p<0.001
21 CH_T 0.43+0.24 0.46+0.20 p=0.329
22 BL1 0.15+£0.03 0.15+0.02 p=0.631
RFECV-Selected Feature in RF
PF1 591+1.28 8.90+0.49 *p<0.001 | Balanced accuracy: 93.28%
PR2 620£1.19 8.90+0.48 “p<0.001 | gonsiiivity: 97.96%
pecificity: 88.60%
A2 0.30%0.03 0.38+0.04 *p<0.001 ibscc?(r)z;wo

Table 4. Classification model and rank of features in RFECV with RE. A/T, alpha to theta ratio; A/BL, alpha to
low-beta ratio; T/BL, theta to low-beta ratio; BH, high-beta; CH, coherence; 1, left; 2, right; PE, peak frequency.

in Korea, was conducted. Patients primarily exhibited impairments in memory domains, such as immediate
and delayed recall tests, as well as deficits in language and visuospatial function, leading to the diagnosis of AD
and their enrollment in the study. Eighteen patients underwent amyloid PET scans, which confirmed their AD
diagnosis. The remaining patients were unable to undergo amyloid PET due to financial constraints. A total
of 29 dementia patients were enrolled, with outpatient follow-up periods ranging from 2 years and 3 months
to 8 years and 5 months. The average duration of dementia was 4 years and 2 months. Rapidly progressive
dementia was not included, as only Alzheimer’s dementia was included, excluding other types of dementia.
All participants underwent the CDR assessment. A higher CDR score increases the probability of a dementia
and mild cognitive impairment*!. Individuals with severe physical or mental health conditions such as stroke,
brain injury, intellectual disability, or psychiatric disorders requiring medication were excluded. Participants
using sleeping pills, antidepressants, antipsychotics, or sedatives—due to their potential to cause significant
EEG slowing, which interferes with analysis—were also excluded. The mean age of patients with dementia was
74.24+7.20 years, with 17 males and 12 females. For NCs, the mean age was 64.15+7.95 years, with 33 males
and 21 females. Among the 29 patients with dementia, the mean formal education duration was 7.71 +4.34 years,
while among the 54 NCs, it was 11.37 +3.17 years. Formal education duration information was missing for some
participants (patients: 15 of 29 and NCs: 16 of 54). All participants completed the MMSE to evaluate cognitive
ability. A score below 24 on the MMSE indicated dementia, further classified into mild dementia (<24) and
moderate-severe dementia (<20). Subgroup analysis of dementia groups was limited due to the smaller sample
size (Table 1).

The study was approved by the International Review Board (IRB) of International St. Mary’s Hospital (IRB
Number: IS210ISE0035), Incheon, South Korea. Written informed consent was obtained from all participants.

EEG recording and preprocessing

Participants were seated in a sound-attenuated room and instructed to remain still and quiet in a chair with their
eyes closed. EEG recording lasted 180 s using the Neuroharmony S, a 2-channel EEG device (PANAXTOS Co.
Ltd, Seoul, South Korea). Gold-coated dry electrodes were placed on the prefrontal area at fp1 and fp2, with a
reference electrode on the left ear lobe and the ground on fpz. The sampling frequency was set to 250 Hz, and
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Fig. 2. Partial correlations among EEG features and MMSE in all participants.

an expert, not affiliated with the study, conducted the EEG recording. A high-pass filter at 3 Hz was applied to
the data.

Quantitative EEG analysis

The EEG data were recorded at 250 Hz and segmented into 250-millisecond epochs, with a total of 40 s used for
analysis. Data were processed using fast Fourier transformation (FFT)*2. FFT was applied to 40 segments, each
lasting 1 s, and their averaged values were computed. Absolute band frequencies were extracted across theta
(T, 4.0-7.9 Hz), alpha (A, 8.0-12.9 Hz), low-beta (BL, 13.0-20.9 Hz), and high-beta (BH, 21.0-30.9 Hz). Peak
frequencies (PF) were calculated as the frequency where the highest power is observed within the frequency
range of 4.0 to 12.9 Hz (Supplementary Figure). Coherence (CH) between the two EEG channels (left-sided: 1
and right-sided: 2) was computed as the squared magnitude of their cross-spectral density (CSD) divided by the
product of their individual auto-spectral densities (ASD). This calculation provides a measure of the strength of
frequency-specific connectivity between the two channels.

R NGIE
Coherence (f) = ASDy (f) -IQASDz (f)

Where: CSD ,(f) is the cross-spectral density between channel 1 and channel 2 at frequency f. ASD,(f) is the
auto-spectral density of channel 1 at frequency f. ASD,(f) is the auto-spectral density of channel 2 at frequency f.
|CSD,(f)|? is the squared magnitude of the cross-spectral density between two channels. This coherence measure
indicates the extent of linear correlation between the two channels at a specific frequency. The coherence values
range from 0 to 1, where a value near 1 signifies a strong correlation, and a value near 0 signifies a weak or no
correlation. The ratio between various frequencies was computed as follows: A to T (A/T), A to BL (A/BL), T to
BL (T/BL), CH_A to CH_T (CH_A/T), CH_A to BL (CH_A/BL), and CH_T to BL (CH_T/BL).

Statistical analysis

Pearson’s chi-square test was conducted to assess the association between group (patients with dementia vs.
NCs) and sex. Age, education, MMSE, and CDR scores were compared between patients with dementia and
NCs, as well as between patients with mild dementia and those with moderate-severe dementia. Multivariate
analysis of covariance (MANCOVA) was used to compare EEG measures between patients with dementia and
NCs, with age included as a covariate. Partial correlation analysis was performed to examine the relationship
among EEG measures, and MMSE, and CDR scores, controlling for age. Subgroup analysis comparing patients
with mild dementia and those with moderate-severe dementia was only conducted in demographic analyses.
The significance level was set at 0.05 with a two-tailed. To account for multiple comparisons, the Bonferroni
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correction was applied, adjusting the significance threshold to <0.002. Effect sizes were calculated and reported
using eta-squared (n?).

Feature selection and classification

Feature selection

RFECV™, an iterative method that selects the optimal subset of features based on model performance metrics.
An Xgboost classifier served as the base estimator for RFECV. The technique included nested cross-validation to
robustly identify the most discriminative features for classification. RF was used to validate the Xgboost model
for comparison.

Classifier model

An Xgboost classifier, which is decision tree-based and ensembled, was chosen for its capability to effectively
handle complex relationships, making it well-suited for classifying between two distinct groups. Model
configuration included parameters optimized for the dataset. Class weights (AD: 1.86 and NC: 0.537) were
adjusted to address class imbalance in the dataset, ensuring balanced model training. The model was designed to
give 1.86 times more importance to AD samples during training, while NC is assigned a lower weight of 0.537.
In feature selection and classifier model configuration, the evaluation metric used was a log-loss for binary
classification. The histogram-based method, derived features from time-frequency, was used for constructing
trees, with the number of boosting rounds set to 50. The RF classifier was also utilized as a baseline model for
comparison. The RF model was trained using 50 estimators, with log-loss used as the evaluation metric for
classification.

Evaluation metrics

Model performance was assessed using several metrics including balanced accuracy, which considers both
sensitivity and specificity, making it suitable for imbalanced datasets. Sensitivity (true positive rate) and
specificity (true negative rate) were computed to evaluate the model’s ability to accurately predict positive and
negative instances. The F1 Score, which is the weighted average of precision and recall, provided a balanced
measure of the classifier’s performance. Additionally, the area under the receiver operating characteristic curve
(AUC-ROC) indicated the classifier’s discriminative ability between classes, with higher values indicating better
performance.

Cross-Validation

To ensure robustness of the results, repeated K-fold cross-validation was employed. The dataset was divided into
10-folds and repeated 10-times to reliably estimate model performance using EEG data between two classes.
Each iteration involved training the model on a subset of data and evaluating its performance on held-out data.

Data availability
The datasets used and/or analyzed during the current study available from the corresponding author on reason-
able request.
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