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learning-based analysis for Classifying MCI and sleep quality as
a function of brain complexity
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Table 1. Participants

Group MCI good sleep MCI poor sleep
Sample (women) 11(5) 11(5)

Age 75.91 +4.59 79.00+ 8.38
PSQI <5 >5

Note. Table 1 displays information related to the participants included in this study: group
(MCI with self-reported good sleep quality and MCI with self-reported poor sleep quality).
sample size, age and cut off in the Pittsburgh Scale Quality Index.

Figure 1. Overview of the method
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Note. This diagram outlines the steps followed in the present study. EEG data were first normalized, followed by
multiband analysis using the Discrete Wavelet Transform. Ten non-linear complexity features were then extracted from
each subband. The data were segmented into 5-second windows, and statistical metrics i.e., average, standard deviation,
95th percentile, variance, median, and kurtosis, were computed and compressed. These processed features were used as
input for various machine learning classifiers. The classifier that achieved the highest classification performance between
group pairs in at least one EEG channel was selected for analysis.
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Figure 2. Topographic map classification results at scalp level
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These topographical plots show the classification performance of the best-performing classifiers (based on the Area
Under the Curve, AUC. Darkest red reflects higher prediction) in at least one EEG channel. The plot on the left presents
results from the delta subband, comparing the MCI group with good sleep quality (MCI_GS) to those with poor sleep
quality (MCI_BS). The plot on the right displays results from the theta subband for the same comparison. QDA =
Quadratic Discriminant Analysis; ETC = Extra Trees Classifier; Max AUC = Maximum Area Under the Curve.
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