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Abstract— Electroencephalogram (EEG) measurement could 

help to distinguish the level of consciousness in an individual 

without requiring a behavioral response, which could be useful as 

a diagnostic aid in patients with disorders of consciousness. In 

this study, we explored the EEG-evoked perturbation and 

analyzed consciousness using event-related spectral perturbation 

and convolutional neural network. We observed a novel EEG 

neurophysiological signature that can be used to monitor brain 

activity during unconsciousness. Also, the performance accuracy 

in the parietal region was higher than in the frontal region. The 

sensitivity for conscious experience was 90.9%, whereas 

sensitivity for unconscious experience was at the chance level in 

the parietal region. These results could be evidence for the 

importance of the posterior hot zone and could help shed light on 

the internal neural dynamics related to conscious experience.  

Keywords-sedation; sleep; consciousness; classification; 

transcranial magnetic stimulation 

I.  INTRODUCTION  

Sleep classification has been traditionally performed by 
experts using electroencephalography (EEG) signals. The 
automatic classification of sleep stage has been studied based 
on machine learning [1]. In addition to automatically 
classifying the stage of sleep, it is also of interest to be able to 
classify whether an individual is having conscious experiences 
during sleep (i.e., in the form of dreams). Classification of 
consciousness using passive measures of brain activity has 
applications, and could be useful as diagnostic aids for patients 
who are non-communicative due to traumatic injury or 
neurodegenerative disease. Traditionally, dreaming was 
considered to occur during rapid eye-movement (REM) sleep, 
but research has shown that dreaming also occurs during non-
rapid eye-movement (NREM) sleep [2]. Both REM and NREM 
sleep therefore present an opportunity to study the changes in 
neural dynamics associated with consciousness.  

Conscious experience within the same sleep stage was 
recently investigated using a serial awakening paradigm [3]. 
Conscious experience was related to local decreases of brain 
activity in low-frequency oscillations over a so-called 
“posterior hot zone” (which included regions of occipital and 

parietal cortex), rather than anterior brain regions. High-
frequency activity in these regions also correlated with specific 
dream contents. These data suggest that activity in the posterior 
hot zone may underlie the crucial difference between 
consciousness and unconsciousness [4]. Based on these data, 
the authors also predicted the presence of consciousness and 
unconsciousness during NREM sleep. The prediction accuracy 
was 86.2% for dream experiences during NREM sleep [2]. 
However, this predictive method only targeted the most 
extreme EEG states over the course of the night, specifically 
only when a bi-spectral threshold was reached indicating that 
high-frequency activity was in the highest 15% and 
simultaneously low-frequency activity was in the lowest 15% 
for a given participant throughout the night.   

Combining transcranial magnetic stimulation (TMS) and 
high density EEG (TMS-hdEEG) has made it possible to 
measure cortical changes in thalamo-cortical circuits over the 
past 10 years [5]. This method holds promise for distinguishing 
the levels of consciousness in patients with disorders of 
consciousness that was not possible with simple EEG analysis 
[6]. TMS-evoked EEG responses have been shown to differ 
depending on whether an individual reports having a conscious 
experience during NREM sleep. Specifically, TMS causes a 
larger negative deflection in the no conscious experience [7]. 
However, no studies have attempted to predict conscious 
experience during sleep using TMS perturbation. 

Recent studies have used deep learning in the fields of 
brain-computer interfaces. The convolutional neural network 
(CNN), a kind of deep learning, is suitable for classifying EEG 
signals because EEG has characteristics which are many 
variations over time and individuals [8]. However, CNN has 
not been used for classification of conscious experience.  

In this study, we used the CNN architecture for classifying 
conscious experience within NREM sleep for the first time. 
Specifically, we analyzed perturbational changes after TMS in 
both anterior and posterior scalp regions and used CNN to 
attempt to classify the presence and absence of conscious 
experience.  
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TABLE I.  INFORMATION OF THE EXPERIMENTAL DATA 

Condition CE NCE Total 

Num. of 

awakenings 
108 78 186 

II. METHODS 

A. Data Description and Preprocessing 

The experimental data used in this study have been 
described elsewhere [7]. In brief, six right-handed healthy 
subjects participated in this study (5 males, age 23.7 ± 3.2 
years). When participants had been in stable NREM sleep for 
longer than 3 minutes, TMS was applied over a posterior scalp 
region (above precuneus). Following the TMS pulse sequence, 
participants were awakened by auditory stimuli and completed 
a structured questionnaire regarding whether they had been 
having a conscious experience (i.e., experiencing a dream) 
before awakening. Responses were divided two conditions: 
conscious experience (CE) (regardless of recall of contents), 
and no conscious experience (NCE). Participants were 
recorded for four or five overnight sessions in the sleep 
laboratory. The total number of awakenings was 108 and 78 for 
CE and NCE respectively (Table Ⅰ). 

Data analysis was performed using MATLAB 2017a and 
EEGLAB toolbox [9]. EEG data were scored according to the 
AASM manual to classify sleep stage [10]. TMS-related 
artifacts were removed by linearly interpolating the first 15ms 
of the data post-TMS. EEG data were bandpass filtered 
between 1.5 and 50 Hz and down-sampled to 362.5 Hz. Other 
artifacts, including movement related artifacts, were rejected 

manually.  Finally, data were baseline-corrected using a -400 to 
0 msec window and average-referenced.  

B. Feature Extraction 

The event-related spectral perturbation (ERSP) was 
calculated from the preprocessed EEG data. The number of 
cycles in each wavelet was 3 and wavelet cycles increased with 
frequency beginning at wave cycles with 0.5. We also applied 
bootstrap for significance test. The significance level set to 
0.01 and the number of bootstrap replications to accumulate 
was 1000. In particular, we focused on Fz and Pz electrodes for 
exploring the roles in the anterior and posterior regions. 

C. Convolutional Neural Network Architecture 

The input image was 120 × 120 from the EEG signals in the 
time-frequency analysis for the network. In the time domain, 
EEG signals were from -400 to 400 msec based on TMS. In the 
frequency domain, the range was from 1.5 to 50 Hz. 

A CNN with the following architecture was trained on the 
dataset (Table Ⅱ and Fig. 1). In the convolutional layer, the 
filter size was 5-by-5 and the number of filter 30 applied zero-
padding. The feature map was the same by adding padding. 
The activation function was the rectified linear unit (ReLU) 
commonly used. Finally, the fully connected layer which 
connects to all the neurons was followed. The output size was 2 
corresponding to 2 classes for conscious experience. The 
softmax activation normalized the outcome of the fully 
connected layer. This layer was used as the probability of 
conscious experience. The CNN was first trained using 
stochastic gradient descent with momentum with a momentum 
of 0.9 learning rate of 0.00001. The maximum number of 
epochs set to 50.  

TABLE II.  CNN ARCHITECTURE 

Layer Layer Type # Units Unit Type Size Zero-Padding Stride Output Size 

Input       (120, 120, 3) 

C1 Convolutional 20 ReLUa (5, 5) (1, 1) (2, 2) (20, 120, 120, 3) 

C2 Convolutional 20 ReLUa (5, 5) (1, 1) (2, 2) (20, 120, 120, 3) 

P1 Max-pooling   (2, 2)  (2, 2) (20, 60, 60, 3) 

F1 Fully-connected 2 ReLUa    2 

Output Softmax 2 Logistic    2 

a. Rectified linear units 

 

Figure 1.  Proposed CNN architecture. 



 

Figure 2.  Confusion marices for classification performance. 

D. Evaluation 

We randomly split training and evaluation sets at a 9:1 ratio. 
In order to compare the prediction performance, the accuracy 
of each channel and sensitivity according to conscious 
experience were obtained.  

III. RESULTS 

We investigated the TMS-evoked spectral dynamics and 
classified the presence and absence of conscious experience 
based on these dynamics within NREM sleep.  

A. Perturbational Dynamics based on TMS 

In both Fz and Pz electrodes, the event-related dynamics for 
TMS at high-frequency were strongly increased (p < 0.001). 
The brain activity at Pz electrode showed stronger negative 
deflection compared to Fz electrode (p < 0.001). 

B. Classification Performance 

The classification accuracy was 57.8% at Fz electrode and 
73.6% at Pz electrode, respectively. The sensitivity was 63.6% 
for CE and 50% for NCE over the Fz electrode, whereas the 
sensitivity was 90.9% for CE and 50% for NCE over the Pz 
electrode (Fig. 2).  

IV. DISCUSSION AND CONCLUSION 

In summary, this is the first attempt to classify conscious 
experience within NREM sleep using CNN. Classification of 
the EEG signal at a posterior electrode site yielded high 
classification accuracy for predicting conscious experience. 
The higher accuracy in the parietal region compared to the 
frontal region suggests that dynamic changes in posterior 
cortex may be related to consciousness [2, 7]. The sensitivity 
for conscious experience showed that EEG signals in the 
conscious states have more predictable characteristics 
compared to unconscious states [11]. These findings could be 
helpful for developing new diagnostic tools for assessing the 
level of consciousness in individuals suffering from disorders 

of consciousness as a result of stroke, brain injury or 
neurodegenerative disease.  
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